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Abstract

:

Along with the development of new-generation information technology, digital twins (DTs) have become the most promising enabling technology for smart manufacturing. This article presents a statistical analysis of the literature related to the applications of DTs for discrete manufacturing lines, researches their development status in the areas of the design and improvement of manufacturing lines, the scheduling and control of manufacturing line, and predicting faults in critical equipment. The deployment frameworks of DTs in different applications are summarized. In addition, this article discusses the three key technologies of high-fidelity modeling, real-time information interaction methods, and iterative optimization algorithms. The current issues, such as fine-grained sculpting of twin models, the adaptivity of the models, delay issues, and the development of efficient modeling tools are raised. This study provides a reference for the design, modification, and optimization of discrete manufacturing lines.
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1. Introduction


With the intensification of market competition and the increasing personalized needs of customers, the global manufacturing environment is characterized by collaboration, personalization, and greening, which result in higher requirements for improving the efficiency of production and product quality and reducing production costs and resource consumption [1]. The manufacturing line is a core component of discrete manufacturing, and it has a direct impact on the products’ quality, costs, the delivery cycle, and so on. It is key to improving the core competitiveness of enterprises [2]. To meet the above requirements, the manufacturing line should have the following characteristics: (1) support for multi-variety and small-batch customized production modes [3,4]; (2) multi-directional coordination of resource deployment for reducing the lag in production factors leading to mutual waiting between resources; (3) visualization of processing data to achieve fine management and precise control; and (4) multi-objective self-iterative optimization with high efficiency, high quality, and low consumption. The traditional discrete manufacturing paradigm cannot satisfy these requirements. The emergence of DTs presents a possible solution to meet the abovementioned needs.



The first terminology of DT was given by Grieves in a 2003 presentation. The National Aeronautical Space Administration (NASA) released an article in 2012 entitled “The Digital Twin Paradigm for Future NASA and U.S. Air Force Vehicles”, setting a key milestone for the development of DTs [5]. Subsequently, DTs were studied and used by Siemens, the U.S. Department of Defense, and so on. Due to the emergence of new technologies such as the Internet of Things, big data, and artificial intelligence, DTs began rapid development in 2017.



A digital twin constructs the interactive mapping relationship between physical and virtual spaces through model simulation, real-time acquisition, historical operation, and other related data. Thus, the real-time monitoring and dynamic adjustment of the manufacturing process can be realized. Ren [6] proposed a framework for the reconstruction of production lines and intelligent monitoring of the manual assembly of customized products based on DT to solved the problems of easy misassembly and low efficiency. Xia [7] proposed a DT-based real-time energy optimization method for reducing energy consumption in production lines based on DT technologies. To solve the problematic control of production speed and optimization of the processing sequence in the welding process, Liu [8] developed a capacity evaluation and scheduling optimization system for ship components. The validation results indicated that the optimized process scheme increased production efficiency by 7.27%. Qiu [2] developed an intelligent maintenance system for a solenoid assembly line based on DT, integrating real-time process monitoring, feedback on the process of production, and feedback on the quality of production.



Despite the increasing popularity of DT research, few efforts have been devoted to reviewing the DT applications in discrete manufacturing lines. This study aimed to review the current areas of application and progress of DTs in discrete manufacturing lines, discuss the key technologies in their application, and summarize the issues and challenges.



The rest of this article is organized as follows. Section 2 reviews DTs, Section 3 discusses the relevant literature, Section 4 introduces the applications of DTs for discrete manufacturing lines, Section 5 analyzes the key technologies, and Section 6 presents the issues and challenges. Finally, Section 7 concludes the article.




2. Review of Digital Twins


Before exploring the application of DTs for discrete manufacturing lines, it is necessary to clarify the definition of a DT, its characteristics, and the differences between DTs and digital models, digital shadows, and digital threads.



2.1. Definition of Digital Twins


The original form of a DT was described as a digital information construct of a physical system, which is created as an entity on its own and is connected to the physical system [9]. With the continuous development of technology, the definition of DTs has been gradually improved. According to Saddik [10], a DT is a digital replica of a physical entity. According to Madni [11], a DT is a virtual instance of a physical system. Barricelli [12] provided 29 different definitions of DTs based on past works, eight of which were linked to works in the manufacturing application domain. Table 1 shows some definitions of DTs used in recent years. They all mentioned virtualization, interaction, and evolution.




2.2. Characteristics of Digital Twins


This subsection discusses the characteristics of DTs. Saddik [10] summarized the characteristics of DT including unique identifiers, sensors and actuators, artificial intelligence, communication, trust in the representation, privacy, and security. Barricelli [12] stated that both the physical system and the DTs must be equipped with networking devices to guarantee a seamless connection and a continuous exchange of data. According to the literature above, combined with the definition of DTs, DTs have the following characteristics: virtuality, interactivity, and artificial intelligence.



(1) Virtuality. A digital twin is a virtual information model that provides services in the form of software or platforms, which is the basis for interactions with the physical entity and is the key difference from information–physical systems [13].



(2) Interactivity. The physical entity and the DT should be able to seamlessly connect and continuously exchange data through direct physical communications or indirect cloud-based connections [12]. The digital twin not only receives the data on the environment, the physical entities, or domain experts in almost real-time, but also sends back the functional optimizations, predictions, and decisions to them in time.



(3) Artificial intelligence. A digital twin should be embedded with ontologies, machine learning (ML), and deep learning techniques to process the big data acquired and exchanged with the environment, the physical entities, or the domain experts.





 





Table 1. Definitions of digital twins.






Table 1. Definitions of digital twins.





	Ref.
	Publication Time
	Definitions





	[10]
	August 2018
	“Digital Twins are being redefined as digital replications of living as well as nonliving entities that enable data to be seamlessly transmitted between the physical and virtual worlds.”



	[11]
	January 2019
	“A digital twin is a virtual instance of a physical system (twin) that is continually updated with the latter’s performance, maintenance, and health status data throughout the physical system’s life cycle.”



	[12]
	November 2019
	“A DT is a living, intelligent and evolving model, being the virtual counterpart of a physical entity or process.”



	[14]
	September 2021
	“A set of adaptive models that emulate the behaviour of a physical system in a virtual system getting real time data to update itself along its life cycle. The digital twin replicates the physical system to predict failures and opportunities for changing, to prescribe real time actions for optimizing and/or mitigating unexpected events observing and evaluating the operating profile system.”



	[15]
	August 2023
	“Digital Twin (DT), usually described as a virtual representation of a physical product or system connected with bi-directional data.”









2.3. Classification of Digital Twins and Digital Threads


According to the level of integration of the data, DTs can be categorized as digital models, digital shadows, or digital twins [9]. A digital model is not connected to the physical entity, so no data are exchanged between them. It can be used for product designs. Only one-way real-time data communication from the physical to the digital space creates a “digital shadow”, a significant application in the visualization of production. A bi-directional real-time data exchange between physical and digital space builds a DT, which can be used for scheduling production, controlling production, and predicting faults [16].



Digital twins and digital threads are sometimes understood to be synonymous [16]. A digital thread seamlessly and efficiently connects the information generated during the life cycle of a product or system, from creation to removal [17]. It provides data and information for the DT and enhances data sharing and traceability [18].





3. Statistical Analysis of the Relevant Literature


We searched for the relevant journal and conference articles that were published from 2017 to 2023 containing “digital twin” in the title and “production line”, or “manufacturing line”, or “assembly line”, in the title or abstract, and we removed the articles about process manufacturing. In total, 57 articles were included in this research. The statistics regarding the number of various types of manufacturing lines are shown in Figure 1. There were twenty-three articles for assembly lines, six articles for machining lines, five articles for FESTO experimental lines, and five articles for unspecified lines, with toys, packaging, and brake discs being categorized as the other lines.



