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Abstract:

A virtual representation of a physical procedure or product is called digital twin which can enhance efficiency
and reduce costs in manufacturing process. Utilizing the digital twin, production teams can examine various
data sources and reduce the number of defective items to enhance production efficiency and decrease
industrial downtime. Digital Twin can be utilized to visualize the asset, track changes, understand and optimize
asset performance throughout the analysis of the product lifecycle. Also, the collected data from digital twin
can provide the complete lifecycle of products and processes to optimize workflows of part production,
manage supply chain, and manage product quality. The application of digital twin in smart manufacturing can
reduce time to market by designing and evaluating the manufacturing processes in virtual environments before
manufacture. Comprehensive simulation platforms can be presented using digital twins to simulate and
evaluate product performances in terms of analysis and modification of produced parts. Commissioning time of
a factory can also be significantly reduced by developing and optimising the factory layout using the digital
twin. Also, the productivity of part manufacturing can be enhanced by providing the predictive maintenance
and data-driven root-cause analysis during part production process. In this paper, application of digital twin in
smart manufacturing systems is reviewed to analyze and discuss the advantages and challenges of part
production modification using the digital twin. So, the research field can advance by reading and evaluating
previous papers in order to propose fresh concepts and approaches by using digital twins in smart
manufacturing systems.

Keywords: Smart Manufacturing, Digital Twin, Manufacturing optimization
1- Introduction

A digital twin is a virtual representation of a physical system or process that allows for real-time monitoring,
analysis, and optimization. In the context of smart manufacturing, a digital twin can be used to simulate and
optimize the production process, predict and prevent equipment failures, and improve efficiency and quality of
part production [1, 2]. The digital twin can provide a detailed, accurate representation of the physical object or
system, including its behavior, performance, and interactions with the environment [3]. Digital twins use
machine learning, data analytics, and multi-physics simulation in order simulate and analyze different working
conditions and other factors affect a system [4]. The creation of the digital twin is a critical component of
future technology that will have an impact on several global sectors [5]. By analyzing data from the physical
object, the Digital Twin can provide real-time feedback, monitor its performance, and identify potential issues
before they occur [6]. A digital twin can be used in order to optimize the operation of a physical system, by
simulating its behavior and identifying areas where improvements can be made. [7]. Furthermore, companies
can utilize digital twins to model, anticipate, and improve products and manufacturing processes in different
industries, including automotive, green energy, and aviation before organizations invest in actual prototypes
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and assets, [8]. As a result, digital twins can help businesses and manufacturing process in order to make better
decisions, reduce costs, and improve performance across a range of industries and applications.

By creating a digital twin, engineers and designers can test various scenarios and make improvements, reducing
the time and costs associated with physical testing and prototyping [9]. The use of digital twin technology is
essential for product manufacturers in order to improve the productivity of their manufacturing processes and
shorten time-to-market [10]. Digital twins in smart manufacturing are created by combining real-time data
from physical sensors with computer-aided design (CAD) models and other simulation tools. This allows
manufacturers to monitor and analyze the performance of equipment and processes in real time, identify
potential issues before they occur, and make data-driven decisions to optimize production. [11]. By creating a
digital twin of a part, engineers can analyze its performance under different conditions, such as changes in
temperature, pressure, and load. This allows them to predict how the part will perform in real-world situations,
identify potential issues or failures, and optimize its design to improve its performance [12]. The digital twin
provides several benefits to smart manufacturing. For one, it enables real-time monitoring of manufacturing
processes, allowing for quick identification and resolution of issues. Additionally, it allows for the testing and
optimization of products and processes before they are physically produced, which can save time and
resources [13]. Moreover, production digital twins are employed to verify the effectiveness of a manufacturing
process prior to component manufacture. A digital twin can be used to monitor the performance of individual
machines or production lines, detect potential issues before they occur, and optimize the system's operations
to minimize downtime and maximize output. It can also be used to simulate and test new production processes
or equipment before they are implemented in the physical system in order to reduce the risk of costly errors or
failures [3]. Performance digital twins enable the manufacturing managers to enhance models and system
performance while generating new commercial prospects [14]. A digital twin, which spans the full engineering
lifecycle, makes it possible to test and apply continuous improvements at any point in the manufacturing
process in a digital setting that is far less expensive to run than the real world. Some businesses utilize digital
twins to simulate whole manufacturing lines and identify more effective ways in order to enhance productivity
in part production process [15].

Smart manufacturing is a manufacturing approach that incorporates advanced technologies such as artificial
intelligence, the Internet of Things (loT), robotics, and big data analytics to optimize production processes and
increase efficiency. The complexity  of the production environment is rising, and the tasks involved in
manufacturing are getting more customized [16]. As a result, the production system requires a high degree of
cognitive and learning skills in terms of analysis and modification of manufacturing process. Smart
manufacturing also provides opportunities for product customization and personalization, as well as real-time
supply chain management. It enables manufacturers to respond quickly to changes in demand, market trends,
and customer preferences, and to create products that are tailored to individual customers' needs [17]. It
involves the use of connected devices, automation, and real-time data to improve efficiency, productivity, and
quality in manufacturing operations [18]. Smart manufacturing aims to create a more agile, flexible, and
responsive manufacturing environment that can quickly adapt to changing market demands and provide high-
quality products at lower costs. [19]. Thus, it uses and integrates digital software tools and data throughout the
product lifecycle. In a smart manufacturing process, every resource is digitalized in order to be nalyzed and
modified in virtual environments [20]. The transition from conventional MSD to digital twins-based SMSD
approach is shown in the figure 1 [21].
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Fig. 1. The switch from the traditional MSD strategy to the SMSD approach based on digital twins [21].

Status monitoring, simulation, and visualization make up the majority of the present uses of digital twins in
smart manufacturing. Machines are continually monitored utilizing internet of things for status monitoring, and
the most recent state of a machine may be evaluated by querying its digital twin [22]. Also, digital twins of
physical assets (such as machines) are generated in order to analyze and modify the mechanism and process of
machines in part production [23]. Digital twins of products, systems, and equipment are developed for
simulation in order to simulate actual working environments. Using the proposed digital twins, new products
and processes can be designed, developed, and modified using virtual simulation before being implemented on
genuine physical assets in order to enhance the performances of products and production process [24]. Real-
time dashboards and alarm systems can be integrated into digital twins for display in order to track and
troubleshoot an operational environment [25]. Digital twins are now only thought of as an identical clone of
physical assets without any value-added services placed on top that would allow physical assets to become
autonomous intelligent agents [26].

Digital twins in predictive maintenance can increase productivity, identify issues early, and continue to provide
fresh perspectives in addition to process optimization [27]. The company can identify the main source of the
issue with the aid of a contextual model of your machines created by the digital twin during the production
process [28]. Additionally, testing operating conditions and receiving anticipated results digitally, identifying
new revenue streams, cutting down on waste, costs, and energy use, performing predictive maintenance on
manufacturing processes, improving quality and customer satisfaction, tracking each product from production
to finish, enabling new business models, cutting down on time to market, and finally enhancing productivity of
part manufacturing are all important [29]. A big advantage of this upgraded digital twin design is the potential
to give much more than just a perfect duplicate in order to provide value-added services on top of digital twins
which are not accessible on physical assets [30]. Figure 2 depicts the architecture of the Digital Twin for digital
production [31].
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Fig. 2. The design of the digital twin for manufacturing [31].

The use of digital twins in a manufacturing system could be categorized into three phases. In the system design
phase, digital twin could be used to conduct validation and test that can quickly locate the inefficiency reason,
and test the practicability of physical manufacturing solution in execution. In this phase, a digital twin can be
used to monitor and analyze the performance of manufacturing system in real-time. This can help in order to
identify issues before they become critical, predict failures, and optimize the operation of system [20, 32].

In the system configuration/reconfiguration phase, the digital twin-based configuration is supposed to enable
the validating of manufacturing system performance in a semi-physical simulation manner. This phase typically
involves designing the digital twin based on the physical system's specifications, such as its geometry, material
properties, and operating conditions. Once the digital twin is created, it can be used to simulate the behavior of
system under various conditions, such as changes to the input parameters or the introduction of new
components. During this phase, the digital twin can also be used to identify potential failures and
vulnerabilities in the physical system before they occur [33].

In the system operation, how to update the online parallel controlling in the cyber model and feedback on the
adjustment instructions to the physical manufacturing system is a key enabling technology. In this phase, digital
twins can be used to monitor and optimize the performance of manufacturing systems in real-time. This can
help manufacturers to identify and resolve issues before they cause downtime, reduce waste, and improve
efficiency of part production [34, 35].

The benefit of a digital twin is that it can provide a virtual replica of a physical system, allowing for testing and
analysis without disrupting the actual system. A digital twin for smart manufacturing can provide significant
benefits in terms of efficiency, cost reduction, and product quality. As manufacturing becomes increasingly
complex and interconnected, digital twins are likely to become an essential tool for manufacturers looking to
stay competitive in the global marketplace. However, the disadvantage is that creating and maintaining a
digital twin can be expensive and time-consuming, and may require specialized knowledge and expertise. To
develop a digital twin in the modern production systems, there are significant obstacles, nevertheless. Low-
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quality data collected during part manufacture can reduce a digital twin's ability to modify a manufacturing
process. All of these endpoints contribute to a massive amount of data collection, and each one is a potential
security vulnerability. Therefore, firms should examine and update current security procedures before
deploying digital twin technology. Advanced Internet of Things (loT) algorithms should be developed in terms
of analysis and adjustment of component manufacture to manage a huge amount of data that are acquired
from the sensors in the machines. Digital twin models are powered by data from hundreds of remote sensors
connected via shaky networks. Businesses who want to deploy digital twin technology need to be able to
manage data stream gaps and eliminate inaccurate data. Building digital twins also requires real-time data
communication. Because for digital twins to be effective, they must accurately mirror the condition of real
devices. Privacy and security of data is also another challenge of part manufacturing modification using digital
twin. Moreover, the lack of stable and sustainable technologies stands in developing a concrete end-to-end
collaborative digital twin system for smart distributed manufacturing.

