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ABSTRACT
In the era of digitalization, there are many emerging technologies, such as the Internet of Things (IoT), Digital Twin (DT), Cloud Computing and Artificial Intelligence (AI), which are quickly developped and used in product design and development. Among those technologies, DT is one promising technology which has been widely used in different industries, especially manufacturing, to monitor the performance, optimize the progresses, simulate the results and predict the potential errors. DT also plays various roles within the whole product lifecycle from design, manufacturing, delivery, use and end-of-life. With the growing demands of individualized products and implementation of Industry 4.0, DT can provide an effective solution for future product design, development and innovation. This paper aims to figure out the current states of DT research focusing on product design and development through summarizing typical industrial cases. Challenges and potential applications of DT in product design and development are also discussed to inspire future studies.
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1.  INTRODUCTION
In recent years, the product design and development industry are moving to evolve into a comprehensive digital era. Various computer-aided technologies, i.e. Computer-aided design (CAD) and computer-aided engineering (CAE), are available to assist the designers and engineers effectively generating a new product design [56, 59]. CAD software is an essential and fundamental engineering tool so that most engineers can create 3D models for design assistance and verification. Therefore, CAD is an indispensable tool for product designers and design engineers. With the development of collaborative design environment, different parties, i.e. customers, manufacturers and designers, can exchange and share their idea and knowledge on the design stage. Therefore, the engineering models have become much more complicated [1, 3]. The digital models are mainly used to examine product performance, simulate manufacturing process and verify design feasibility. However, how to optimise the use of those models to enhance the design process and design collaboration is still needed to be investigated. The emergence of digital twin (DT) enriches the application of these models to several areas, and it is beneficial to enhance the traditional product design and development processes [4].
The concept of DT was firstly introduced in 2002 by Dr Michael Grieves from University of Michigan and it was called ''Conceptual Ideal for product lifecycle management (PLM)'' representing the linkage between real space and virtual space [6]. There were many definitions and terms used to describe that, digital avatars [57], digital master [132], digital shadows [131] and digital double [58]. Until NASA employed the terms “Digital Twin” in 2010 Technology Area 12 report [7], DT thus was widely accepted and used to represent the technology that duplicates and linkage of the physical objects and digital models. The first paper related to DT was published in 2011 [4] and the number of DT research has rapidly grown in recent years and expanded to different areas. The world-leading advisory company, Gartner, raised DT as one of the top ten strategic technologies in their annual industrial trends reports from 2017 to 2019 [48, 59]. It is forecasted that DT market will reach $15.66 billion by 2023 at a yearly growth rate of 37.87% [60]. DT is now in the rapid growth stage [4] and this research focuses on the state-of-art of DT in product design. 
In the current product design process, 3D models are commonly used to assist designers and engineers to visualise the design concept, simulate the design performance and review the manufacturing procedures by using computer-aided manufacturing (CAM) software. DT enabled new developing product will be built when the digital model linkup with the product or prototype to improve all stages of new product development (NPD), i.e. idea generation, market analysis, product design and development, testing and commercialization [130, 131]. With varies applications of DT defined or being investigated, DT can play different roles in NPD, e.g. monitoring, simulating, diagnosing, predicting, etc [4].  As shown in Figure 1, product design is the initial stage of the product lifecycle that can affect directly to the subsequent stages, i.e. manufacturing, delivery, use and end-of-life [9, 10]. Therefore, developing and applying DT in the design stage is not only optimising the design processes (i.e. assisting design decision making, elevating design performance, predicting product features, etc.) but also be beneficial to upcoming events (e.g. manufacturing planning, product health monitoring, recycling management, etc.). This paper aims to figure out the distribution of DT research areas and current development of DT specialised in product design and development. Related research outcomes and states are summarised the current challenges in DT product design and development. Based on the review, some potential directions of DT in product design and development are suggested.
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Figure 1. Product lifecycle DT model
The rest of the paper is organized as follows. Section 2 describes the research methodology used in this paper. Section 3 provides a statistical analysis and discussion on the searched result. Section 4 summarizes the DT related literature and industrial applications contributed to product design and development as well as classifies their outcomes. Section 5 discusses the challenges and suggests the potential direction for future study. Finally, Section 6 concludes this paper.
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Figure 2. Summary of research methodology