The areas of application studied in the literature can be classified into three categories according to the manufacturing stage: (1) optimization of the layout and balance of production lines, (2) scheduling production and process control, and (3) prediction, maintenance, and fault diagnosis. The literature on the applications of DTs for discrete manufacturing lines is shown in Table 2.



The construction of the framework of DTs for production lines is a separate category [58,59,60,61,62,63,64,65,66,67,68,69,70,71]. The literature exploring the scheduling and control of the production process is the largest, followed by the construction of a framework of DTs. Moreover, some of the literature involves multiple areas of application [22,31,46].




4. Applications of DTs in a Discrete Manufacturing Line


The simulation model of the production line established by a DT can determine the most effective layout and process flow of the production line before implementation of production, and virtual commission can be carried out to save a huge amount of time. Real-time interactions with the physical production line during the production process through the Industrial Internet of Things (IIoT) can realize the visualization. At the same time, massive data from equipment, environment, materials, and products are generated [72]. Raw data are barely useful. They need to be cleaned before they are stored and used. Cloud services provide easy access to historical data as well as analysis without the need to deploy servers. However, it may lead to delayed delivery of data. Edge computing can reduce the latency. The analysis and mining of data through tools such as ML enables iterative optimization and adjustment of the various elements of production, prediction of the health status of the equipment, and appropriate decision-making to adapt to the constant changes in the real production environment, as shown in Figure 2.



4.1. Design and Improvement of Discrete Manufacturing Lines


For the planning and design stages of a production line, it is necessary to carry out layout planning, process planning, the design of the process, and the design of the control strategy for the production line. The physical production line may not exist at this stage. A production line model can be built quickly by commercialized general-purpose software. Then the optimization algorithm can be used to analyze the simulation data to obtain the optimal layout, processing parameters, etc., as shown in Figure 3. To facilitate the timely detection and resolution of problems, simulation of the production line at an early stage can verify the feasibility of the design as well as the process and manufacturing, and the simulation can also be used to improve the existing production line’s layout and imbalances in production and other issues to improve the efficiency of production and utilization of equipment [19,20,23,24]. For example, Tu [23] built a simulation model of a wheelset pressing line with Flexsim to determine the “bottleneck” problem in the line and put forward optimization methods. Unlike the offline simulation above, Guo [24] used Plant Simulation to adopt a decoupling method based on the event mechanism and multi-objective optimization, which was continuously optimized in the simulation and verified in an air-conditioning production line.



In addition to commercial simulation software, we can also build our own simulation platforms. To solve the difficult problems in the early planning stage of the production line, save time during the equipment commissioning phase, and improve the visual level of the production line, Hou [21] established a DT model of the flexible manufacturing production line for brake discs with SolidWorks, CINEMA 4D, Unity 3D software, and a MySQL database to realize the simulation of the manufacturing process, optimization of the process, monitoring collisions, optimization of the robots’ trajectory, and virtual-real synchronization. Wang [22] designed a DT system for a hardware production line in Demo3D software. A genetic algorithm was used to improve the process’s layout, which increased the utilization of equipment. To adapt the production line to the needs of different products, other research [6,26,27,28] has explored the use of DTs to realize the reconfiguration of the production line.




4.2. Scheduling and Control of Production Lines


4.2.1. Scheduling of Production Lines


The scheduling of production lines can be categorized into static and dynamic scheduling. Earlier researchers studied the optimization of an objective under certain conditions, such as minimizing the total completion time, assuming that the processing time is fixed [73]. In actual production, however, various situations cannot be carried out according to the original production plan; for example, through equipment failure, absent workers, scrap parts, raw material shortages, early delivery, or insertion orders [74]. Therefore, a timely response to dynamic events in scheduling the production job shop becomes an important problem that needs to be solved urgently [75]. Digital twins, which have the characteristics of virtual reality mapping and interactive fusion, provide a new way of solving scheduling problems in smart manufacturing, and they can generate new scheduling plans by building production scheduling models and scheduling algorithms, as shown in Figure 4. To resolve the dynamic disturbances in the assembly process, Shen [30] established a DT-based bearing assembly planning model and proposed a task rescheduling strategy for a robotic assembly line. Villalonga [29] presented a framework for decentralized and integrated decision-making for re-scheduling of a cyber-physical production system, and the validation and proof-of-concept of the proposed method was conducted in an Industry 4.0 pilot line of an assembly process. The experimental results demonstrated that the proposed framework was capable of detecting changes in the manufacturing process and making appropriate decisions for re-scheduling the process. Table 3 shows the scheduling case studies.




4.2.2. Visualization and Quality Control of Production Lines


Traditional management of production lines faces the “black box” problem, and there is a lack of intuitive and effective methods for obtaining important information, such as the status of on-site equipment and the progress of the program’s execution. The visualization of the DT model can show the structure, parameters, and process of the constructed model, providing support for the visual management and monitoring of the model [76]. Oriti [43] digitalized all of the technologies offered in the physical line for assembling skateboards in a DT successfully via the SteamVR plugin embedded in Unity 3D, allowing visualization, navigation, and inspection of the line through virtual reality.



Timely adjustments can be made to improve the products’ quality by storing, analyzing, and calculating the large amount of production data collected. First, a high-fidelity model of the key components of the production line needs to be established, such as the establishment of a high-fidelity model of the cutting tools, to ensure the accuracy of the machined parts. Then the data are analyzed, and the features are extracted to establish a process database that affects the products’ quality. The optimal processing parameters can be obtained by iterative optimization algorithms. Finally, the optimal processing parameters are implemented in the physical production line to control the products’ quality, after simulation and verification by the twin model, as shown in Figure 5. Zhang [33] designed a new intelligent production line for automotive MEMS pressure sensors driven by a DT, and the real-time online monitoring and regulation of the products’ quality was realized by establishing a database of the key processes. Liu [38] proposed a cloud-edge-based DT system (CEDTS) with a four-terminal-architecture. With the implementation of the CEDTS, the range of fluctuation of geometric errors of the machined parts was reduced significantly. To solve the optimization problem by considering data on the overall quality of assembly, Ma [41] introduced a data-driven quality control model.





4.3. Fault Prediction and Maintenance of Critical Equipment


Predictive maintenance (PdM) is the most widely used maintenance strategy [77]. A digital twin for PdM enables accurate recognition of the equipment’s status and proactive fault prediction. This shift from reactive to proactive services optimizes maintenance schedules, minimizes downtime, and improves an enterprise’s profitability and competitiveness [78]. Dinter categorized the DT abstraction layer for predictive maintenance into three levels: components, systems, and systems of systems. Here, a component could be a bearing or a pump, and a system can be a gearbox or engine, while a system of systems may represent a shop floor or a fleet of airplanes [79], as shown in Figure 6 below.



Tao et al. [80] were the first to introduce prognostics and health management using DTs by constructing a fault prediction model with the extreme learning machine (ELM) and applying it to a wind turbine gearbox. Booyse [81] found that a DT model created using a generative adversarial network was significantly more sensitive to deviations from healthy behavior compared with one created using the variational auto-encoder for a synthetic gearbox dataset. Realistic experiments on bearings were conducted. Using the LASOO, SVR, and XGBoost algorithms, models for predicting the axle’s temperature and speed were designed to develop an optimal maintenance strategy [82]. Liu [83] proposed a “super-network-warning features” method of fault prediction and maintenance based on DT technology. This method was compared with the traditional method on an aero-engine bearing. It supplemented the missing link between fault prediction and maintenance. Toothman [84] presented a DT-based framework for reusing modeling resources. The framework’s standardized DT classes and aggregation relationships allowed component-level models to be re-used and aggregated to predict faults in the pump’s bearing system.