To improve the green performance of smart manufacturing systems, Li et al. [36]developed the concept of the
digital twin. Lu et al. [37] described the status and development of digital twin-driven smart manufacturing in
order to create applications for this technology. Lattanzi et al. [38] presented a review of concepts for a
practical industrial implementation of the twin in smart manufacturing in order to assess and modify the
current state-of-the-art on Digital Twin concepts and to draw their most recent state for use and deployment in
actual industrial processes. To improve the impact of the digital twin on the energy consumption of component
production, Wang et al. [39] provide an overview of digital twin approaches in smart manufacturing and
management of energy applications.

Regrading the presented review papers in application of digital twin in part manufacturing process [19], [36-40]
, more published papers in different topics of part manufacturing such as continues improvement and
production monitoring system, optimization of part production process, quality enhancement of produced
part, safety enhancement of working conditions, virtual commissioning, and predictive maintenance of
production machines are discussed. Moreover, application of digital twin in different industries such as
automotive industry, aeronautical industry, renewable energy industry and telecom industry are studied in
order to enhance the performances of digital twin in productivity enhancement of part production.

Soori et al. suggested virtual machining techniques to evaluate and enhance CNC machining in virtual
environments [41-44]. To investigate and enhance performance in the component production process
employing welding procedures, Soori et al. [45] suggested an overview of current developments in friction stir
welding techniques. Soori and Asamel [46] examined the implementation of virtual machining technology to
minimize residual stress and displacement error throughout turbine blade five-axis milling procedures. Soori
and Asmael [47] explored applications of virtualized machining techniques to assess and reduce the cutting
temperature throughout milling operations of difficult-to-cut objects. Soori et al. [48] indicated an advanced
virtual machining approach to improve surface characteristics throughout five-axis milling procedures for
turbine blades. Soori and Asmael [49] created virtual milling processes to reduce displacement error
throughout five-axis milling operations of impeller blades. In order to analyze and develop the process of part
production in virtual environments, virtual product development is presented by Soori [50]. Soori and Asmael
[51] proposed an overview of current advancements from published research to review and enhance the
parameter technique for machining process optimization. In order to improve the efficiency of energy
consumption, the quality and availability of data across the supply chain, and the accuracy and dependability of
component manufacture, Dastres et al. [52] proposed a review of RFID-based wireless manufacturing systems.
Soori et al. [53] explored machine learning and artificial intelligence in CNC machine tools to boost productivity
and improve profitability in production processes of component employing CNC machining operations. To
improve the performance of machined components, Soori and Arezoo [54] reviewed the topic of measuring
and reducing residual stress in machining operations. To improve surface integrity and decrease residual stress
during Inconel 718 grinding operations, Soori and Arezoo [55] proposed the optimum machining parameters
employing the Taguchi optimization method. In order to increase the life of cutting tools during machining
operations, Soori and Arezoo [56] examined different method of tool wear prediction algorithms. Soori and
Asmael [57] investigated computer assisted process planning to boost productivity in the part manufacturing
procedure. Dastres and Soori [58] addressed improvements in web-based decision support systems to give
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solutions for data warehouse management using decision-making assistance. Dastres and Soori [59] reviewed
applications of artificial neural networks in different sections, such as analysis systems of risk, drone navigation,
evaluation of welding, and evaluation of computer simulation quality, to explore the execution of artificial
neural networks for improving the effectiveness of products. Dastres and Soori [60] proposed employing
communication system in environmental concerns to minimize the negative effects of technological
advancement on natural catastrophes. To enhance network and data online security, Dastres and Soori [61]
suggested the secure socket layer. Dastres and Soori [62] studied the developments in web-based decision
support systems to develop the methodology of decision support systems by evaluating and suggesting the
gaps between proposed approaches. To strengthen network security measures, Dastres and Soori [63]
discussed an analysis of recent advancements in network threats. To increase the potential of image processing
systems in several applications, Dastres and Soori [64] evaluated image processing and analysis systems.
Dimensional, geometrical, tool deflection, and thermal defects have been modified by Soori and Arezoo [65] to
improve accuracy in 5-axis CNC milling processes. Recent developments in published articles are examined by
Soori et. al. [66] in order to assess and improve the impacts of artificial intelligence, machine learning, and deep
learning in advanced robotics. Soori and Arezoo [67] developed a virtual machining system application to
examine whether cutting parameters affect tool life and cutting temperature during milling operations. Soori
and Arezoo [68] studied the impact of coolant on the cutting temperature, roughness of the surface, and tool
wear during turning operations with Ti6Al4V alloy. Recent developments from published papers are reviewed
by Soori[69] in order to examine and alter composite materials and structures. Soori et al. [70] examined the
Internet of things application for smart factories in industry 4.0 to increase quality control and optimize part
manufacturing processes To minimize cutting tool wear during drilling operations, Soori and Arezoo [71]
designed a virtual machining system. Soori and Arezoo [72] decreased residual stress and surface roughness to
improve the quality of items produced utilizing abrasive water jet machining.

In order to provide the most recent developments from the published papers in the analysis and modification
of smart manufacturing systems, a review of recent developments in smart manufacturing by intelligent digital
twin is presented in the study work. The review paper is novel as new aspects of application of digital twin in
smart manufacturing such as continuous improvement of manufacturing systems, process and product
performance optimization using the digital twin, downtime reduction in process of part production, virtual
commissioning and assembly simulation are studied and recent achievement from published papers are also
discussed. Moreover, the implementation of digital twins in a variety of industries, including the automotive,
aerospace, renewable energy, and telecom sectors, has also been investigated in order to improve their
productivity enhancement of part manufacturing. As a result, the gaps between the proposed ideas and
methodologies are obtained by analyzing the previous published papers in the research field and ideas and
directions of future research works are also presented. So, the productivity of the production process can be
increased, modern smart manufacturing methodologies can be introduced.

2- Applications of digital twin in smart manufacturing

The performance of a product can be analyzed and modified using the applications of digital twin in part
manufacturing. A digital twin can be used to model the entire manufacturing process, from raw materials to
finished products. It can be used to simulate different scenarios and predict how the system will behave under
different conditions. This allows manufacturers to identify potential issues and optimize the system for better
performance [73]. In smart manufacturing, the digital twin can be connected to real-world sensors and other
devices, allowing it to be updated in real-time based on the data collected from the manufacturing process.
This allows manufacturers to monitor and control the system more effectively, and to make adjustments to
optimize performance [74]. A digital twin can simulate the actual performances of produced parts regarding to
the different working conditions in virtual environments. Testing is a critical step of designing component in
order to evaluate the performance targets of produced parts in working conditions and industry compliances.
By creating a digital twin and using the digital simulation and analysis, the need for developing physical
prototypes can be removed [75]. This leads to a shorter development period and better final quality of product
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or process. The use of digital twins at a manufacturing site can also be used to monitor and enhance a whole
production line or even the complete manufacturing process from product conception and development to
production [76]. By using the digital twins in analysis and modification of parts, optimization process of part
designing can be enhanced. As a consequence, companies can use this technology to evaluate product design
in a virtual environments in order to enhance accuracy and quality of produced parts [77].

2-1- Digital twin for continuous improvement of manufacturing systems

Digital twins offer a powerful tool for continuous improvement of manufacturing systems, enabling
manufacturers to reduce costs, improve quality, and increase productivity [78]. In the context of continuous
improvement of manufacturing systems, a digital twin can be used to simulate and optimize the performance
of the actual system. Manufacturers can now track machine performance in real time and compare it to
expectations thanks to the usage of digital twins. After then, the knowledge may be used to improve machine
performance and extend its usable life. Hitachi, a pioneer in the industry, is helping to advance things. This
allows manufacturers to identify and address potential issues before they occur, reducing downtime and
improving overall efficiency [79]. In addition to simulation and optimization, digital twins can also be used for
monitoring and analysis of manufacturing systems in real time. By collecting data from sensors and other
sources, manufacturers can use digital twins to identify patterns, trends, and anomalies in their systems. This
information can then be used to make data-driven decisions about how to optimize production and improve
overall performance [80]. Digital twins can also be used to test and validate new manufacturing processes or
equipment before they are implemented in the real world. This can help to reduce the risk of costly errors or
failures, and accelerate the time to market for new products [81]. The utilization of digital twins generates a lot
of information on anticipated performance outcomes, enabling more effective product research and
development. Businesses can utilize this data to get insights that will help them make the required product
adjustments before they start production [82].