2. METHODOLOGY 
2.1. Research Method
The articles published from 2011 to 2020 are searched with specific keywords, e.g. digital twin, digital twin product design, digital twin product development, digital twin product lifecycle, etc. Those papers are sourced from Engineering Village, Scopus and Web of Science, and the document types are limited to peer reviewed journal article and conference papers published in English. The industrial cases and white papers issued by the leading companies are also collected and reviewed. This paper targets to discover the trends of DT in popular research areas and review DT development in product design. The review methodology and workflow are summarized in Figure 2. A large number of papers has been initially searched, and some are not directly related to DT and product design or contains the keyword string separately. The titles and abstracts are read to screen out the irrelevant papers. The results are further discussed and analysed in detail in Section 3.
2.2. Classification
DT is widely applied in several research areas and procedures [62]. For accurate and effective analysis, the papers are classified by their research area, stages of the product lifecycle, stages of new product development and literature types as shown in Figure 3. First, the literature is summarised and assorted into widespread research areas [133, 134]. Eight popular areas are categorized, i.e. Manufacturing, ICT, Building & Smart City, Aerospace, Automotive, Energy, Medical & Healthcare, Education and Others. It can be figured out that the distribution of DT research in the last ten years is increasing. Then, product lifecycle related literature is sorted out and further classified to product design, production, logistic, use and end-of-life. Next, the papers are assorted by the literature types, i.e. concept, review and case Study. Finally, those literatures are classified by the stages of NPD, i.e. idea generation, market analysis, product design and development, testing, and commercialization, to analyse the application in each stage.  The statistics and trends are shown in Section 3, and details of DT in product design and development aspect are discussed and summarised in Section 4.
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Figure 3. Literature classification approach

3. ANALYSIS AND DISCUSSION
3.1 Overview
The search results are analysed according to the suggested classification and discussed in this section. As shown in Table 1, there are 732 papers under the decided research methodology, and 60 are directly related to DT after screening. The rejected literature is caused by the over-general search, such as taking DT as an example but without further study or including the keywords, e.g. digital, twin, master, design, etc., separately. After screening and classification, the manufacturing and product design related papers are 309 and 46 separately. Most literature is searched from Scopus, and 472 relevant papers arefound. Also, 11 white papers and news published by the industrial giants and venders, e.g. Siemens, General Electric, PTC, Microsoft, etc., are found. The product design related literature and white papers are further analysed in detail in Section 4.
Table 1. Summary of the search results
	Sources
	Number of papers
	Number of papers after screening

	
	
	DT-related
	Manufacturing-related
	Product design-related

	Engineering Village
	412
	373
	209 (56.0%)
	29 (7.8%)

	Scopus
	582
	472
	236 (50.0%)
	30 (6.4%)

	Web of Science
	316
	283
	153 (54.0%)
	21 (7.4%)

	Total
(Removed duplications)
	732
	601
	 309 (51.4%)
	46 (7.7%)



According to Figure 4, manufacturing is the most popular research area of DT, and it shares most of the proportion in DT research which is more than 50%. Most research focuses on optimising production planning, production simulation, monitoring and prognosis product tool and machine toward sustainable manufacturing. Another popular area is the building and smart city which focuses on structural health monitoring, building management and control, optimising project planning and predicting maintenance. ICT is also distinguished in DT research and widely applied on the edge computing system, communication security and cloud service investigation. Next, DT research related to energy contributes around 5% in total focusing on the power system monitoring, fault diagnosis (e.g. Windfarm, PV system) and power plant operation optimisation. The research topics on automotive, aerospace and medical and healthcare have a similar proportion which is mainly for product health monitoring and prognosis (e.g. airframe [64] and electric vehicle motor [68]), testing and simulation. Finally, DT related topics on education are rising in recent years because of the trend of online teaching and learning. The other various research areas are grouped including mining, agriculture, chemistry and so on. Manufacturing shares more than a half number of DT research because DT was firstly introduced as a tool for manufacturing and PLM. Thus, initial research topics mainly focused on manufacturing-related topics in the early stage. However, it is rapidly spreading to different areas, which are summarised in Table 2.
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Figure 4. Distribution of DT Research Area
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Table 2. Leading DT research areas and their popular topics
	Areas
	Selected Popular Research Topics
	References