System-level DT aims to perform predictive maintenance on a full machine [79]. Moghadam [85] presented a DT-based approach to condition monitoring for drivetrains on floating offshore wind turbines that uses estimated parameters for automated fault diagnosis and prognosis. There is the question of whether system-level predictive maintenance is a combination of component-level overlays. Luo [86] supposed that, due to the complexity, change over time, and nature of coupling in CNCs, predictive maintenance should be conducted at the system level of interactions rather than at the component or part level. Therefore, unlike the component level, where a data-driven DT is mostly used, predictive maintenance at the system level requires more of a hybrid model-driven and data-driven DT.



Xu [52] presented a two-phase digital-twin-assisted fault diagnosis method using deep transfer learning (DFDD), which realized fault diagnosis in both the development and maintenance phases. This method was used in a car body-side production line, and this was a case of predictive maintenance of the system of systems.



The application of a hybrid model-driven and data-driven DT for fault prediction is shown in Figure 7. After the fault prediction model is trained with historical data, the real-time data of physical equipment are inputted to predict the state of the equipment. If the predicted data are abnormal, the corresponding maintenance plan will be inputted into the virtual model for simulation, verification, and evaluation. Finally, a maintenance plan is generated to realize PdM.





5. Key Enabling Technologies


A DT should not only reflect the state of the physical production line in the virtual space but also provide an effective method of the production line’s optimization, scheduling, maintenance, fault prediction, and so on. The realization of these functions involves the following key technologies.



5.1. A High-Fidelity DT Model of the Production Line


The model is an important component of the DT and is an important premise for the realization of the DT’s functionality [87]. The key technical difficulty in the application of DT technology in the manufacturing field is establishing a multi-dimensional fusion model that realistically simulates and reflects physical entities [76]. For example, the Beijing-based power company BKC Technology struggled to work out that an oil leak was causing a steam turbine to overheat. It turned out that lubricant levels were missing from its DT [88]. Through high-fidelity digital models, management of the whole life cycle from design and simulation to manufacturing and maintenance was realized. Tao [89] proposed the construction of a model including four dimensions: geometry, physics, behavior, and rules; and the techniques and tools used for modeling were summarized as shown in Figure 8 below.



The construction of a geometric model delineates the shape, size, internal structure, spatial position and attitude, and assembly interfaces of physical entities. A geometric model is not only for shaping, but its structural integrity and the accuracy of its data also underpin the motion analysis, optimized design, virtual interaction, and the like. Therefore, the geometric model’s fidelity is crucial for construction of the geometric model [89].



By integrating cyber models into the DT model, Xie [90] accurately mapped the status of tool wear through digitalization of cutting tools. However, the greater the detail, the slower the simulation. Therefore, an area of concern is the use of appropriate simplification methods for the model to achieve high-fidelity representation of physical entities with smaller transfer files.



Construction of a physical model provides the basis for services such as quality control and the analysis and prediction of the physical properties [89]. Xiong [91] proposed a scheme for predicting degradation for trains’ electropneumatic valves under thermal stress based on a high-fidelity DT model with a parameter-updating ability.



A behavioral model is constructed to represent the sequential, concurrent, linked, periodic, and random behaviors of physical entities. Construction of the rule model unveils implicit knowledge and portrays the evolutionary trends and patterns of physical entities [89].



The modeling of critical equipment is the beginning of high-fidelity modeling of production lines. Xie [92] addressed the problem of low accuracy in the feed twin system, which directly determined the dimensional accuracy of machining commutators by modeling the following error through ML algorithms and neural networks; predicting the actual response outputs of the feed system at different positions, speeds, and accelerations; and making corrections to the twin model to improve the fidelity of the DT model of the feed system.




5.2. Interaction with Real-Time Information


Models resemble the skeleton of the DT system, while data are its lifeblood [93]. The interaction with real-time information [94] provides conditions for visualization of the production process, dynamic updating of DT models, real-time control of physical entities, and online optimization of decision-making regarding solutions [95]. Li [96] reconstructed the 3D graphic model of a robotic assembly with a 3D depth sensor. During the interaction, the virtual contact force derived from the geometric and contact dynamics models was generated in real time, and the object’s deformation was rendered. To accurately determine the clamping force and positioning, another study mapped the real-time acquisition of data from pressure sensors and the workpieces’ geometry into a model [35]. Other research fused real-time data from vision and force sensors to algorithms to realize the assembly of robotic peg-in-hole systems and built an online monitoring DT system to predict the risk of a collision [42]. Both of these studies [35,42] realized real-time control of physical entities through real-time interaction.



Ye [97] successfully transferred the data of a doffing robot and winder to the Unity3D platform through the S7.NET component, and then used the co-processing mechanism to directly transfer the data to the specified attributes of the doffing robot and winder to update the state, which greatly improved the real-time element. Xie [51] adopted the principle of function–preference pairing of virtual–real variables to improve the response speed of the DT model and to reduce the state delay between the physical entity and the DT model. That is, variable signals at key nodes were selected as the carriers of information on virtual–real interactions, while signals at the other nonkey nodes were not used as listening objects. Processing of the collected data is also an important factor that affects interactions with real-time information. In one study [67], the multi-source heterogeneous information processing system unified the discrete segmentation information into abstract JSON data through an artificial intelligence neural network model, and the result of the similarity judgment was obtained via the sample training. Information research and judgment related to production lines were carried out through the training model, which greatly reduced the network’s delay and the data blocking caused by data processing.



The use of edge computing can improve the real-time response compared with cloud computing [29]. Extreme wireless connectivity can be provided by 6G networks to meet the requirements of ultra-high throughput and ultra-low latency for short-range communication [98] and fuel the future development of DT applications in smart manufacturing.




5.3. Iterative Optimization Algorithms


Iterative optimization algorithms can achieve the optimization of production lines, fault prediction and maintenance of equipment, and other functions with the help of massive field production data obtained by the DT. Iterative optimization algorithms are the core of DTs. Each algorithm has its advantages and disadvantages, and the choice of which algorithm is related to the application of the scene, the realization of the goal, and other factors.



Heuristic algorithms have the advantage of global optimization, of which the genetic algorithm is the most widely used for the optimization of systems [19,22,24] as well as scheduling decisions [29,31]. Guo [24] proposed a multi-objective optimization including optimization of the layout, processing capability, logistics, and test equipment. Another study [7,8] used an improved genetic algorithm with the goal of minimizing the consumption of time and energy. Other research [39] used a real-coded genetic algorithm to improve the geometrical quality of each assembly. Other heuristic algorithms have been used. Shen [30] proposed the Adaptive Discrete Bee Algorithm to optimize the assignment of assembly tasks and provide feedback to the physical robotic assembly line. The ant colony algorithm was proposed [25] to optimize the allocation of cargo space in an automated three-dimensional warehouse, and an improved seagull optimization algorithm [38] and the gray wolf optimizer algorithm were used [56].



Another study [80] used ELM, which is a single-hidden layer feed-forward neural network with a fast learning speed and good generalization performance, to predict the cause of faults in a gearbox [79]. With the poor dynamics of the ELM algorithm, other work [57] proposed an online ELM algorithm to construct the prediction model for the performance of a robotic production line. The above are cases of the application of ML algorithms. As a subset of ML algorithms, deep learning algorithms have superior performance to other ML algorithms [4]. Deep neural networks (DNNs) can discover intricate structures and extract high-level features from massive data [99]. Many studies have taken advantage of DNNs for monitoring mechanical health. Deep neural networks often perform well when the training data and test data follow the same distribution. However, it is difficult to obtain sufficient fault data for training the diagnostic model, as the equipment is often in a healthy state. Thus, the DFDD was proposed [52].