2-2- Part production monitoring and modification using digital twin

The digital-twin strategy can be used to improve quality of products, production methods, or even whole value
chains. In the context of part production, a digital twin can be created for a specific machine or production line,
allowing for real-time monitoring of production processes. This includes tracking variables such as
temperature, pressure, and flow rate, which can impact the quality of the final product [83]. By analyzing data
from the digital twin, manufacturers can identify areas where production processes can be optimized or
modified to improve efficiency and product quality. For example, if the digital twin detects that a certain
machine is producing parts with higher defect rates than others, adjustments can be made to the production
process to improve quality. [84]. Digital twins can also be used to track energy consumption in process of part
manufacturing and find areas where money can be saved. Continuous Improvement at manufacturing sites can
also implemented by using digital twins [85]. Manufacturers can now track machine performance in real time
and compare it to expectations thanks to the usage of digital twins [86]. A hypothetical shop floor for a digital
twin is shown in Figure 3[87].
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Fig. 3. Conceptual model of digital twin shop-floor [87].
2-3- Process and product performance optimization using digital twin

Industrial processes can be optimized by using digital twins without losing time or resources. To increase
productivity in the part production process, manufacturing industry operations can be optimized using a digital
twin [40]. The use of digital twins can help companies to optimize the performance of their processes and
products by providing a virtual replica that can be used for simulation and analysis. By leveraging the power of
advanced analytics and machine learning, companies can make data-driven decisions to improve their
performance, reduce costs, and increase efficiency [88]. For manufacturers in all industries, the process can be
very valuable, from forecasting quality in real time to doing away with the need for costly physical testing [89].
By using sophisticated simulations based on actual data collected by Internet of Things sensors, digital twins
can contribute to the improvement of current industrial processes [90]. A digital twin of a production line can
be used to simulate how changes in the manufacturing process, such as adjusting machine settings or
modifying the assembly line layout, would affect production output and efficiency. This can help companies
identify the most effective process changes before implementing them in the real world, saving time and
money [91]. Utilizing the digital twin, production teams may examine various data sources and reduce the
number of defective items to increase efficiency and save money in process of part production. Industries are
able to boost production and decrease industrial downtime. The concept is also used to predict maintenance
concerns more quickly [92].

Smart manufacturers can predict the final product's quality by utilizing a digital twin in order to enable them to
make more informed decisions about things like material and process changes [93]. Digital twins can be used in
industrial manufacturing to ensure consistency during mass production [94]. Figure 4 illustrates a digital twin
mapping strategy through model update and optimization procedure [31].
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2-4- Downtime reduction in process of part production using digital twin

To reduce downtime in the process of part production, the digital twin can be used to simulate different
scenarios and identify potential problems before they occur [95]. The digital twin can be used to simulate the
effects of changing the parameters of the production process, such as the speed of the machines or the
temperature of the environment. By simulating these conditions, it is possible to identify potential issues and
make adjustments to the process to prevent downtime. [96]. Another way that a digital twin can help reduce
downtime is by providing real-time monitoring of the production process. By monitoring the production
process in real time, it is possible to identify potential issues as they arise and take corrective action before
they lead to downtime [97]. By connecting the digital twin to sensors in the real production environment, it is
possible to monitor the process in real-time and identify any issues that may lead to downtime. This allows for
quick corrective action to be taken before downtime occurs [98]. By connecting the digital twin to sensors in
the real production environment, it is possible to monitor the process in real-time and identify any issues that
may lead to downtime. This allows for quick corrective action to be taken before downtime occurs [99]. The
digital twin can be used to train operators and test different scenarios before they are implemented in the real
world. This can help to reduce human error and improve the efficiency of the production process, ultimately
leading to less downtime [100]. The digital twin can also be used to simulate different production methods and
identify the most efficient process for producing the part. By optimizing the production process, it is possible to
reduce the risk of downtime caused by process inefficiencies. [101]. By analyzing sensor data and other
information from the digital twin, it is possible to identify patterns and trends that may indicate potential
issues with equipment. This can allow maintenance teams to schedule repairs or replacements before a
breakdown occurs, reducing the risk of downtime [102]. Overall, the use of a digital twin in the process of part
production can be an effective way to reduce downtime. By simulating different failure conditions and
providing real-time monitoring, it is possible to identify potential risk and make adjustments to the process to
prevent downtime [103].

2-5- Safety enhancement by identifying hazards and risks of manufacturing process

Identifying hazards and risks is a critical step in enhancing safety in the manufacturing process. By recognizing
dangers and risks through preventative maintenance, digital twins can increase safety in prat production
process. Machine health and operational conditions are evaluated using digital twin data [104]. In the context
of a manufacturing process, a digital twin can be used to identify hazards and risks and enhance safety [105]. A
digital twin can be used to identify hazards in the manufacturing process by simulating the behavior of the
system under different conditions. Once hazards have been identified, a digital twin can be used to assess the
risks associated with them. This can be done by simulating the consequences of a hazard under different
scenarios and quantifying the likelihood and severity of those consequences. [106]. Based on the results of
hazard identification and risk assessment, a digital twin can be used to optimize safety measures. A digital twin
can also be used for training and education purposes in process of part production. By simulating hazardous
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scenarios, workers can be trained on how to respond to them in a safe and effective manner. Additionally,
preventative maintenance using digital twins cuts down on time spent in the field, which lessens the danger of
mishaps and injuries. Instead of doing actual testing, it is safer and less expensive to train and validate
algorithms using digital twins [107]. Overall, a digital twin can be a valuable tool for enhancing the safety of a
manufacturing process by identifying hazards, assessing risks, optimizing safety measures, and providing
training and education.

2-6- Digital twin in predictive maintenance

Predictive maintenance is an approach that uses data analysis tools and techniques to monitor equipment and
predict when maintenance is required, with the goal of minimizing downtime and reducing maintenance costs.
Digital twin technology is an approach that involves creating a virtual model of a physical asset or system,
which can be used for simulations and testing [108]. Early problem identification aids in avoiding failures that
might lower production quality. Manufacturers can forecast when problems will arise and address
maintenance issues before they stop production by utilizing digital twins to examine the internal workings of
their complicated machines [109]. In predictive maintenance, digital twins can increase productivity, identify
issues early on, and keep providing fresh perspectives [110]. Understanding the core cause of the problems can
be aided by using a contextual model of machining processes through the digital twin in the production
process. A proactive method of equipment maintenance is predictive maintenance [111]. It enables real-time
monitoring of equipment performance and failure prediction. This forecast aids in preventing circumstances
where a machine malfunction can result in production halts. Early defect analysis and identification also aid in
upholding safety standards and regulations in an industrial setting. Condition monitoring is one of the key
components of predictive maintenance [112]. Additionally, predictive maintenance aids in the early
identification of faults that may later develop into more serious ones. Real-time equipment monitoring should
lead to better decision-making for executives in the manufacturing industry [113]. Additionally, the equipment
will operate more effectively overall and last longer. The success that manufacturing companies have had is
one of the factors contributing to the increased success of predictive maintenance. A part of manufacturing's
predictive analytics is predictive maintenance [114]. Manufacturers need predictive maintenance solutions
because they may improve product quality, optimize preventive or corrective measures taken on assets,
eliminate production delays caused by unscheduled machine downtime, and ultimately keep company
expenses low [115]. Figure 5 depicts a defect diagnostic framework with a digital twin [31].
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2-7- Reduction of product time to market using the digital twin

Digital twin technology can help reduce the time to market for a product by providing a virtual model of the
product that can be tested and optimized before the physical product is built. This can help to identify potential
problems early on in the design process and make necessary changes before production begins [116]. In
addition, By creating a digital twin of the product, designers can test different configurations and optimize the
design for performance and efficiency. This can help to reduce the number of physical prototypes needed and
speed up the design process [117]. Operators can accelerate all phases of the manufacturing process, including
design, development, testing, and maintenance, as a result of the removal of the delays associated with
physical goods in terms of hardware, labour, and materials [118]. Digital twins can be used to simulate the
product in a virtual environment, allowing for testing and validation of different scenarios. This can help to
identify potential problems and make necessary changes before the physical product is built [119]. Digital twins
can be shared among different teams and stakeholders, allowing for better collaboration and communication
throughout the product development process. This can help to speed up decision-making and reduce the time
to market [120]. Digital twins can be also used to monitor the performance of the product in real-time, allowing
for early detection of potential problems and maintenance needs. This process can help to reduce downtime
and improve overall product reliability. Overall, digital twin technology can help to reduce the time to market
for a product by providing a virtual model that can be optimized and tested before the physical product is built,
as well as by enabling better collaboration and communication among different teams and stakeholders.

2-8- Digital twin in virtual commissioning

A digital twin can be used as a tool for virtual commissioning, as it allows engineers and technicians to simulate
and test the control system and automation system in a virtual environment, before it is installed in the real
world. Early system design validation through virtual commissioning enables the prediction and resolution of
problems and errors that arise during the first integration of equipment and processes [121]. By using a digital
twin, it is possible to identify and resolve potential issues and problems in the control system or automation
system, before it is deployed in the field. This can help reduce the time and cost of commissioning, as well as
improve the performance and reliability of the system. Contrary to physical commissioning, virtual
commissioning has the substantial benefit that no one has to wait for the arrival of all hardware before
beginning [122].

The use of a digital twin for. virtual commissioning is becoming increasingly common in industries such as
manufacturing, aerospace, and automotive, where complex automation systems and control systems are
used.[123]. Manufacturers can save time, money, decrease risk, and promote concurrent engineering by
predicting the expensive future problems in process of part production. Virtual commissioning is perhaps the
most crucial step in the simulation process because it creates a risk-free testing environment [124]. It is also
advantageous to system builders and integrators since it can accelerate project timelines. The digital twin can
be integrated with other simulation tools, such as finite element analysis and computational fluid dynamics, to
provide a comprehensive virtual testing environment for the system [125].

A virtual commissioning digital twin provides a platform for engineers to design, test, and optimize systems and
processes in a digital environment, reducing the risks and costs associated with physical commissioning. [126].
It is increasingly being used in a range of industries, including manufacturing, energy, and transportation, to
improve efficiency, reduce costs, and enhance performance [127].

2-8- Collaboration Improvement between teams using digital twins for manufacturing

Digital twins are virtual replicas of physical assets or processes that can be used to simulate and optimize
performance. They can be particularly useful in manufacturing, where they can help teams collaborate more
effectively and improve efficiency [128]. Digital twins can strengthen engineering specialties and product
design teams in addition to enhancing cooperation and workflow among various production teams [129]. Here
are some ways that digital twins can be used to improve collaboration between teams in manufacturing:
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1. Shared understanding: Digital twins can provide a shared understanding of the manufacturing process,
allowing teams to work together more effectively. By creating a digital twin of a machine or process,
teams can collaborate on a single model and avoid misunderstandings or miscommunications. This
shared understanding can also help teams identify potential issues and make improvements more
quickly.