	Aerospace
	- Diagnostics and prognostics of aircraft health
- Virtual testing or simulation
	[63], [64], [67]
[65], [66]

	Automotive
	- Vehicle health monitoring and prognosis
- Digital testing and verification (e.g. Crash Test)
- Driver intention prediction and automatic driving monitoring
	[68], [69]
[70], [71]
[72], [73], [74]

	Building & Construction
	- Building structure health monitoring
- Virtual prototyping and verification (e.g. Lighting system)
- Building management and control (e.g. Energy Management)
- Optimize project planning and management (e.g. Schedule, Material ordering, etc)
- Predictive maintenance
	[75], [76]
[77]
[78], [79], [80]
[81], [82] 
[83], [84]

	Energy
	- Operation monitoring and fault diagnosis (e.g. Wind farm, PV system)
- Power plant performance optimization
- Toward energy grid development
	[85], [86]
[87]
[88], [89]

	Education
	- Cyber-physical environment for learning
- Simulation for engineering teaching
- Using DT to optimize distance learning or online teaching
	[90], [91]
[93]
[92], [94]

	IT & Computing
	- Edge computing system with DT
- Integrating cloud services
- Virtualization and communication between physical and digital system
	[95]
[96]
[97], [98]

	Manufacturing
	- Optimize production planning and recourse allocation
- Production process simulation (e.g. Machining, Assembly, etc)
- Optimize industrial human-robot collaboration
- Toward sustainable production (e.g. energy control, waste control, etc)
- Realizing Industry 4.0, Industrial Internet of Thing and cyber physical production system
- Production tool or machine monitoring and prognosis
- Optimize warehouse management
	[101], [102]
[99], [100], [124]
[103], [104], [105]
[106], [107]
[108], [109], [110]
[111], [112]
[113], [114]

	Medical & Healthcare
	- Optimize elderly healthcare services
- Surgery or medical simulation
	[115], [116]
[117], [118]



Manufacturing related research and applications are the most popular ones in DT study. As manufacturing is a broad topic, those papers are further classified by the stages of the product lifecycle. According to Figure 5, 286 papers can be assorted into the stage of design (16.1%), production (63,6%), logistic (9.4%), use (5.9%) and end-of-life (4.9%). Production is the most pursuing area in DT research as it is the initial application in the early stage of DT development. It mainly focuses on production planning and monitoring, resource management and machine or tool prognosis and predictive maintenance. In recent years, the research is expending to the rest of the PLM stages, especially product design and development. Developing product DT in the design stage can be beneficial to the remaining stages of PLM [16].
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Figure 5. Contribution of DT research in the product lifecycle

In Figure 6, literature is sorted by the year of publication to show the trend of DT development in recent year and the number of research in the coming few years is forecasted. The first DT paper published in 2011 [4] and the number of publications was few due to the development of new technology. Since 2016, DT has entered a rapid growth stage that the literature of DT is shapely increased, and the topics are mainly related to manufacturing. In recent years, the ratio of manufacturing-related DT papers is decreasing that DT research is expanding to various areas such as smart cities. Based on the trend of DT development, it can be predicted that the DT research, including product design and development, will keep rapidly increasing due to the growing attention from both academia and practitioners [4, 135]. According to the current tendency, the research and application on DT will speedily increase in coming 3-5 years [4, 62]. It can be expected that the trend will be similar to the typical technology lifecycle in S-curve and enter the maturity stage. 