Reinforcement learning (RL) is an important branch of ML which tries to explore the optimal policy for decision-making problems through continuous interactions with the environment [100]. The Deep Q network (DQN), a combination of RL and DL, has achieved excellent success under various convoluted circumstances and tests. A study [100] used the DQN to implement the assignment of tasks. However, the DQN can only deal with discrete, low-dimensional motion spaces, whereas tasks such as assembly with 6R robots have high-dimensional continuous motion spaces. Thus, another study [42] used the deep deterministic policy gradient to train a robot in a production line with fault-tolerant and corrective capabilities for unknown situations. In one study [59], the profit-sharing-based DQN algorithm was applied to the problem of optimizing range-inspection control in the DT of an automated conveyor system with significant optimization effects on the robustness, convergence rate, and stability compared with the test of performance with DQN. The maintenance problem of the last machine in an assembly line using the average reward DQN has also been studied [53].





6. Issues and Challenges


Benefitting from the development of artificial intelligence, big data, the Internet of Things, cloud computing, and other information technologies, DT research has seen explosive growth since 2017 [101], but it is still in its infancy, and its application to discrete manufacturing lines still faces many issues.



6.1. Fine-Grained Sculpting of Twin Models


Due to the complexity of a production line’s structure, it is difficult to achieve complete physical modeling and multi-scale detailed representation in the real-time physical modeling solution [102]. Most of the commercial tools provided by different vendors only allow one to perform simulations of the equipment with a very high level of abstraction or with the use of statistical approximations [103], which are not yet able to portray resources at different levels of granularity. This problem is particularly acute when the DT needs to integrate multiple tasks, such as dynamic reconfiguration and fault prediction, at the same time.



Centomo [103] proposed a DT design methodology enabling multi-level simulation of the equipment in a manufacturing plant that allowed it to switch from one model to another to obtain simulation strategies with different granularities of synchronization. This method provides ideas for multi-granularity modeling of production lines. Wang [104] proposed a knowledge graph (KG)-based method of multi-domain model integration for digital twin workshops. In this architecture, the model’s ontology can contain self-defined multi-domain models and construct knowledge models that meet the granularity of the operation’s requirements. The granularity scale of the twin model largely determines the performance of the system, and the problem of how to realize the fine-grained scaling of critical equipment still needs to be solved.




6.2. Adaptivity of Twin Models


A production line is a physical entity that changes, and for the DT to always run at a high-performance level, the virtual entity should be able to automatically update and make new decisions based on the physical entity or changes in the system without human intervention; that is, the DT should have adaptive capabilities. Specifically, this includes autonomous perception, replicability, and composability. The DT must be capable of discovering the available physical objects present within the execution environment and consequently handle the communication and interactions according to the supported protocols and data formats [105]. One study [106] presented ML methods to enhance the cognitive capabilities of the Industrial Internet of Things (IIoT) so that the edge-intelligent IIoT was expected to act in a similar manner to tentacles to perceive changes at the network’s edge. At the same time, the corresponding virtual entities were also mapped in the DT; that is, the DT was replicable. The DT should be able to decouple and recombine in case of failure of a physical entity or a DT.



The self-adaptivity of a DT puts many requirements on the framework of the twin model and AI algorithms, and although there have been some attempts at adaptivity [107], there is still a big gap between them and practical applications. These are the expectations for the future of DTs.




6.3. Time Delay Issue


A digital twin needs to perceive changes in physical entities in real time to make appropriate decisions and realize the control of physical entities through actuators. Delays can cause data losses or instability in the system, and even lead to the DT’s failure. The delay may come from the sensors’ inputs, and network control systems (NCS), etc. The delays in NCS include processing delays, queuing delays, transmission delays, and propagation delays. Baillieul and Antsaklis referred to delays as unavoidable and one of the challenges of modern networked control systems composed of heterogeneous systems and applications [108]. Random delays exist in both sensors and NCS, and are more difficult to deal with than constant delays. A production line is a complex system and needs to transmit and control a large number of signals in real time. The problem of delays has become more prominent.




6.4. Efficient Modeling Development Tools


General simulation software that supports the modeling of production systems, such as FlexSim, Plant Simulation, Witness, Visual Components, and so on, provide a variety of built-in components, rich interfaces, and optimization algorithms that enable engineers to build models of production systems through the scripting language provided by the software to solve the problems of the production line’s layout, balancing the line, scheduling, and optimization of scheduling. However, they are unable to help in management of the equipment’s health and fault prediction because they lack a comprehensive portrayal of physical entities, such as the wear of tools in the turning process, the growth of cracks in gears under stress, and so on.



According to Tao [89], constructing geometric, physical, behavioral, and rule-based models and then assembling and fusing them and combining them with algorithms can make the models more functional, but with poor generalizability. The dilemma faced by DTs is that each model needs to be started from scratch, which greatly increases the modeling cost. There is an urgent need to develop a modeling technology system and an integrated software toolkit or platform. As a result, researchers can perform DT modeling at minimal cost and enable maximum access to the corresponding service provided by high-fidelity DT models [89].





7. Conclusions


This article provides a systematic review of over 50 previous publications related to the application of DTs to discrete manufacturing lines. The main contributions of this study are summarized as follows.



(1) It summarizes the current research progress on the implementation of DTs, including the design, optimization, and prediction of production lines.



(2) It outlines the key enabling technologies for high-fidelity DT models of production lines, real-time interaction with information, and iterative optimization algorithms. The related methods are described to provide a reference for researchers.



(3) It discusses the current issues, including the fine-grained sculpting of twin models, adaptivity, time delays, and efficient modeling tools. These are all issues to be addressed in the future.



This study will contribute to the further development of DT applications in discrete manufacturing lines.







Author Contributions


Conceptualization, J.W. and X.F.; methodology, X.F. and J.W.; writing—original draft preparation, X.F.; writing—review and editing, J.W. and X.F.; supervision, J.W. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Natural Science Foundation of Guangdong Province, China, grant number 2024A1515012009.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data presented in this study are openly available in the article.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Huang, S.; Guo, Y.; Zha, S.; Fang, W.; Wang, F. Review on Internet-of-manufacturing-things and key technologies for discrete workshop. Comput. Integr. Manuf. Syst. 2019, 25, 284–302. [Google Scholar]

	



Qiu, X.; Zhu, R.; Xing, Y.; Hu, J. Digital twin modeling technology for solenoid assembly production line. Comput. Integr. Manuf. Syst. 2022, 28, 1696–1703. [Google Scholar]

	



Wan, J.; Chen, B.; Wang, S. Smart Manufacturing Factory: Artificial-Intelligence-Driven Customized Manufacturing, 1st ed.; CRC Press: Boca Raton, FL, USA, 2023; pp. 3–9. [Google Scholar]

	



Wan, J.; Li, X.; Dai, H.; Kusiak, A.; Martinez-Garcia, M.; Li, D. Artificial-intelligence-driven customized manufacturing factory: Key Technologies, applications, and challenges. Proc. IEEE 2021, 109, 377–398. [Google Scholar] [CrossRef]

	



Fuller, A.; Fan, Z.; Day, C.; Barlow, C. Digital Twin: Enabling Technologies, Challenges and Open Research. IEEE Access 2020, 8, 108952–108971. [Google Scholar] [CrossRef]

	



Ren, X.; Zhao, N. Research on digital twin framework for customized product manual assembly systems. J. Manuf. Syst. 2023, 71, 527–545. [Google Scholar] [CrossRef]

	



Xia, T.; Sun, H.; Ding, Y.; Han, D.; Qin, W.; Joachim, S.; Xi, L. Digital twin-based real-time energy optimization method for production line considering fault disturbances. J. Intell. Manuf. 2023. [Google Scholar] [CrossRef]

	



Liu, J.; Ji, Q.; Zhang, X.; Chen, Y.; Zhang, Y.; Liu, X.; Tang, M. Digital twin model-driven capacity evaluation and scheduling optimization for ship welding production line. J. Intell. Manuf. 2023. [Google Scholar] [CrossRef]