2. Real-time monitoring: Digital twins can be used to monitor the performance of machines or processes
in real-time. This can help teams identify issues as they arise and make adjustments quickly. By sharing
this real-time data with other teams, such as maintenance or quality control, teams can collaborate
more effectively and avoid downtime.

3. Simulation and optimization: Digital twins can be used to simulate different scenarios and optimize
performance. By running simulations, teams can identify potential issues and test solutions before
implementing them in the real world. This can help teams collaborate more effectively by giving them
a common platform to test ideas and make decisions.

4. Remote collaboration: Digital twins can be accessed from anywhere, allowing teams to collaborate
remotely. This can be particularly useful for global teams or teams that are working from home. By
using digital twins, teams can collaborate in real-time, even if they are in different locations.

Figure 6 illustrates a digital twin in production.
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Fig. 6. Digital twin in manufacturing [130].

Overall, digital twins can be a powerful tool for improving collaboration between teams in manufacturing. By
providing a shared understanding, real-time monitoring, simulation and optimization, and remote
collaboration, digital twins can help teams work together more effectively and improve efficiency.

2-9- Assembly simulation using digital twin

Assembly simulation using a digital twin is a powerful tool for optimizing the manufacturing process. A digital
twin is a virtual replica of a physical object or system that can be used to simulate and analyze its behavior in
real-time. In the case of assembly simulation, a digital twin can be used to model the assembly process and
identify potential issues before they occur in the physical world. It is useful for digital prototyping in order to
design and analyze new ideas and concepts in utilizing the new devices and methods [131]. A Digital Twin of
the manufacturing and assembly system can visualize the entire process, and enable the assembly line
designers in order to identify bottlenecks and throughput before the operation phase. Performance and
flexibility analysis and verification for decision-making is another application of digital twin in the assembly of
manufacturing process [132]. Moreover, assembly simulation using a digital twin can help reduce costs and
improve efficiency by identifying potential issues before they occur in the physical world. It can also help
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reduce the time and resources required for physical prototyping and testing, as the digital twin can be used to
test various scenarios and identify the optimal assembly process [133]. Figure 7 illustrates the operation of the
virtual environment for the creation of a smart assembly process based on DT. [131]
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Overall, assembly simulation using a digital twin is a powerful tool for optimizing the manufacturing process
and improving product quality. It can help reduce costs, improve efficiency, and ensure that products are
manufactured to the highest standards.

3- Applications of digital twin in the different industries

There are different applications for the digital twin in the different industries such as aeronautical industries,
automotive industry, power-generation equipment and the telecom industry. In this section, applications of
digital twin in the different industries is reviewed and discussed.

3-1- Aeronautical industries

The application of digital twins in aeronautical industries can lead to improved safety, efficiency, and
sustainability, as well as cost savings and increased innovation. Digital twins provide a variety of advantages to
businesses in the aerospace industry, including the capacity to extend the life of machinery and parts and use
data to improve next versions [134]. Aerospace businesses can utilize digital twins in R&D to enhance the
engineering of new parts by simulating their performance under a wide range of circumstances. A digital twin
can be used to simulate and analyze the behavior of aircraft and their components, from design and
manufacturing to maintenance and operations [135]. By creating a virtual model of an aircraft or its
components, engineers can simulate different scenarios and test various design options before committing to a
physical prototype. This can reduce the time and cost associated with traditional design and testing methods
[136]. Moreover, digital twins can be used to monitor and optimize the performance of aircraft in real-time. By
integrating data from sensors and other sources, operators can detect and diagnose potential issues before
they become critical, and make informed decisions about maintenance and repairs. Figure 8 displays a mapping
diagram between digital twin models and the manufacturing entity of a jet engine fan blade [137].
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Overall, the use of digital twins in aeronautical industries can

lead to improved safety, efficiency, and

sustainability, as well as cost savings and increased innovation.

3-2- Automotive industry

In the automotive industry, digital twins are used to simulate and test various aspects of a vehicle, from design
and development to manufacturing and maintenance [138]. By creating a digital twin of a car, engineers and
designers can analyze its performance and behavior in various scenarios, identify potential issues, and optimize
its design and features before the actual production begins. This can save time and costs while improving
quality and safety of car production process [139]. Digital twins are also used in predictive maintenance, where
they can monitor the condition of a vehicle in real-time and detect potential problems before they become
critical. This process can help to reduce downtime, prevent breakdowns, and extend the lifespan of the vehicle
[140]. Access to real-time data of part production can also speed up car manufacturing by reducing data
processing time and enhancing communication between automotive development teams [141]. By establishing
a clever link between the automaker and the driver, this technology can help Maintenance Repair Operations
(MROs) [142]. Figure 9 illustrates the MRO's incorporated Digital Twin technology [138].
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In the system design phase, digital twins in the automotive sector can be used to a variety of things, including
automobiles and robotic arms. Digital twins make vehicle design and development more dependable from a
vehicle standpoint [143]. By accelerating simulations and executing them concurrently, it is possible to create
thousands of hours of driving while retaining a realistic simulation environment with applied gravity, weight,
and physical collision prediction [144]. A digital twin of an EV could be used to simulate various scenarios, such
as different driving conditions, battery usage, and charging patterns. This can help the manufacturer optimize
the design of the EV for maximum efficiency and performance, as well as identify potential issues before they
arise [145]. Overall, digital twins have the potential to revolutionize the automotive industry by enabling more
efficient and effective design, development, manufacturing, and maintenance processes.

3-3- The renewable energy industry

The market for renewable energy is expanding in light of the present climate change situation. Owners of
renewable energy companies must increase the effectiveness of their power grids and cut costs in order to
maintain growth in a fiercely competitive industry [146]. In the renewable energy industry, digital twins can be
used to model and simulate various components and systems, such as wind turbines, solar panels, batteries,
and power grids [147]. Additionally, the digital twin aids in life cycle management and behavior prediction for
the solar power plant's system. Digital twins can also be used to monitor and predict the performance of
renewable energy systems in real-time. By combining data from sensors, weather forecasts, and other sources,
a digital twin can provide accurate predictions of power generation, maintenance needs, and potential failures.
By creating a digital twin of a renewable energy system, engineers and operators can examine and optimize
different designing procedures, identify potential problems, and improve performance and efficiency of final
produced parts. For example, a digital twin of a wind turbine can simulate different wind speeds and directions
to determine the optimal angle of the blades and the most efficient power output [148]. Figure 10 depicts a
framework for applying Energy Digital Twin technology to the process and energy sectors. This technology
includes Digital Model, Digital Shadow, and Digital Manager [149].
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Overall, the application of digital twins in the renewable energy industry is expected to grow as renewable
energy sources become more prevalent and complex. With the help of advanced analytics and machine
learning algorithms, digital twins can help to maximize the value of renewable energy systems, reduce costs,
and minimize downtime.

3-4- The telecom industry

The telecom industry digital twin is used to improve the efficiency, reliability, and performance of telecom
networks by providing a platform for testing and optimizing new technologies, identifying potential problems
before they occur, and improving overall network operations. By removing the silos, digital twins can provide a
comprehensive end-to-end network picture that offers accurate real-time data and allows quick anomaly
detection [150]. It can-also be used to train network engineers and technicians, as well as to provide insights to
customers on network performance. Telcos can guarantee flawless network operation and immediately alert
customers of impending maintenance tasks. Digital twin technology is used by Neural Technologies to identify
those who would be impacted by rising network latency [151]. Some potential applications of the telecom
industry digital twin include:

1. Predictive Maintenance: By analyzing real-time data from sensors and other sources, the digital twin
can predict when a piece of network equipment may fail, allowing for proactive maintenance to
prevent downtime[152].

2. Network Optimization: The digital twin can be used to test and optimize new network configurations,
such as routing protocols or equipment upgrades, before they are implemented in the physical
network.

3. Performance Monitoring: By simulating the behavior of the physical network, the digital twin can
provide real-time insights into network performance, allowing for quick identification and resolution
of issues [153].
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4. Customer Insights: The digital twin can be used to provide customers with insights into network
performance, allowing them to better understand the quality of service they are receiving and to
make informed decisions about their telecom services [154].

Figure 11 illustrates the justification for commissioning a system controlled by digital twins [155].
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Overall, the telecom industry digital twin is a powerful tool for improving the efficiency, reliability, and
performance of telecom networks, and is likely to play an increasingly important role as the telecom industry
continues to evolve and expand.

4- Conclusion and future research work directions

A digital twin for smart manufacturing typically involves the use of sensors and other data collection tools to
gather real-time data about the physical system or process, such as machine performance, temperature,
pressure, and other parameters. This data is then fed into a digital model, which simulates the behavior of the
physical system and allows manufacturers to visualize and analyze their operations in real-time. Digital twin is a
virtual simulation of a physical system or process, which is used to monitor, control, and optimize its real-world
counterpart. In the context of smart manufacturing, a digital twin can be used to create a virtual representation
of a factory or production line, allowing manufacturers to simulate and optimize their manufacturing
processes, identify potential problems and opportunities for improvement, and make informed decisions about
production planning and resource allocation. The implementation of digital twins can significantly boost a
company's added value by improving time and cost efficiency, ensuring seamless product or process
functioning, and encouraging operational excellence. Digital twins can aid organizations in achieving improved
efficiency, better decision-making, and operational optimization by utilizing data and sophisticated analytics.
They can assist in detecting product problems before they cause damages and failure to the process of part
production. So, manufacturers can extend the life of their physical assets and machines using the application of
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digital twin in predicting and analyzing the problems and errors of manufacturing process and products. The
application of digital twin can also be applied to streamline of production procedures and save downtime in
terms of productivity enhancement of part production. Some benefits of using digital twins in smart
manufacturing include:

1. Improved productivity and efficiency: By simulating manufacturing processes and identifying potential
bottlenecks and inefficiencies, manufacturers can optimize their operations to increase productivity
and reduce waste.