[image: ]
Figure 6. Development and predicted trend of DT publication 

3.2 Product Design and Development
The number of papers related to product design and development is rare and 46 papers are found to further review and study. Among those paper, 8 papers (17.4%) are review articles, 35 papers (76%) are the technical papers presenting a concept or framework, and 3 papers (6.5%) are case studies. The review papers discuss the state of DT in the manufacturing industry [4, 137, 139] and applications of DT in product design [46, 123, 138]. It is found that few papers that specifically review DT in product design and development. The technical papers include various topics related to product design, e.g. DT-driven product design [27], material selection [39], product testing [66, 71], re-design [43], etc. The research cases are mainly focusing on the transportation (i.e. aircraft, automobile, bike and ship) and industrial products (i.e. 3D printer), aiming at the optimisation of high-value, complicated and electrical products to improve the productivity, cost and performance. While, simple and low-cost products (e.g. shoes, tableware, package, etc.) are not popular to assist their design due to the high development cost of DT [43]. 
The number of DT papers related to product design was gradually increasing in recent years. As shown in Table 3, the institutes from the world industrial powerhouses (e.g. China, United States and Germany) are keen on the DT research in product design and development. Chinese and German institutions are the main contributors in this area of research. Other leading countries (i.e. Singapore, Netherlands, Italy, United Kingdom, New Zealand, France and Russia) are the giants of manufacturing and technology based on DT technologies in Asia and European [32]. Those countries have world-class manufacturers in the automotive and aerospace industries which are beneficial from using DT technology to support local industries. It could be observed that four origins including China, Germany, US, and Singapore have counted over 50% of the contribution. It attributes to the industrial development with the great support from national initiatives and promotion from the big companies and government bodies. 


Table 3. Contribution of origins of affiliate institutes
	Origins of Institute
	Count
	Contribution

	China
	14
	22.4%

	Germany
	11
	12.2%

	United States
	6
	8.2%

	Singapore
	5
	8.2%

	Netherlands
	5
	6.1%

	Italy
	5
	6.1%

	United Kingdom
	4
	4.1%

	New Zealand
	3
	4.1%

	France
	3
	4.1%

	Russia
	2
	4.1%

	Others
	13
	20.4%

	Total
	71
	100.0%





4. PRODUCT DESIGN AND DEVELOPMENT BASED ON DT
In this section, different phases of product design and development are reviewed with the support of DT. The construction of DT for product design aims to provide information on building product DT. The industrial applications of DT in product design and development are also included in this section.

4.1 DT in Product Design and Development
In new product development, there are several vital stages (e.g. marketing research, conceptual design, design verification, etc.) [35]. In this paper, DT related research mainly focuses on conceptual design, detailed design, design verification and redesign. 

(I). Conceptual Design
[bookmark: _Hlk54867569]Conceptual design is the first and also the most crucial step of the product design process [137]. To generate a good design concept, the designer should consider a large number of data, information and knowledge from the market, customer, manufacturing and the internal parties. Tao et al. (2018.) suggested a DT based product design model with big data and used a bicycle for a case study. The physical factors (i.e. Function definition, Aesthetic design, Market competition and Investment strategy) and the virtual factors (i.e. Model building, Historical data, Customer reviews and Customer feedback) provided a variety of DT data for concept generation and improved the communication between client and designers [2]. Schimanski et al. (2019.) proposed a method to use the BIM data in construction to assist the construction equipment design and preparation and used a crane setup as an application for equipment industry [45]. The data and information collected from product Middle of Life (MOL), i.e. customer feedback and product performance, can be considered to assist the designer in generating a new design concept [139]. Hribernik et al. (2013) raised a concept to use digital product avatars representing product MOL Information to improve the design [140]. Zheng et al. (2019) proposed a value co-creation concept that leads users to participate in the product verification stage and try the prototype. The prototype and user data can be collected in the digital space to trigger the virtual model which could be analyzed for product innovation [129]. 
DT can also be used to increase the virtualization of the design concept. Ma et al. (2019) proposed a DT-enhanced human-machine interaction framework in the product lifecycle. From this research, it is observed that the interaction between designer and product in the conceptual design stage. In the simulated world, designers can “see”, “touch” or “use” the virtual model with AR/VR technologies [37]. Illmer et al. (2019) developed a virtual design method to provide a geometric query between virtual process twins that allow users to generate virtual processes with resource reference in early production engineering design phases without having to know every single detail about product structures [51]. 