	



Kritzinger, W.; Karner, M.; Traar, G.; Henjes, J.; Sihn, W. Digital Twin in manufacturing: A categorical literature review and classification. IFAC-PapersOnLine 2018, 51, 1016–1022. [Google Scholar] [CrossRef]

	



Saddik, A.E. Digital twins: The convergence of multimedia technologies. IEEE Multimed 2018, 25, 87–92. [Google Scholar] [CrossRef]

	



Madni, A.; Madni, C.; Lucero, S. Leveraging digital twin technology in model-based systems engineering. Systems 2019, 7, 7. [Google Scholar] [CrossRef]

	



Barricelli, B.; Casiraghi, E.; Fogli, D. A Survey on Digital Twin: Definitions, Characteristics, Applications, and Design Implications. IEEE Access 2019, 7, 167653–167671. [Google Scholar] [CrossRef]

	



Liu, X.; Jiang, D.; Tao, B.; Xiang, F.; Jiang, G.; Sun, Y.; Kong, J.; Li, G. A systematic review of digital twin about physical entities, virtual models, twin data, and applications. Adv. Eng. Inform. 2023, 55, 101876–101893. [Google Scholar] [CrossRef]

	



Concetta, S.; Mario, L.; Hervé, P.; Michele, D. Digital twin paradigm: A systematic literature review. Comput. Ind. 2021, 130, 103469. [Google Scholar]

	



Ana, W.; Daniel, F.; Julia, B. When is a simulation a digital twin? A systematic literature review. Manuf. Lett. 2023, 35, 940–951. [Google Scholar]

	



Aheleroff, S.; Xu, X.; Zhong, R.; Lu, Y. Digital Twin as a Service (DTaaS) in Industry 4.0: An Architecture Reference Model. Adv. Eng. Inform. 2021, 47, 101225–101239. [Google Scholar] [CrossRef]

	



Miskinis, C. What Does a Digital Thread Mean and How It Differs from Digital Twin; Challenge Advisory: London, UK, 2018; Available online: https://www.challenge.org/insights/digital-twin-and-digital-thread/ (accessed on 10 April 2024).

	



Negri, E.; Abdel-Aty, T. Clarifying concepts of Metaverse, Digital Twin, Digital Thread and AAS for CPS-based production systems. IFAC-PapersOnLine 2023, 56, 6351–6357. [Google Scholar] [CrossRef]

	



Ricondo, I.; Porto, A.; Ugarte, M. A digital twin framework for the simulation and optimization of production systems. Procedia CIRP 2021, 104, 762–767. [Google Scholar] [CrossRef]

	



Jeon, S.M.; Schuesslbauer, S. Digital Twin Application for Production Optimization. In Proceedings of the 2020 IEEE International Conference on Industrial Engineering and Engineering Management (IEEM), Singapore, 14–17 December 2020; pp. 542–545. [Google Scholar]

	



Hou, P.; Liao, Y.; Xu, Y.; Hu, F.; Si, X. Virtual optimization and real-time simulation of brake disc flexible manufacturing production line. Mach. Tool Hydraul. 2021, 49, 146–151. [Google Scholar]

	



Wang, B.; Yuan, L.; Yu, X.; Ou, L. Construction and Optimization of Digital Twin Model for Hardware Production Line. In Proceedings of the 46th Annual Conference of the IEEE Industrial Electronics Society, Singapore, 18–21 October 2020; pp. 4756–4761. [Google Scholar]

	



Tu, T.; Xu, Z.; Han, L.; Fu, J.; Ding, G. The Simulation and Optimization of Wheelset Pressing Production Line Based on Flexsim. Modul. Mach. Tool Autom. Manuf. Tech. 2019, 7, 122–124. [Google Scholar]

	



Guo, H.; Chen, M.; Mohamed, K.; Qu, T.; Wang, S.; Li, J. A digital twin-based flexible cellular manufacturing for optimization of air conditioner line. J. Manuf. Syst. 2021, 58, 65–78. [Google Scholar] [CrossRef]

	



Lian, T.; Ran, M.; Zhao, W.; Liu, P. Design of Virtual Commissioning System for Intelligent Manufacturing Production Line Based on Digital Twin. In Proceedings of the 5th World Conference on Mechanical Engineering and Intelligent Manufacturing (WCMEIM), Ma’anshan, China, 18–20 November 2022; pp. 1–6. [Google Scholar]

	



Perzylo, A.; Profanter, S.; Rickert, M.; Knoll, A. OPC UA NodeSet Ontologies as a Pillar of Representing Semantic Digital Twins of Manufacturing Resources. In Proceedings of the 24th IEEE International Conference on Emerging Technologies and Factory Automation (ETFA), Zaragoza, Spain, 10–13 September 2019; pp. 1085–1092. [Google Scholar]

	



Yan, D.; Sha, W.; Wang, D.; Yang, J.; Zhang, S. Digital twin-driven variant design of a 3C electronic product assembly line. Sci. Rep. 2022, 12, 3846. [Google Scholar] [CrossRef] [PubMed]

	



Mo, F.; Rehman, H.; Monetti, F.; Chaplin, J.C.; Sanderson, D.; Popov, A.; Maffei, A.; Ratchev, S. A framework for manufacturing system reconfiguration and optimisation utilising digital twins and modular artificial intelligence. Robot. Comput. Manuf. 2023, 82, 102524. [Google Scholar] [CrossRef]

	



Villalonga, A.; Negri, E.; Biscardo, G.; Castano, F.; Haber, R.E.; Fumagalli, L.; Macchi, M. A decision-making framework for dynamic scheduling of cyber-physical production systems based on digital twins. Ann. Rev. Control 2021, 51, 357–373. [Google Scholar] [CrossRef]

	



Shen, T.; Xu, W.; Yao, B.; Liu, J.; Hu, Y. Digital Twin-Based Task Rescheduling for Robotic Assembly Line. In Proceedings of the IEEE 25th International Conference on Computer Supported Cooperative Work in Design (CSCWD), Hangzhou, China, 4–6 May 2022; pp. 208–213. [Google Scholar]

	



Negri, E.; Ardakani, H.D.; Cattaneo, L.; Singh, J.; Macchi, M.; Lee, J. A Digital Twin-based scheduling framework including Equipment Health Index and Genetic Algorithms. IFAC-PapersOnLine 2019, 52, 43–48. [Google Scholar] [CrossRef]

	



Raza, M.; Kumar, P.M.; Hung, D.V.; Davis, W.; Nguyen, H.; Trestian, R. A Digital Twin Framework for Industry 4.0 Enabling Next-Gen Manufacturing. In Proceedings of the 9th International Conference on Industrial Technology and Management (ICITM), Oxford, UK, 11–13 February 2020; pp. 73–77. [Google Scholar]

	



Zhang, Q.; Shen, S.; Li, H.; Cao, W.; Tang, W.; Jiang, J.; Deng, M.; Zhang, Y.; Gu, B.; Wu, K.; et al. Digital twin-driven intelligent production line for automotive MEMS pressure sensors. Adv. Eng. Inform. 2022, 54, 101779. [Google Scholar] [CrossRef]

	



Vachalek, J.; Bartalsky, L.; Rovny, O.; Sismisova, D.; Morhac, M.; Loksik, M. The digital twin of an industrial production line within the industry 4.0 concept. In Proceedings of the 2017 21st International Conference on Process Control (PC), Strbske Pleso, Slovakia, 6–9 June 2017; pp. 258–262. [Google Scholar]

	



Liu, J.; Du, X.; Zhou, H.; Liu, X.; Li, L.; Feng, F. A digital twin-based approach for dynamic clamping and positioning of the flexible tooling system. Procedia CIRP 2019, 80, 746–749. [Google Scholar] [CrossRef]