2. Predictive maintenance: Digital twins can be used to monitor machine performance and detect
potential problems before they lead to downtime or costly repairs, enabling manufacturers to
schedule maintenance activities proactively.

3. Enhanced quality control: By monitoring the performance of machines and production processes in
real-time, manufacturers can detect defects and anomalies early in the production process, reducing
the likelihood of defects in finished products.

4. Reduced costs: By identifying opportunities for optimization and reducing waste, manufacturers can
save money on materials, energy, and labor costs.

Overall, the use of digital twins in smart manufacturing can help manufacturers achieve greater efficiency,
reduce costs, and improve the quality of their products. The potential of digital twins in smart manufacturing is
limitless since more and more cognitive resources are continuously being allocated to their exploitation. Since
digital twins are always learning new skills, they can keep producing the insights needed to improve products
and expedite processes. Digital twin technology is increasingly being adopted in smart manufacturing to
improve efficiency, reduce costs, and enhance product quality. Here are some areas for future research in
digital twin technology for smart manufacturing:

1. Integration with the Internet of Things (loT): The loT is a network of physical devices that are
embedded with sensors, software, and connectivity to enable data exchange. The integration of digital
twin technology with IoT can enable real-time monitoring, analysis, and control of manufacturing
processes.

2. Integration with Industry 4.0 technologies: The integration of digital twin technology with other
Industry 4.0 technologies such as the Internet of Things (loT), artificial intelligence (Al), and machine
learning can enhance the functionality and effectiveness of digital twins for smart manufacturing.

3. Multi-scale digital twins: Multi-scale digital twins can provide a more comprehensive and detailed
understanding of the manufacturing process by incorporating multiple levels of detail, from the
microscopic to the macroscopic. This approach can help identify and solve problems at different
scales, leading to better process optimization.

4. Integration with advanced analytics: Digital twin technology can provide a wealth of data on
manufacturing processes and equipment performance. By integrating digital twin technology with
advanced analytics tools such as machine learning and artificial intelligence, manufacturers can gain
deeper insights into their operations and make more informed decisions

5. Machine learning and artificial intelligence: Digital twin technology can be enhanced with machine
learning and artificial intelligence algorithms to enable predictive maintenance, real-time
optimization, and anomaly detection. This can help to reduce downtime and increase efficiency.

6. Real-time optimization: Real-time optimization using digital twins can enable manufacturers to quickly
adjust their processes to changing conditions, such as fluctuations in demand or supply chain
disruptions. This can improve process efficiency, reduce downtime, and increase overall productivity.

7. Collaboration and communication: Digital twins can facilitate collaboration and communication
between different stakeholders in the manufacturing process, including designers, engineers,
operators, and managers. Future research can focus on developing tools and platforms that enable
seamless communication and collaboration.



Journal Pre-proof

8. Optimization of supply chain processes: Digital twin technology can be used to create virtual
representations of supply chain networks, enabling manufacturers to optimize their logistics and
inventory management processes. Future research could focus on developing more sophisticated
models for supply chain optimization using digital twin technology.

9. Human-machine collaboration: As manufacturing processes become increasingly automated, it will be
important to consider the role of human workers in these environments. Future research could
explore ways to integrate digital twin technology with human-machine interfaces to improve
collaboration and decision-making.

10. Cybersecurity: With the increasing use of digital twins in manufacturing, it is important to ensure that
these virtual replicas are secure from cyber attacks. Future research can focus on developing
cybersecurity protocols and technologies to protect digital twins from malicious attacks.

11. Scalability: As concerns about environmental sustainability become more pressing, manufacturers are
looking for ways to reduce their carbon footprint and minimize waste. Digital twin technology can be
used to model the environmental impact of manufacturing processes and identify opportunities for
improvement. Digital twin technology is being used in various. industries, including aerospace,
automotive, and healthcare. Future research can focus on developing scalable digital twin solutions
that can be easily customized and deployed across different manufacturing environments.

Overall, digital twin technology has the potential to revolutionize smart manufacturing by enabling real-time
monitoring, optimization, and collaboration. Future research can focus on addressing the challenges and
limitations of digital twin technology to realize its full potential in smart manufacturing.



Journal Pre-proof

References

[1] A.M. Madni, C.C. Madni, S.D. Lucero, Leveraging digital twin technology in model-based systems
engineering, Systems, 7 (2019) 7.

[2] Z. Gao, A. Paul, X. Wang, Guest editorial: Digital twinning: Integrating Al-ML and big data analytics
for virtual representation, IEEE Transactions on Industrial Informatics, 18 (2022) 1355-1358.

[3] M. Grieves, J. Vickers, Digital twin: Mitigating unpredictable, undesirable emergent behavior in
complex systems, Transdisciplinary perspectives on complex systems: New findings and approaches,
(2017) 85-113.

[4] F. Tao, J. Cheng, Q. Qi, M. Zhang, H. Zhang, F. Sui, Digital twin-driven product design,
manufacturing and service with big data, The International Journal of Advanced Manufacturing
Technology, 94 (2018) 3563-3576.

[5] D.-G.J. Opoku, S. Perera, R. Osei-Kyei, M. Rashidi, Digital twin application in the construction
industry: A literature review, Journal of Building Engineering, 40 (2021) 102726.

[6] S. Aheleroff, X. Xu, R.Y. Zhong, Y. Lu, Digital twin as a service (DTaaS) in industry 4.0: an
architecture reference model, Advanced Engineering Informatics, 47 (2021) 101225.

[7]1 M. Mahmoodian, F. Shahrivar, S. Setunge, S. Mazaheri, Development of Digital Twin for Intelligent
Maintenance of Civil Infrastructure, Sustainability, 14 (2022) 8664.

[8] M. Singh, E. Fuenmayor, E.P. Hinchy, Y. Qiao, N. Murray, D. Devine, Digital twin: Origin to future,
Applied System Innovation, 4 (2021) 36.

[9] P.F. Borowski, Digitization, digital twins, blockchain, and industry 4.0 as elements of management
process in enterprises in the energy sector, Energies, 14 (2021) 1885.

[10] K.Y.H. Lim, P. Zheng, C.-H. Chen, A state-of-the-art survey of Digital Twin: techniques,
engineering product lifecycle management and business innovation perspectives, Journal of
Intelligent Manufacturing, 31 (2020) 1313-1337.

[11] A. Yasin, T.Y. Pang, C.-T. Cheng, M. Miletic, A roadmap to integrate digital twins for small and
medium-sized enterprises, Applied Sciences, 11 (2021) 9479.

[12] J. Ulmer, S. Braun, C.-T. Cheng, S. Dowey, J. Wollert, Usage of digital twins for gamification
applications in manufacturing, Procedia CIRP, 107 (2022) 675-680.

[13] A.-R. Al-Ali, R. Gupta, T. Zaman Batool, T. Landolsi, F. Aloul, A. Al Nabulsi, Digital twin conceptual
model within the context of internet of things, Future Internet, 12 (2020) 163.

[14] A. Ladj, Z. Wang, O. Meski, F. Belkadi, M. Ritou, C. Da Cunha, A knowledge-based Digital Shadow
for machining industry in a Digital Twin perspective, Journal of Manufacturing Systems, 58 (2021)
168-179.

[15] P. Stavropoulos, D. Mourtzis, Digital twins in industry 4.0, Design and operation of production
networks for mass personalization in the era of cloud technology, Elsevier, 2022, pp. 277-316.

[16] S. Mittal, M.A. Khan, D. Romero, T. Wuest, A critical review of smart manufacturing & Industry
4.0 maturity models: Implications for small and medium-sized enterprises (SMEs), Journal of
manufacturing systems, 49 (2018) 194-214.

[17] S. Ren, Y. Zhang, Y. Liu, T. Sakao, D. Huisingh, C.M. Almeida, A comprehensive review of big data
analytics throughout product lifecycle to support sustainable smart manufacturing: A framework,
challenges and future research directions, Journal of cleaner production, 210 (2019) 1343-1365.

[18] M. Mehrpouya, A. Dehghanghadikolaei, B. Fotovvati, A. Vosooghnia, S.S. Emamian, A. Gisario,
The potential of additive manufacturing in the smart factory industrial 4.0: A review, Applied
Sciences, 9 (2019) 3865.

[19] Q. Qj, F. Tao, Y. Zuo, D. Zhao, Digital twin service towards smart manufacturing, Procedia Cirp, 72
(2018) 237-242.

[20] J. Leng, D. Wang, W. Shen, X. Li, Q. Liu, X. Chen, Digital twins-based smart manufacturing system
design in Industry 4.0: A review, Journal of manufacturing systems, 60 (2021) 119-137.

[21] S. Konstantinov, M. Ahmad, K. Ananthanarayan, R. Harrison, The cyber-physical e-machine
manufacturing system: Virtual engineering for complete lifecycle support, Procedia CIRP, 63 (2017)
119-124.



Journal Pre-proof

[22] Q.-T. Nguyen, T.N. Tran, C. Heuchenne, K.P. Tran, Decision Support Systems for Anomaly
Detection with the Applications in Smart Manufacturing: a survey and perspective, Machine Learning
and Probabilistic Graphical Models for Decision Support Systems, CRC Press, 2021, pp. 34-61.

[23] J. Bao, D. Guo, J. Li, J. Zhang, The modelling and operations for the digital twin in the context of
manufacturing, Enterprise Information Systems, 13 (2019) 534-556.