(II). Detailed Design
In the detailed design phase, there are many factors e.g. product function, performance, material properties, manufacturing process, etc. and many parties are involved [8, 16]. Designers should review many information and data to make accurate decisions. Cheng et al. (2020) proposed a DT-enhanced industrial internet (DT-II) approach with an implementation mechanism so that the DT-II platform can collect different factors (e.g. market requirement, user review, etc.) for improving the product draft [44]. Huang et al. (2020) proposed a blockchain-based data management approach for product DT that improve the data monitoring and exchange in the product lifecycle where peer-to-peer network can enable the data share among participators [53]. Through this approach, designers are able to improve the detailed design via the status of product lifecycle. For product function design and material selection, Gusev et al. (2018.) used the Unmanned Aerial Vehicle (UAV) development as a case study to present the optimization approach using DT based on the data taken from the PLM to simulate and optimize the parameter selection in system, function and structure levels [40]. Xiang et al. (2019) developed a DT driven green material optimal-selection (GMOS) approach to select the most suitable material for the design [39]. The proposed DT model can simulate and optimize the properties of the candidate materials and compare predicted properties with expected properties iteratively. Wang et al. developed the product information models from design to remanufacturing that the product design information, i.e. assembly and disassembly information, can be added to EEE/WEEE based DT to verify the design compliant with the international standards [47].
Another important factor for product development is user-oriented involvement. To develop a DT for testing and collecting relevant design data, the physical prototype or reference model should be made. Arrichiello and Gualeni (2020) study the DT model for the entire cruise ships lifecycle [52]. The model can be constructed based on several ships of the same typology, characterized more or less by the same characteristics, for predicting future behaviour and performance. Schleich et al. (2017.) proposed a comprehensive reference model in design based on the concept of Skin Model Shapes [50]. The model distinguished the difference between the conceptual model and the virtual representation in DT and applied to geometrical variations management.

(III). Design Verification
Designers have put incredible effort to predict and avoid product failures as early as possible. Detzner and Eigner (2018) proposed an approach using DT for product quality monitoring and root cause analysis that can identify the potential problem and product failure in early product development [49]. Design verification has been focusing of using DT in product design for testing and virtual prototyping. Groen et al. (2018) proposed a new Flexible Material Model (FlexMM) approach to demonstrate the product shape change by internal stress [38]. In this research, DT is used to predict the accuracy of the process chain and shape changes in the product design stage. The simulation can be launched in virtual space to replace the time-consuming verification processes. Patrikeev et al. (2017) demonstrated the use of SUV’s DT to perform a serial of simulations (i.e. static stiffness and dynamic stiffness) to reduce the number of real testing for saving the time and costs in design verification [14]. Vuruskan & Ashdown (2017) created a DT-based half-scale human bodies using active digital forms to assist pattern development of cycling shorts and fit testing [143]. Colombo et al. (2014) presented a virtual approach based on a digital avatar to optimize the prosthesis socket design [144]. It integrated the finite mode model with the amputee’s avatar for performing gait simulation to determine the pressures distribution, and improve the product based on the simulated results.
DT can also be used as a digital prototype for product verification that can improve the visualizability and design cooperation of different parties. Han et al. (2019) combined DT, VR and AR, and developed a framework to extract and visualize 3D models that could be used in AR/VR in real-time [36]. With the framework, the AR platform can be used to verify the design in physical space. Martin et al. (2019) hosted a Delphi4LED European project that developed a multi-domain compact DT model to support the virtual prototyping for the design of luminaries [42]. Through the DT model, designers can choose the product components such as types or number of LEDs during the prototype design and development stage.

(IV). Redesign
DT currently is not only a good opportunity for new concept generation but also provides valuable information for product improvement and redesign. Zheng & Sivabalan (2020) proposed a tri-model based approach (i.e. digital model, Computational Model and Graph-Based Model) for product level DT development [43]. In this research, digital model can be used to simulate real-world experiences. While, the computational model provides the numerical values regarding the status of the system based on the real-time collected data. The graph-based model can define the interaction between the environment and the system. The data provided by those models can support the design decision making in the next-generation product. Tao et al. (2018) proposed a DT-driven product design framework for optimizing the redesign process of the existing product [27]. In this framework, the virtual space would continuously collect, analyze and accumulate the data from the physical space. Those data can be applied to design or re-design the productso that the processes could be enhanced. 