	



Burčiar, F.; Važan, P. Integration of a Digital Twin into Production Line Control. In Cybernetics Perspectives in Systems: Proceedings of the 11th Computer Science Online Conference, Online, 26–26 April 2022; Springer: Cham, Switzerland, 2022; Volume 503, pp. 302–311. [Google Scholar]

	



Makarova, I.; Buyvol, P.; Gubacheva, L. Creation of a Digital Twin of a Truck Assembly Process. In Proceedings of the 2020 International Russian Automation Conference (RusAutoCon), Sochi, Russia, 6–12 September 2020; pp. 1063–1068. [Google Scholar]

	



Liu, J.; Ma, C.; Gui, H.; Wang, S. A four-terminal-architecture cloud-edge-based digital twin system for thermal error control of key machining equipment in production lines. Mech. Syst. Signal Process. 2022, 166, 108488. [Google Scholar] [CrossRef]

	



Aderiani, A.R.; Wärmefjord, K.; Söderberg, R. Combining selective assembly and individualized locator adjustments techniques in a smart assembly line. Procedia CIRP 2021, 97, 429–434. [Google Scholar] [CrossRef]

	



Tsenev, V.P. Monitoring and Stabilization of the Fully Automatic Robotic Sensor Assembly Line in the Conditions of Digital Twins. In Proceedings of the 45th International Spring Seminar on Electronics Technology (ISSE), Vienna, Austria, 11–15 May 2022; pp. 1–5. [Google Scholar]

	



Ma, Y.; Zhou, H.; He, H.; Jiao, G.; Wei, S. A Digital Twin-Based Approach for Quality Control and Optimization of Complex Product Assembly. In Proceedings of the 2019 International Conference on Artificial Intelligence and Advanced Manufacturing (AIAM), Dublin, Ireland, 16–18 October 2019; pp. 762–767. [Google Scholar]

	



Li, J.; Pang, D.; Zheng, Y.; Guan, X.; Le, X. A flexible manufacturing assembly system with deep reinforcement learning. Control Eng. Pract. 2022, 118, 104957. [Google Scholar] [CrossRef]

	



Oriti, D.; Brizzi, P.; Giacalone, G.; Manuri, F.; Sanna, A.; Ordoñez, O.T. Machine Learning and Digital Twin for Production Line Simulation: A Real Use Case. In Human Interaction, Emerging Technologies and Future Systems V, Proceedings of the 5th International Conference on Human Interaction and Emerging Technologies, IHIET 2021, Paris, France, 27–29 August 2021; Springer: Cham, Switzerland, 2021; pp. 814–821. [Google Scholar]

	



Li, J.; Zhang, N.; Wang, A.; Wang, S.; Shan, Q. Discrete event-driven twin workshop modeling and simulation technology. In Proceedings of the 2022 IEEE International Conference on Mechatronics and Automation (ICMA), Guilin, China, 7–10 August 2022; pp. 47–52. [Google Scholar]

	



Filipescu, A.; Cernega, D.C.; Mincă, E.; Solea, R.; Ionescu, D.; Simion, G.; Filipescu, A. Digital Twin for a Mechatronics Line with Integrated Mobile Robotic Systems. In Proceedings of the 26th International Conference on System Theory, Control and Computing (ICSTCC), Sinaia, Romania, 19–21 October 2022; pp. 163–169. [Google Scholar]

	



Wei, W.; Liu, L.; Yang, M.; Li, J.; Wu, F. Predictive Maintenance System for Production Line Equipment Based on Digital Twin and Augmented Reality. In Advanced Manufacturing and Automation XI, Proceedings of the International Workshop of Advanced Manufacturing and Automation, IWAMA 2021, Zhengzhou, China, 11–12 October 2021; Springer: Singapore, 2022; pp. 479–486. [Google Scholar]

	



Joglekar, A.; Bhandari, G.; Sundaresan, R. An Open Simulator framework for 3D Visualization of Digital Twins. In Proceedings of the 2022 IEEE International Conference on Internet of Things and Intelligence Systems (IoTaIS), Bali, Indonesia, 24–26 November 2022; pp. 278–284. [Google Scholar]

	



Dall’Ora, N.; Alamin, K.; Fraccaroli, E.; Poncino, M.; Quaglia, D.; Vinco, S. Digital Transformation of a Production Line: Network Design, Online Data Collection and Energy Monitoring. IEEE Trans. Emerg. Top. Comput. 2022, 10, 46–59. [Google Scholar] [CrossRef]

	



Zheng, Y.; Yang, S.; Cheng, H. An application framework of digital twin and its case study. J. Ambient. Intell. Human. Comput. 2019, 10, 1141–1153. [Google Scholar] [CrossRef]

	



Turan, E.; Konuşkan, Y.; Yıldırım, N.; Tunçalp, D.; İnan, M.; Yasin, O.; Turan, B.; Kerimoğlu, V. Digital twin modelling for optimizing the material consumption: A case study on sustainability improvement of thermoforming process. Sustain. Comput. Inform. Syst. 2022, 35, 100655. [Google Scholar] [CrossRef]

	



Xie, J.; Wan, J. Digital Twin Four-Dimension Fusion Modeling Method Design and Application to the Discrete Manufacturing Line. Big Data Cogn. Comput. 2023, 7, 89. [Google Scholar] [CrossRef]

	



Xu, Y.; Sun, Y.; Liu, X.; Zheng, Y. A Digital-Twin-Assisted Fault Diagnosis Using Deep Transfer Learning. IEEE Access 2019, 7, 19990–19999. [Google Scholar] [CrossRef]

	



Geurtsen, M.; Adan, I.; Atan, Z. Deep reinforcement learning for optimal planning of assembly line maintenance. J. Manuf. Syst. 2023, 69, 170–188. [Google Scholar] [CrossRef]

	



Son, Y.H.; Park, K.T.; Lee, D.; Jeon, S.W.; Noh, S.D. Digital twin–based cyber-physical system for automotive body production lines. Int. J. Adv. Manuf. Technol. 2021, 115, 291–310. [Google Scholar] [CrossRef]

	



Ren, Z.; Wan, K.; Zhang, R.; Qiao, P. Digital twin portrait: A fusion and application method of multi-source twin data for flexible manufacturing line. IEEE J. Emerg. Sel. Top. Ind. Electron. 2023, 5, 753–762. [Google Scholar] [CrossRef]

	



Kerman, L.D.C.-E.; Eider, G.-P.; Aitor, A. Towards a Circular Rotating Blade Wear Assessment Digital Twin for Manufacturing Lines. IFAC-PapersOnLine 2022, 55, 561–566. [Google Scholar] [CrossRef]

	



Deng, Z.; Tian, S.; Xu, W.; Lu, J.; Hu, Y. A digital twin-driven dynamic prediction method for robotized production line operational performance. In Proceedings of the 2022 IEEE 17th Conference on Industrial Electronics and Applications (ICIEA), Chengdu, China, 16–19 December 2022; pp. 1222–1227. [Google Scholar]

	



Dai, Y.; Shi, Y.; Zhang, Z.; Tao, R.; Fang, F. Digital Twins Driving Model Based on Petri Net in Industrial Pipeline. In Proceedings of the 2020 International Conference on Artificial Intelligence and Electromechanical Automation (AIEA), Tianjin, China, 26–28 June 2020; pp. 283–291. [Google Scholar]

	



Wang, T.; Cheng, J.; Yang, Y.; Esposito, C.; Snoussi, H.; Tao, F. Adaptive Optimization Method in Digital Twin Conveyor Systems via Range-Inspection Control. IEEE Trans. Autom. Sci. Eng. 2022, 19, 1296–1304. [Google Scholar] [CrossRef]