[24] D. Lee, S. Lee, Digital twin for supply chain coordination in modular construction, Applied
Sciences, 11 (2021) 5909.

[25] M. Bevilacqua, E. Bottani, F.E. Ciarapica, F. Costantino, L. Di Donato, A. Ferraro, G. Mazzuto, A.
Monteril, G. Nardini, M. Ortenzi, Digital twin reference model development to prevent operators’
risk in process plants, Sustainability, 12 (2020) 1088.

[26] H. Jiang, S. Qin, J. Fu, J. Zhang, G. Ding, How to model and implement connections between
physical and virtual models for digital twin application, Journal of Manufacturing Systems, 58 (2021)
36-51.

[27] H.H. Hosamo, P.R. Svennevig, K. Svidt, D. Han, H.K. Nielsen, A Digital Twin predictive
maintenance framework of air handling units based on automatic fault detection and diagnostics,
Energy and Buildings, 261 (2022) 111988.

[28] T.D. Moshood, G. Nawanir, S. Sorooshian, O. Okfalisa, Digital twins driven supply chain visibility
within logistics: A new paradigm for future logistics, Applied System Innovation, 4 (2021) 29.

[29] T. Defraeye, C. Shrivastava, T. Berry, P. Verboven, D. Onwude, S. Schudel, A. Bihlmann, P.
Cronje, R.M. Rossi, Digital twins are coming: Will we need them in supply chains of fresh horticultural
produce?, Trends in Food Science & Technology, 109 (2021) 245-258.

[30] M. Hassan, M. Svadling, N. Bjorsell, Experience from implementing digital twins for maintenance
in industrial processes, Journal of Intelligent Manufacturing, (2023) 1-10.

[31] J. Wang, L. Ye, R.X. Gao, C. Li, L. Zhang, Digital Twin for rotating machinery fault diagnosis in
smart manufacturing, International Journal of Production Research, 57 (2019) 3920-3934.

[32] Q. Liu, H. Zhang, J. Leng, X. Chen, Digital twin-driven rapid individualised designing of automated
flow-shop manufacturing system, International Journal of Production Research, 57 (2019) 3903-3919.
[33]J. Leng, Q. Liuy, S. Ye, J. Jing, Y. Wang, C. Zhang, D. Zhang, X. Chen, Digital twin-driven rapid
reconfiguration of the automated manufacturing system via an open architecture model, Robotics
and Computer-Integrated Manufacturing, 63 (2020) 101895.

[34] J. Leng, Z. Chen, W. Sha, Z. Lin, J. Lin, Q. Liu, Digital twins-based flexible operating of open
architecture production line for individualized manufacturing, Advanced Engineering Informatics, 53
(2022) 101676.

[35] J. Leng, H. Zhang, D. Yan, Q. Liu, X. Chen, D. Zhang, Digital twin-driven manufacturing cyber-
physical system for parallel controlling of smart workshop, Journal of ambient intelligence and
humanized computing, 10 (2019) 1155-1166.

[36] L. Li, B. Lei, C. Mao, Digital twin in smart manufacturing, Journal of Industrial Information
Integration, 26 (2022) 100289.

[37]1Y. Ly, C. Liu, I. Kevin, K. Wang, H. Huang, X. Xu, Digital Twin-driven smart manufacturing:
Connotation, reference model, applications and research issues, Robotics and Computer-Integrated
Manufacturing, 61 (2020) 101837.

[38] L. Lattanzi, R. Raffaeli, M. Peruzzini, M. Pellicciari, Digital twin for smart manufacturing: A review
of concepts towards a practical industrial implementation, International Journal of Computer
Integrated Manufacturing, 34 (2021) 567-597.

[39] Y. Wang, X. Kang, Z. Chen, A survey of digital twin techniques in smart manufacturing and
management of energy applications, Green Energy and Intelligent Transportation, (2022) 100014.
[40] F. Tao, H. Zhang, A. Liu, A.Y. Nee, Digital twin in industry: State-of-the-art, IEEE Transactions on
industrial informatics, 15 (2018) 2405-2415.

[41] M. Soori, B. Arezoo, M. Habibi, Accuracy analysis of tool deflection error modelling in prediction
of milled surfaces by a virtual machining system, International Journal of Computer Applications in
Technology, 55 (2017) 308-321.



Journal Pre-proof

[42] M. Soori, B. Arezoo, M. Habibi, Virtual machining considering dimensional, geometrical and tool
deflection errors in three-axis CNC milling machines, Journal of Manufacturing Systems, 33 (2014)
498-507.

[43] M. Soori, B. Arezoo, M. Habibi, Dimensional and geometrical errors of three-axis CNC milling
machines in a virtual machining system, Computer-Aided Design, 45 (2013) 1306-1313.

[44] M. Soori, B. Arezoo, M. Habibi, Tool deflection error of three-axis computer numerical control
milling machines, monitoring and minimizing by a virtual machining system, Journal of Manufacturing
Science and Engineering, 138 (2016).

[45] M. Soori, M. Asmael, D. Solyali, Recent Development in Friction Stir Welding Process: A Review,
SAE International Journal of Materials and Manufacturing, (2020) 18.

[46] M. Soori, M. Asmael, Virtual Minimization of Residual Stress and Deflection Error in Five-Axis
Milling of Turbine Blades, Strojniski Vestnik/Journal of Mechanical Engineering, 67 (2021) 235-244.
[47] M. Soori, M. Asmael, Cutting temperatures in milling operations of difficult-to-cut materials,
Journal of New Technology and Materials, 11 (2021) 47-56.

[48] M. Soori, M. Asmael, A. Khan, N. Farouk, Minimization of surface roughness in 5-axis milling of
turbine blades, Mechanics Based Design of Structures and Machines, (2021) 1-18.

[49] M. Soori, M. Asmael, MINIMIZATION OF DEFLECTION ERROR IN FIVE AXIS MILLING OF IMPELLER
BLADES, Facta Universitatis, series: Mechanical Engineering, (2021).

[50] M. Soori, Virtual product development, GRIN Verlag, 2019.

[51] M. Soori, M. Asmael, A Review of the Recent Development in Machining Parameter
Optimization, Jordan Journal of Mechanical & Industrial Engineering, 16 (2022) 205-223.

[52] R. Dastres, M. Soori, M. Asmael, RADIO FREQUENCY IDENTIFICATION (RFID) BASED WIRELESS
MANUFACTURING SYSTEMS, A REVIEW, Independent Journal of Management & Production, 13
(2022) 258-290.

[53] M. Soori, B. Arezoo, R. Dastres, Machine Learning and Artificial Intelligence in CNC Machine
Tools, A Review, Sustainable Manufacturing and Service Economics, (2023) 100009.

[54] M. Soori, B. Arezoo, A Review in Machining-Induced Residual Stress, Journal of New Technology
and Materials, 12 (2022) 64-83.

[55] M. Soori, B. Arezoo, Minimization of Surface Roughness and Residual Stress in Grinding
Operations of Inconel 718, Journal of Materials Engineering and Performance, (2022) 1-10.

[56] M. Soori, B. Arezoo, Cutting Tool Wear Prediction in Machining Operations, A Review, Journal of
New Technology and Materials, 12 (2022) 15-26.

[57] M. Soori, M. Asmael, Classification of research and applications of the computer aided process
planning in manufacturing systems, Independent Journal of Management & Production, 12 (2021)
1250-1281.

[58] R. Dastres, M. Soori, Advances in Web-Based Decision Support Systems, International Journal of
Engineering and Future Technology, 19 (2021) 1-15.

[59] R. Dastres, M. Soori, Artificial Neural Network Systems, International Journal of Imaging and
Robotics (JIR), 21 (2021) 13-25.

[60] R. Dastres, M. Soori, The Role of Information and Communication Technology (ICT) in
Environmental Protection, International Journal of Tomography and Simulation, 35 (2021) 24-37.
[61] R. Dastres, M. Soori, Secure Socket Layer in the Network and Web Security, International Journal
of Computer and Information Engineering, 14 (2020) 330-333.

[62] R. Dastres, M. Soori, Advances in Web-Based Decision Support Systems, International Journal of
Engineering and Future Technology, (2021).

[63] R. Dastres, M. Soori, A review in recent development of network threats and security measures,
International Journal of Information Sciences and Computer Engineering, (2021).

[64] R. Dastres, M. Soori, Advanced image processing systems, International Journal of Imagining and
Robotics, 21 (2021) 27-44.

[65] M. Soori, B. Arezoo, Dimensional, geometrical, thermal and tool deflection errors compensation
in 5-Axis CNC milling operations, Australian Journal of Mechanical Engineering, (2023) 1-15.



Journal Pre-proof

[66] M. Soori, B. Arezoo, R. Dastres, Artificial Intelligence, Machine Learning and Deep Learning in
Advanced Robotics, A Review, Cognitive Robotics, 3 (2023) 54-70.

[67] M. Soori, B. Arezoo, Effect of Cutting Parameters on Tool Life and Cutting Temperature in Milling
of AISI 1038 Carbon Steel, Journal of New Technology and Materials, (2023).

[68] M. Soori, B. Arezoo, The effects of coolant on the cutting temperature, surface roughness and
tool wear in turning operations of Ti6Al4V alloy, Mechanics Based Design of Structures and
Machines, (2023) 1-23.

[69] M. Soori, Advanced Composite Materials and Structures, Journal of Materials and Engineering
Structures, (2023).

[70] M. Soori, B. Arezoo, R. Dastres, Internet of things for smart factories in industry 4.0, a review,
Internet of Things and Cyber-Physical Systems, (2023).