4.2. Construction of DT for product design
DT includes three essential elements which are physical entities, virtual replica and the linkage [6, 19]. Apart from those elements, the simulation environment and data should also be considered to develop a DT for product design and development. Associated with other enabling technologies such as Big Data Analytics (BDA), DT can effectively optimize the complete product design and development process. As shown in Figure 7, product DT plays different roles along with the product development cycle and keeps evaluating from the concept to final design. In the conceptual design phase, DT is able to work with the emerging data technologies, i.e. data mining and BDA, provide mass and useful information (e.g. customer feedback, existing product performance, client expectations, etc. for generating design concept. Using DT, the idea can be visualised via virtual reality (VR) and augmented reality (AR). Designers and other parties (i.e. client, manufacturer, engineer, recycler, etc.) can more effectively evaluate the conceptual design and exchange their data. In the detailed design phase, the design can be enriched based on the past product DT’s PLM data (i.e. manufacturing failure, user feedback and recycling processes. The 3D CAD model can be produced and used for simulation. Those data and results can be analyzed using BDA and artificial intelligence (AI) [19]. In the design verification stage, DT can be contributed for accurate simulation and prediction to reduce the time-consuming and complicated testing. The product prototype can be produced by 3D printing and assemble with sensors for recording the real-time data from the field test [145]. The design can also be verified in real space using VR/AR technology that can provide a clearer view of the actual product situation for the designers and clients [36]. In the redesign phase, the existing or previous product DTs can provide useful information for product improvement and redesign. Based on reverse engineering, the virtual model of the existing product can be produced using created DT. The mass data from whole product lifecycle can be continuously analyzed in real-time by the emerging computing technologies, i.e. cloud computing and machine learning. Then, those results can drive the design change automatically, and assist the designers to make the correct decision or co-responding action. The main components of the product DT are summarized as follows.
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Figure 7. Elements of DT in product design and the enabling technologies

(I). Physical Entities: In the early stage of product development, there is no real product, even prototype, available for building a product DT. Thus, the existing products (e.g. family product and competitor’s product) with the same typology and similar characteristics can be employed as the initial physical model of DT for testing and generating design ideas [52]. When the design is consolidated, the new physical mock-up can be made using the rapid prototyping technologies (e.g. 3D printing) to evaluate the design performance. When preparing the prototype, the designer should consider the sensor arrangement and installation that will affect the test result and data accuracy [27]. For the final product design, designers should consider the sensor selection (e.g. type, accuracy, limitation, etc.), installation and repairment in the product because the product data should be recorded along with the whole product lifecycle [46].

(II). Virtual Replica: The digital 3D model can be created by existing CAD modelling software such as Solidwork, Inventor, Creo, Rhino, etc [43]. It can also be generated from the existing product by using reverse engineering technologies (e.g. 3D scanning). When creating the 3D model, the designer should consider the mapping between drawing parameters and sensor data. For example, the wall thickness can affect the product strength, thus, strength test results should feedback on the digital model and change the wall thickness in real-time.

(III). Linkage: In order to reflect the real-world situation of the digital environment, the physical entity and its virtual replica should be linked together so that they can interact with each other in real-time. Key design components are equipped with built-in sensors to detect parameters related to the product design [129]. With the rapid development of sensor technology, the product DT data in the whole lifecycle can be accurately measured and recorded by the suitable sensors. Therefore, designers should deeply consider the sensor selection for building DT. Another connection between physical and virtual products is product service. It can enable the communication between users, service providers and manufacturers and manage data transmission for product DT [41, 5]. The data can be transferred without delay by the emerging communication technologies, i.e. 5G and wireless communication [95]. 

(IV). Simulation Environment: The physical product data synced with the digital model can simulate the situation in virtual space. Different from the traditional simulation, DT simulates the product result in real-time and bases on “what-if” methods [8, 13]. Some simulation software (e.g. Matlab [121], FlexSim [23] and Simul8 [28]) are supporting DT-based simulation that enables real-time data analysis (e.g. machine learning and deep learning) and communicates with the Internet-connect devices. The simulation can be continuously operated in the product development phase for failure detection, decision-making and optimization. 