	



Cimino, A.; Gnoni, M.G.; Longo, F.; Rosa, A.L. Digital Twin (DT) based methodology to support effective design of industrial production lines. Procedia Comput. Sci. 2023, 217, 1896–1907. [Google Scholar] [CrossRef]

	



Zhang, H.; Feng, Q.; Wu, M.; Xi, S.; Zhang, P. HIDT: A Digital Twin modeling approach through hierarchical integration for industrial internet. Comput. Ind. Eng. 2023, 181, 109306. [Google Scholar] [CrossRef]

	



Li, X.; Du, J.; Wang, X.; Yang, D.; Yang, B. Research on Digital Twin Technology for Production Line Design and Simulation. In Advances in Intelligent Systems and Interactive Applications, Proceedings of the 4th International Conference on Intelligent, Interactive Systems and Applications (IISA 2019), Bangkok, Thailand, 28–30 June 2019; Springer: Cham, Switzerland, 2019; pp. 516–522. [Google Scholar]

	



Sulak, A.; Steinmetz, C.; Rettberg, A. Communication Layer Architecture for a Production Line Digital Twin Using Hierarchical Colored Petri Nets. In Designing Modern Embedded Systems: Software, Hardware, and Applications, Proceedings of the 7th IFIP TC 10 International Embedded Systems Symposium, IESS 2022, Lippstadt, Germany, 3–4 November 2022; Springer: Cham, Switzerland, 2023; pp. 41–45. [Google Scholar]

	



Li, L.; Gu, F.; Li, H.; Guo, J.; Gu, X. Digital Twin Bionics: A Biological Evolution-Based Digital Twin Approach for Rapid Product Development. IEEE Access 2021, 9, 121507–121521. [Google Scholar] [CrossRef]

	



Gao, Y.; Lv, H.; Hou, Y.; Liu, J.; Xu, W. Real-time Modeling and Simulation Method of Digital Twin Production Line. In Proceedings of the 2019 IEEE 8th Joint International Information Technology and Artificial Intelligence Conference (ITAIC), Chongqing, China, 24–26 May 2019; pp. 1639–1642. [Google Scholar]

	



Garcia, F.A.; Eremeev, P.; Devriendt, H.; Naets, F.; Metin, H.; Özer, M. Automatic generation of digital-twins in advanced manufacturing: A feasibility study. In Proceedings of the 2023 International Conference on Control, Automation and Diagnosis (ICCAD), Rome, Italy, 10–12 May 2023; pp. 1–6. [Google Scholar]

	



Qi, Y.; Xie, B.; Deng, S. Research on Intelligent Manufacturing Flexible Production Line System based on Digital Twin. In Proceedings of the 2020 35th Youth Academic Annual Conference of Chinese Association of Automation (YAC), Zhanjiang, China, 16–18 October 2020; pp. 854–862. [Google Scholar]

	



Xiao, R.; Wang, S.; Liang, Z.; Zhang, X.; Xie, Y. Digital-Twin-Assisted Optimization of Intelligent Manufacturing Flexible Production Line with Automated Guided Vehicle. In Proceedings of the 2023 42nd Chinese Control Conference (CCC), Tianjin, China, 24–26 July 2023; pp. 5174–5179. [Google Scholar]

	



Halenárová, L.; Halenár, I.; Tanuška, P. Digital Twin proposal using the Matlab-Stateflow model and Docker containers. In Proceedings of the 2022 Cybernetics & Informatics (K&I), Visegrád, Hungary, 11–14 September 2022; pp. 1–6. [Google Scholar]

	



Zhou, S.; Yang, S. Digital Twin Production Line Control System Integrating Oracle and Blockchain. In Proceedings of the 7th International Conference on Information Science, Computer Technology and Transportation, Xishuangbanna, China, 27–29 May 2022; pp. 1–9. [Google Scholar]

	



Cohen, Y.; Pilati, F.; Faccio, M. Digitization of Assembly Line for Complex Products -The Digital Nursery of Workpiece Digital Twins. IFAC-PapersOnLine 2021, 54, 158–162. [Google Scholar] [CrossRef]

	



Qi, Q.; Tao, F. Digital Twin and Big Data towards Smart Manufacturing and Industry 4.0: 360 Degree Comparison. IEEE Access 2018, 6, 3585–3593. [Google Scholar] [CrossRef]

	



Framinan, J.M.; Perez-Gonzalez, P. The 2-stage assembly flowshop scheduling problem with total completion time: Efficient constructive heuristic and metaheuristic. Comput. Oper. Res. 2017, 88, 237–246. [Google Scholar] [CrossRef]

	



Yan, P.; Che, A.; Levner, E.; Liu, S.Q. A heuristic for inserting randomly arriving jobs into an existing hoist schedule. IEEE Trans. Autom. Sci. Eng. 2018, 15, 1423–1430. [Google Scholar] [CrossRef]

	



Fang, Y.; Peng, C.; Lou, P.; Zhou, Z.; Hu, J.; Yan, J. Digital-Twin-Based Job Shop Scheduling toward Smart Manufacturing. IEEE Trans. Ind. Inform. 2019, 15, 6425–6435. [Google Scholar] [CrossRef]

	



Jin, F.; Wang, K.; Lü, G.; Hu, B.; Zhang, C. Exploration of intelligent production line applications based on digital twin technology. Mod. Manuf. Eng. 2023, 2, 18–26. [Google Scholar]

	



Errandonea, I.; Beltrán, S.; Arrizabalaga, S. Digital Twin for maintenance: A literature review. Comput. Ind. 2020, 123, 103316. [Google Scholar] [CrossRef]

	



Chen, C.; Fu, H.; Zheng, Y.; Tao, F.; Liu, Y. The advance of digital twin for predictive maintenance: The role and function of machine learning. J. Manuf. Syst. 2023, 71, 581–594. [Google Scholar] [CrossRef]

	



Dinter, R.; Tekinerdogan, B.; Catal, C. Predictive maintenance using digital twins: A systematic literature review. Inf. Softw. Technol. 2022, 151, 107008. [Google Scholar] [CrossRef]

	



Tao, F.; Zhang, M.; Liu, Y.; Nee, A.Y.C. Digital twin driven prognostics and health management for complex equipment. CIRP Ann. 2018, 67, 169–172. [Google Scholar] [CrossRef]

	



Booyse, W.; Wilke, D.N.; Heyns, S. Deep digital twins for detection, diagnostics and prognostics. Mech. Syst. Signal Process. 2020, 140, 106612. [Google Scholar] [CrossRef]

	



Ren, Z.; Wan, J.; Deng, P. Machine-Learning-Driven Digital Twin for Lifecycle Management of Complex Equipment. IEEE Trans. Emerg. Top. Comput. 2022, 10, 9–22. [Google Scholar] [CrossRef]

	



Liu, Z.; Chen, W.; Zhang, C.; Yang, C.; Chu, H. Data Super-Network Fault Prediction Model and Maintenance Strategy for Mechanical Product Based on Digital Twin. IEEE Access 2019, 7, 177284–177296. [Google Scholar] [CrossRef]

	



Toothman, M.; Braun, B.; Bury, S.J.; Moyne, J.; Tilbury, D.M.; Ye, Y.; Barton, K. A digital twin framework for prognostics and health management. Comput. Ind. 2023, 150, 103948. [Google Scholar] [CrossRef]

	



Moghadam, F.K.; Nejad, A.R. Online condition monitoring of floating wind turbines drivetrain by means of digital twin. Mech. Syst. Signal Process. 2022, 162, 108087. [Google Scholar] [CrossRef]

	



Luo, W.; Hu, T.; Ye, Y.; Zhang, C.; Wei, Y. A hybrid predictive maintenance approach for CNC machine tool driven by Digital Twin. Robot. Comput. Manuf. 2020, 65, 101974. [Google Scholar] [CrossRef]