[71] M. Soori, B. Arezoo, Cutting tool wear minimization in drilling operations of titanium alloy Ti-6Al-
4V, Proceedings of the Institution of Mechanical Engineers, Part J: Journal of Engineering Tribology,
(2023) 13506501231158259.

[72] M. Soori, B. Arezoo, Minimization of surface roughness and residual stress in abrasive water jet
cutting of titanium alloy Ti6Al4V, Proceedings of the Institution of Mechanical Engineers, Part E:
Journal of Process Mechanical Engineering, (2023) 09544089231157972.

[73] G. Mylonas, A. Kalogeras, G. Kalogeras, C. Anagnostopoulos, C. Alexakos, L. Mufioz, Digital twins
from smart manufacturing to smart cities: A survey, leee Access, 9 (2021) 143222-143249.

[74] MLL. Ali, P. Patel, J.G. Breslin, R. Harik, A. Sheth, Cognitive digital twins for smart manufacturing,
IEEE Intelligent Systems, 36 (2021) 96-100.

[75] G. Shao, S. Jain, C. Laroque, L.H. Lee, P. Lendermann, O. Rose, Digital twin for smart
manufacturing: the simulation aspect, 2019 Winter Simulation Conference (WSC), IEEE, 2019, pp.
2085-2098.

[76] Q. Liu, J. Leng, D. Yan, D. Zhang, L. Wei, A. Yu, R. Zhao, H. Zhang, X. Chen, Digital twin-based
designing of the configuration, motion, control, and optimization model of a flow-type smart
manufacturing system, Journal of Manufacturing Systems, 58 (2021) 52-64.

[77] P. Zheng, A.S. Sivabalan, A generic tri-model-based approach for product-level digital twin
development in a smart manufacturing environment, Robotics and Computer-Integrated
Manufacturing, 64 (2020) 101958.

[78] S. Abburu, A.J. Berre, M. Jacoby, D. Roman, L. Stojanovic, N. Stojanovic, Cognitwin—hybrid and
cognitive digital twins for the process industry, 2020 IEEE International Conference on Engineering,
Technology and Innovation (ICE/ITMC), IEEE, 2020, pp. 1-8.

[79] D. Ito, H. Ishida, Digital Twin Technology for Continuous Improvement at Manufacturing Sites,
Benefits, 2 (2020) 2.

[80] Y. Chen, 0. Yang, C. Sampat, P. Bhalode, R. Ramachandran, M. lerapetritou, Digital twins in
pharmaceutical and biopharmaceutical manufacturing: a literature review, Processes, 8 (2020) 1088.
[81] S. Boschert, R. Rosen, Digital twin—the simulation aspect, Mechatronic futures: Challenges and
solutions for mechatronic systems and their designers, (2016) 59-74.

[82] D.A. Howard, Z. Ma, J.M. Aaslyng, B.N. Jgrgensen, Data architecture for digital twin of
commercial greenhouse production, 2020 RIVF International Conference on Computing and
Communication Technologies (RIVF), IEEE, 2020, pp. 1-7.

[83] C. Zhuang, J. Liu, H. Xiong, Digital twin-based smart production management and control
framework for the complex product assembly shop-floor, The international journal of advanced
manufacturing technology, 96 (2018) 1149-1163.

[84] Q. Qj, F. Tao, T. Hu, N. Anwer, A. Liu, Y. Wei, L. Wang, A. Nee, Enabling technologies and tools for
digital twin, Journal of Manufacturing Systems, 58 (2021) 3-21.

[85] K. Ding, F.T. Chan, X. Zhang, G. Zhou, F. Zhang, Defining a digital twin-based cyber-physical
production system for autonomous manufacturing in smart shop floors, International Journal of
Production Research, 57 (2019) 6315-6334.

[86] W.-G. Kim, N. Ham, J.-J. Kim, Enhanced subcontractors allocation for apartment construction
project applying conceptual 4d digital twin framework, Sustainability, 13 (2021) 11784.



Journal Pre-proof

[87] F. Tao, M. Zhang, Digital twin shop-floor: a new shop-floor paradigm towards smart
manufacturing, leee Access, 5 (2017) 20418-20427.

[88] C. Lo, C. Chen, R.Y. Zhong, A review of digital twin in product design and development, Advanced
Engineering Informatics, 48 (2021) 101297.

[89] H. Guo, M. Chen, K. Mohamed, T. Qu, S. Wang, J. Li, A digital twin-based flexible cellular
manufacturing for optimization of air conditioner line, Journal of Manufacturing Systems, 58 (2021)
65-78.

[90] X. Sun, J. Bao, J. Li, Y. Zhang, S. Liu, B. Zhou, A digital twin-driven approach for the assembly-
commissioning of high precision products, Robotics and Computer-Integrated Manufacturing, 61
(2020) 101839.

[91] M. Liu, S. Fang, H. Dong, C. Xu, Review of digital twin about concepts, technologies, and
industrial applications, Journal of Manufacturing Systems, 58 (2021) 346-361.

[92] A. Barni, A. Fontana, S. Menato, M. Sorlini, L. Canetta, Exploiting the digital twin in the
assessment and optimization of sustainability performances, 2018 International conference on
intelligent systems (1S), IEEE, 2018, pp. 706-713.

[93] A. Khan, F. Shahid, C. Maple, A. Ahmad, G. Jeon, Toward smart manufacturing using spiral digital
twin framework and twinchain, IEEE Transactions on Industrial Informatics, 18 (2020) 1359-1366.
[94] H. Zhang, Q. Liu, X. Chen, D. Zhang, J. Leng, A digital twin-based approach for designing and
multi-objective optimization of hollow glass production line, leee Access, 5 (2017) 26901-26911.
[95] S.S. Johansen, A.R. Nejad, On digital twin condition monitoring approach for drivetrains in
marine applications, International Conference on Offshore Mechanics and Arctic Engineering,
American Society of Mechanical Engineers, 2019, pp. VO10TO09A013.

[96] M. Singh, R. Srivastava, E. Fuenmayor, V. Kuts, Y. Qiao, N. Murray, D. Devine, Applications of
Digital Twin across industries: a review, Applied Sciences, 12 (2022) 5727.

[97] V. Kharchenko, O. Illiashenko, O. Morozova, S. Sokolov, Combination of digital twin and artificial
intelligence in manufacturing using industrial loT, 2020 IEEE 11th international conference on
dependable systems, services and technologies (DESSERT), IEEE, 2020, pp. 196-201.

[98] C. Li, P. Zheng, S. Li, Y. Pang, C.K. Lee, AR-assisted digital twin-enabled robot collaborative
manufacturing system with human-in-the-loop, Robotics and Computer-Integrated Manufacturing,
76 (2022) 102321.

[99] C. Coupry, S. Noblecourt, P. Richard, D. Baudry, D. Bigaud, BIM-Based digital twin and XR devices
to improve maintenance procedures in smart buildings: A literature review, Applied Sciences, 11
(2021) 6810.

[100] Y. Yin, P. Zheng, C. Li, L. Wang, A state-of-the-art survey on Augmented Reality-assisted Digital
Twin for futuristic human-centric industry transformation, Robotics and Computer-Integrated
Manufacturing, 81 (2023) 102515.

[101] A. Afandi, N. Eltivia, S.H. Sakdiyah, Marketing Dashboard as an Early Warning on PR. Gagak
Hitam, Journal of Applied Business, Taxation and Economics Research, 2 (2022) 157-168.

[102] S. Paiva, M.A. Ahad, G. Tripathi, N. Feroz, G. Casalino, Enabling technologies for urban smart
mobility: Recent trends, opportunities and challenges, Sensors, 21 (2021) 2143.

[103] X. Wang, Y. Wang, F. Tao, A. Liu, New paradigm of data-driven smart customisation through
digital twin, Journal of manufacturing systems, 58 (2021) 270-280.

[104] L. Hou, S. Wu, G. Zhang, Y. Tan, X. Wang, Literature review of digital twins applications in
construction workforce safety, Applied Sciences, 11 (2020) 339.

[105] V. Weerapura, R. Sugathadasa, M.M. De Silva, I. Nielsen, A. Thibbotuwawa, Feasibility of Digital
Twins to Manage the Operational Risks in the Production of a Ready-Mix Concrete Plant, Buildings,
13 (2023) 447.

[106] T.Y. Melesse, V. Di Pasquale, S. Riemma, Digital Twin models in industrial operations: State-of-
the-art and future research directions, IET Collaborative Intelligent Manufacturing, 3 (2021) 37-47.
[107] J.A. Douthwaite, B. Lesage, M. Gleirscher, R. Calinescu, J.M. Aitken, R. Alexander, J. Law, A
modular digital twinning framework for safety assurance of collaborative robotics, Frontiers in
Robotics and Al, 8 (2021) 758099.



Journal Pre-proof

[108] P. Aivaliotis, K. Georgoulias, G. Chryssolouris, The use of Digital Twin for predictive
maintenance in manufacturing, International Journal of Computer Integrated Manufacturing, 32
(2019) 1067-1080.

[109] G. Falekas, A. Karlis, Digital twin in electrical machine control and predictive maintenance:
state-of-the-art and future prospects, Energies, 14 (2021) 5933.

[110] M. Xiong, H. Wang, Q. Fu, Y. Xu, Digital twin—driven aero-engine intelligent predictive
maintenance, The International Journal of Advanced Manufacturing Technology, 114 (2021) 3751-
3761.

[111] F.K. Moghadam, G.F.d.S. Rebougas, A.R. Nejad, Digital twin modeling for predictive
maintenance of gearboxes in floating offshore wind turbine drivetrains, Forschung im
Ingenieurwesen, 85 (2021) 273-286.

[112] J. Yang, Y. Sun, Y. Cao, X. Hu, Predictive maintenance for switch machine based on digital twins,
Information, 12 (2021) 485.