	



Tao, F.; Zhang, H.; Qi, Q.; Xu, J.; Sun, Z.; Hu, T.; Liu, X.; Liu, T.; Guan, J.; Chen, C.; et al. Theory of digital twin modeling and its application. Comput. Integr. Manuf. Syst. 2021, 27, 1–14. [Google Scholar]

	



Tao, F.; Qi, Q. Make more digital twins. Nature 2019, 573, 490–491. [Google Scholar] [CrossRef]

	



Tao, F.; Xiao, B.; Qi, Q.; Cheng, J.; Ji, P. Digital twin modeling. J. Manuf. Syst. 2022, 64, 372–389. [Google Scholar] [CrossRef]

	



Xie, Y.; Lian, K.; Liu, Q.; Zhang, C.; Liu, H. Digital twin for cutting tool: Modeling, application and service strategy. J. Manuf. Syst. 2021, 58, 305–312. [Google Scholar] [CrossRef]

	



Xiong, L.; He, Y.; Chen, Y.; Lu, J.; Niu, G. Digital twin-based egradation prediction for train electro-pneumatic valve. Reliab. Eng. Syst. Saf. 2023, 240, 109627. [Google Scholar] [CrossRef]

	



Xie, L. The Study of Digital Twin on Dynamic Response Characteristics of Feed System in Production Line. Master’s Thesis, Huazhong University of Science and Technology, Wuhan, China, 2022. [Google Scholar]

	



Wang, X.; Hu, X.; Wan, J. Digital-twin based real-time resource allocation for hull parts picking and processing. J. Intell. Manuf. 2022, 35, 613–632. [Google Scholar] [CrossRef]

	



Liu, Q.; Wan, J.; Zhou, K. Cloud Manufacturing Service System for Industrial-Cluster-Oriented Application. J. Internet Technol. 2014, 15, 373–380. [Google Scholar]

	



Tao, F.; Ma, X.; Qi, Q.; Liu, W.; Zhang, H.; Zhang, C. Theory and key technologies of digital twin connection and interaction. Comput. Integr. Manuf. Syst. 2023, 29, 1–10. [Google Scholar] [CrossRef]

	



Li, X.; He, B.; Zhou, Y.; Li, G. Multisource Model-Driven Digital Twin System of Robotic Assembly. IEEE Syst. J. 2021, 15, 114–123. [Google Scholar] [CrossRef]

	



Ye, L. Construction of Digital Twin System for Doffing Robot and Optimization of One-to-Many Operation Efficiency. Master’sThesis, Beijing Research Institute of Automation for Machinery Industry, Beijing, China, 2021. [Google Scholar]

	



Xia, D.; Shi, J.; Wan, K.; Wan, J.; García, M.M.; Guan, X. Digital Twin and Artificial Intelligence for Intelligent Planning and Energy-efficient Deployment of 6G Networks in Smart Factories. IEEE Wirel. Commun. 2023, 30, 171–179. [Google Scholar] [CrossRef]

	



LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436–444. [Google Scholar] [CrossRef]

	



Zhang, L.; Yan, Y.; Hu, Y.; Ren, W. Reinforcement learning and digital twin-based real-time scheduling method in intelligent manufacturing systems. IFAC-PapersOnLine 2022, 55, 359–364. [Google Scholar] [CrossRef]

	



Tao, F.; Zhang, H.; Liu, A.; Nee, A.Y.C. Digital Twin in Industry: State-of-the-Art. IEEE Trans. Ind. Inform. 2019, 15, 2405–2415. [Google Scholar] [CrossRef]

	



Tian, L.; Liu, G.; Liu, S. Digital twin and production line simulation technology. J. Graph. 2021, 3, 349–358. [Google Scholar]

	



Centomo, S.; Avogaro, A.; Panato, M.; Tadiello, C.; Fummi, F. A Design Methodology of Multi-level Digital Twins. In Proceedings of the 2021 22nd IEEE International Conference on Industrial Technology (ICIT), Valencia, Spain, 10–12 March 2021; pp. 961–966. [Google Scholar]

	



Wang, X.; Hu, X.; Ren, Z.; Tian, T.; Wan, J. Knowledge-graph-based multi-domain model integration method for digital-twin workshops. Int. J. Adv. Manuf. Technol. 2023, 128, 405–421. [Google Scholar] [CrossRef]

	



Bellavista, P.; Bicocchi, N.; Fogli, M.; Giannelli, C.; Mamei, M.; Picone, M. Requirements and design patterns for adaptive, autonomous, and context-aware digital twins in industry 4.0 digital factories. Comput. Ind. 2023, 149, 103918. [Google Scholar] [CrossRef]

	



Chen, B.; Wan, J.; Lan, Y.; Imran, M.; Li, D.; Guizani, N. Improving Cognitive Ability of Edge Intelligent IIoT through Machine Learning. IEEE Netw. 2019, 33, 61–67. [Google Scholar] [CrossRef]

	



Bolender, T.; Bürvenich, G.; Dalibor, M.; Rumpe, B.; Wortmann, A. Self-Adaptive Manufacturing with Digital Twins. In Proceedings of the 2021 International Symposium on Software Engineering for Adaptive and Self-Managing Systems (SEAMS), Madrid, Spain, 18–24 May 2021; pp. 156–166. [Google Scholar]

	



Ghosh, A.K.; Ullah, A.S.; Teti, R.; Kubo, A. Developing sensor signal-based digital twins for intelligent machine tools. J. Ind. Inf. Integr. 2021, 24, 100242. [Google Scholar]








[image: Bdcc 08 00045 g001] 





Figure 1. Statistics of manufacturing lines. 
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Figure 2. Application framework of DTs for discrete manufacturing lines. 
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Figure 3. Digital twins for the design of production lines. 
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Figure 4. Digital twins for scheduling. *MES, manufacturing execution system. 
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Figure 5. Digital twins for quality control. 
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Figure 6. The DT’s abstraction layers for predictive maintenance were categorized into three levels. 
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Figure 7. The application of a hybrid model-driven and data-driven DT for fault prediction. 
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Figure 8. Framework of technologies and tools in used construction of a model [89]. Reprinted with permission from ref. [89]. Copyright 2022 The Society of Manufacturing Engineers. Published by Elsevier Ltd. 
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Table 2. Presentation of applications in the literature.






Table 2. Presentation of applications in the literature.





	
Application

	
Ref.

	
Comment






	
Planning and design, virtual commissioning

	
[19,20,21,22,23,24]

	
Optimization of the layout and balance




	
[22,25]

	
Virtual commissioning




	
[6,26,27,28]

	
Reconfiguration of production lines




	
Production scheduling and

process control

	
[29,30,31,32]

	
Scheduling decisions




	
[8,33,34,35,36,37,38,39,40,41]

	
Optimization of processing parameters




	
[2,42,43,44,45,46,47,48,49]

	
Route planning and visualization




	
[7,50]

	
Reducing energy consumption and the scrap rate




	
Prediction, maintenance, and fault diagnosis

	
[31,51,52]

	
Fault diagnosis




	
[46,53]

	
Optimized maintenance planning




	
[54]

	
Predicting production plans




	
[48,55,56,57]

	
Predicting energy consumption or operational performance











 





Table 3. Presentation of scheduling case studies.
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	Ref.
	Algorithm
	Real-Time

Interaction
	Source of Disturbance





	[73]
	Variable local search algorithm
	/
	/



	[74]
	Heuristic algorithm
	/
	Simulated



	[75]
	Fast nondominated sorting genetic algorithm
	CPS
	Physical



	[29]
	Genetic algorithm
	OPC-UA
	Physical



	[30]
	Adaptive discrete bees algorithm
	CPS
	Simulated
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