[113] S.V. Rao, Using a digital twin in predictive maintenance, Journal of Petroleum Technology, 72
(2020) 42-44.

[114]S. Mi, Y. Feng, H. Zheng, Y. Wang, Y. Gao, J. Tan, Prediction maintenance integrated decision-
making approach supported by digital twin-driven cooperative awareness and interconnection
framework, Journal of Manufacturing Systems, 58 (2021) 329-345.

[115] H. Liu, M. Xia, D. Williams, J. Sun, H. Yan, Digital Twin-Driven Machine Condition Monitoring: A
Literature Review, Journal of Sensors, 2022 (2022).

[116] S. Huang, G. Wang, D. Lei, Y. Yan, Toward digital validation for rapid product development
based on digital twin: a framework, The International Journal of Advanced Manufacturing
Technology, (2022) 1-15.

[117] E. Yildiz, C. Mgller, A. Bilberg, Demonstration and evaluation of a digital twin-based virtual
factory, The International Journal of Advanced Manufacturing Technology, 114 (2021) 185-203.
[118] H. Guo, Y. Zhu, Y. Zhang, Y. Ren, M. Chen, R. Zhang, A digital twin-based layout optimization
method for discrete manufacturing workshop, The International Journal of Advanced Manufacturing
Technology, 112 (2021) 1307-1318.

[119] M. Moreno-Benito, K.T. Lee, D. Kaydanov, H.M. Verrier, D.O. Blackwood, P. Doshi, Digital twin
of a continuous direct compression line for drug product and process design using a hybrid flowsheet
modelling approach, International Journal of Pharmaceutics, 628 (2022) 122336.

[120] S. Ma, W. Ding, Y. Liu, S. Ren, H. Yang, Digital twin and big data-driven sustainable smart
manufacturing based oninformation management systems for energy-intensive industries, Applied
Energy, 326 (2022) 119986.

[121] M. Ugarte Querejeta, M. lllarramendi Rezabal, G. Unamuno, J.L. Bellanco, E. Ugalde, A. Valor
Valor, Implementation of a holistic digital twin solution for design prototyping and virtual
commissioning, IET Collaborative Intelligent Manufacturing, 4 (2022) 326-335.

[122] W. Shen, T. Hu, Y.Yin, J. He, F. Tao, A. Nee, Digital twin based virtual commissioning for
computerized numerical control machine tools, Digital twin driven smart design, Elsevier, 2020, pp.
289-307.

[123] K. Mykoniatis, G.A. Harris, A digital twin emulator of a modular production system using a data-
driven hybrid modeling and simulation approach, Journal of Intelligent Manufacturing, (2021) 1-13.
[124] J. Wang, X. Niu, R.X. Gao, Z. Huang, R. Xue, Digital twin-driven virtual commissioning of
machine tool, Robotics and Computer-Integrated Manufacturing, 81 (2023) 102499.

[125] C. Scheifele, A. Verl, O. Riedel, Real-time co-simulation for the virtual commissioning of
production systems, Procedia CIRP, 79 (2019) 397-402.

[126] M. Ugarte, L. Etxeberria, G. Unamuno, J.L. Bellanco, E. Ugalde, Implementation of Digital Twin-
based Virtual Commissioning in Machine Tool Manufacturing, Procedia Computer Science, 200 (2022)
527-536.

[127] T. Lechler, E. Fischer, M. Metzner, A. Mayr, J. Franke, Virtual Commissioning—Scientific review
and exploratory use cases in advanced production systems, Procedia CIRP, 81 (2019) 1125-1130.



Journal Pre-proof

[128] G.B. Ozturk, Digital twin research in the AECO-FM industry, Journal of Building Engineering, 40
(2021) 102730.

[129] M. Bertoni, A. Bertoni, Designing solutions with the product-service systems digital twin: What
is now and what is next?, Computers in Industry, 138 (2022) 103629.

[130] Q. Qj, F. Tao, Digital twin and big data towards smart manufacturing and industry 4.0: 360
degree comparison, leee Access, 6 (2018) 3585-3593.

[131]Y.Yi, Y. Yan, X. Liu, Z. Ni, J. Feng, J. Liu, Digital twin-based smart assembly process design and
application framework for complex products and its case study, Journal of Manufacturing Systems,
58 (2021) 94-107.

[132] A. Bilberg, A.A. Malik, Digital twin driven human—-robot collaborative assembly, CIRP annals, 68
(2019) 499-502.

[133] Q. Bao, G. Zhao, Y. Yu, S. Dai, W. Wang, Ontology-based modeling of part digital twin oriented
to assembly, Proceedings of the Institution of Mechanical Engineers, Part B: Journal of Engineering
Manufacture, 236 (2022) 16-28.

[134] G. Bachelor, E. Brusa, D. Ferretto, A. Mitschke, Model-based design of complex aeronautical
systems through digital twin and thread concepts, IEEE Systems Journal, 14 (2019) 1568-1579.

[135] J. Conde, A. Munoz-Arcentales, M. Romero, J. Rojo, J. Salvachua, G. Huecas, A. Alonso, Applying
digital twins for the management of information in turnaround event operations in commercial
airports, Advanced Engineering Informatics, 54 (2022) 101723.

[136] P.P. Oliveira, Digital twin development for airport management, Journal of Airport
Management, 14 (2020) 246-259.

[137] X. Zhang, W. Zhu, Application framework of digital twin-driven product smart manufacturing
system: A case study of aeroengine blade manufacturing, International Journal of Advanced Robotic
Systems, 16 (2019) 1729881419880663.

[138] D. Piromalis, A. Kantaros, Digital twins in the automotive industry: The road toward physical-
digital convergence, Applied System Innovation, 5 (2022) 65.

[139] V. Damjanovic-Behrendt, A digital twin-based privacy enhancement mechanism for the
automotive industry, 2018 International Conference on Intelligent Systems (1S), IEEE, 2018, pp. 272-
279.

[140] P. Cooke, Image and reality:‘digital twins’ in smart factory automotive process innovation—
critical issues, Regional Studies, 55 (2021) 1630-1641.

[141] F. Toso, R. Torchio, A. Favato, P.G. Carlet, S. Bolognani, P. Alotto, Digital twins as electric motor
soft-sensors in the automotive industry, 2021 IEEE International Workshop on Metrology for
Automotive (MetroAutomotive), IEEE, 2021, pp. 13-18.

[142] P. Ayeni, P. Ball, T. Baines, Towards the strategic adoption of Lean in aviation Maintenance
Repair and Overhaul (MRO) industry: An empirical study into the industry’s Lean status, Journal of
Manufacturing Technology Management, (2016).

[143] M. Horvathova, R. Lacko, Z. Hajduova, Using industry 4.0 concept—digital twin—to improve the
efficiency of leather cutting in automotive industry, Quality Innovation Prosperity, 23 (2019) 01-12.
[144] C.K. Liu, D. Negrut, The role of physics-based simulators in robotics, Annual Review of Control,
Robotics, and Autonomous Systems, 4 (2021) 35-58.

[145] M. Ibrahim, A. Rassdlkin, T. Vaimann, A. Kallaste, Overview on digital twin for autonomous
electrical vehicles propulsion drive system, Sustainability, 14 (2022) 601.

[146] S.Y. Teng, M. Tous, W.D. Leong, B.S. How, H.L. Lam, V. Masa, Recent advances on industrial
data-driven energy savings: Digital twins and infrastructures, Renewable and Sustainable Energy
Reviews, 135 (2021) 110208.

[147] S.K. Andryushkevich, S.P. Kovalyov, E. Nefedov, Composition and application of power system
digital twins based on ontological modeling, 2019 IEEE 17th International Conference on Industrial
Informatics (INDIN), IEEE, 2019, pp. 1536-1542.

[148] S. Agostinelli, F. Cumo, M.M. Nezhad, G. Orsini, G. Piras, Renewable Energy System Controlled
by Open-Source Tools and Digital Twin Model: Zero Energy Port Area in Italy, Energies, 15 (2022)
1817.



Journal Pre-proof

[149] W. Yu, P. Patros, B. Young, E. Klinac, T.G. Walmsley, Energy digital twin technology for industrial
energy management: Classification, challenges and future, Renewable and Sustainable Energy
Reviews, 161 (2022) 112407.

[150] H. Ahmadi, A. Nag, Z. Khar, K. Sayrafian, S. Rahardja, Networked twins and twins of networks:
An overview on the relationship between digital twins and 6G, IEEE Communications Standards
Magazine, 5 (2021) 154-160.

[151] Y. He, J. Guo, X. Zheng, From surveillance to digital twin: Challenges and recent advances of
signal processing for industrial internet of things, IEEE Signal Processing Magazine, 35 (2018) 120-
129.

[152] J. Lopez, J.E. Rubio, C. Alcaraz, Digital twins for intelligent authorization in the B5G-enabled
smart grid, IEEE Wireless Communications, 28 (2021) 48-55.

[153] H. Darvishi, D. Ciuonzo, E.R. Eide, P.S. Rossi, Sensor-fault detection, isolation and
accommodation for digital twins via modular data-driven architecture, IEEE Sensors Journal, 21
(2020) 4827-4838.

[154] S. Suhail, R. Hussain, R. Jurdak, C.S. Hong, Trustworthy digital twins in the industrial internet of
things with blockchain, IEEE Internet Computing, 26 (2021) 58-67.

[155] J. Leng, M. Zhou, Y. Xiao, H. Zhang, Q. Liu, W. Shen, Q. Su, L. Li, Digital twins-based remote
semi-physical commissioning of flow-type smart manufacturing systems, Journal of Cleaner
Production, 306 (2021) 127278.



Journal Pre-proof

Declaration of Competing Interest

Digital Twin for Smart Manufacturing, A Review.

There is no Conflict of Interest