(V). Data: It is the most critical element to construct a product DT and the whole product development process [30]. To apply DT in product design and development, there many data should be processed. For the external DT data, different parties will have different input on the design, e.g. designer preference, government rules, design knowledge, manufacturer’s feedback, client requirements, etc. For the internal DT data, the interaction between the physical entity and virtual replica is the main data source. Schroeder et al. (2016) proposed an approach for data exchange between physical product and simulated product [136]. The sensors embedded in the product or prototype provide user input, environmental data, product information and failure records. Those data could be sent to the digital replica for running related simulation and analysis. Then, the digital side will feedback the simulated results, predicted information and decision to the product. Therefore, there are a huge amount of data transmission. Designer should design a completed data mapping in the early stage of building product DT and the data quality should be evaluated [142]. In addition, the standard of data transfer and communication should be considered, and it can base on the common industrial standard, e.g. DDS, HLA/RTI, MQTT, etc [141]. 

4.3. Industrial DT applications in product design
DT is not only ideas and theories interested in academic research, but also a possible and emerging application in the different industries. There are some industrial cases found from news and articles related to applying DT to assist the design process. The cases are summarised in Table 4 that includes 11 cases from the automotive, aviation and industrial product industry most of which are applying DT as a virtual prototype to perform testing and simulation in product development. DT can enhance the design visibility and reduce the time of product testing. Moreover, some companies enable DT in their product to record the product and user situation, and synchronous to the factory. The DT data can assist future product and software development (e.g. understanding user behaviour and need) to develop more user-friendly design, and achieve efficient, flexible, customized, cost-effective, and high-quality production [21]. CAD vendors in the industry are putting many efforts to extend their products and develop DT related product. Some definitions on DT and related product are summarized in Table 5. The understanding of DT between the companies are similar which connect the physical entity with its digital replica. The data from the product will sync to the virtual model in real time for detection, analysis, simulation, prediction and optimization [150-152]. DT are useful for the whole product lifecycle through extending the use of CAD model in product design [153]. 
Table 4. Summary of industrial application and cases
	Company (County)
	Application
	Product Type (Model)
	Source(s)

	Aurus 
(Russia)
	Used DT to perform virtual prototyping and verification to simulate the model of a physical product that can be represented, analysed and tested as a real machine [122]. It reduced the production cycle time of the luxury car from 5-7 years to just two years and four months.
	Limousine for the President of Russia (Cortege)
	https://www.rt.com/sponsored-content/480670-polytech-days-in-berlin/

	Maserati 
(Italy)
	Used the Siemens PLM software to generate the DT model for developing the sedan. The virtual modelling and simulation to reduce the number of expensive, real-world prototypes, wind tunnel tests, and test drives, cutting vehicle development time by 30 percent [26]
	Sedan 
(Ghibli)
	https://www.eurekamagazine.co.uk/design-engineering features/interviews/maserati-has-fused-cutting-edge-digitalisation-methods-with-italian-passion-to-meet-customer-demand/161332/

	Tesla
(USA)
	Planned to develop DT model for every built car that connects the car with the factory and enable synchronous data transmissions. The data collected from the drivers enables more efficient resource allocation for their cars and software development [24, 50]
	Electrical vehicle
	https://expectexceptional.economist.com/digital-twins-analytics-internet-of-things.html

	Boeing 
(USA)
	Achieved up to 40% improvement in first-time quality of the parts and systems it uses to manufacture commercial and military airplanes by using DT asset development model. The use of the DT is changing how the company designs its airplanes, by providing a virtual replication of physical airplane parts and simulating how they will perform over the lifecycle of the airframe [25]. It used DT to develop the Air Data Reference Function (ADRF) and the requirements could be validated at a very early stage in the program to avoid ambiguities, erroneous information and other specification flaws
	Aircraft 
(B777)
	1. https://www.boeing.com/features/innovation-quarterly/may2017/feature-technical-model-based-engineering.page

2. https://www.aviationtoday.com/2018/09/14/boeing-ceo-talks-digital-twin-era-aviation/

	Airbus 
(France)
	Created a data lake which is building a reservoir of data for each in-service aircraft. The A350 XWB aircraft installs 50,000 on-board sensors to collect 250 gigabytes of data per flight. The reservoir of data can be used to investigate the components’ lifecycle performance and used data to improve the future design [29]
	Aircraft 
(A350 XWB)
	https://ascon-systems.de/en/digital-twin-is-about-to-rollout-by-airbus/

	SpaceX
(USA)
	Use Siemens NX software to create DT when designing and building their product. The virtual mock up can enable the designer to verify the design and simulate the motion to check its function. 
	Rocket
(Falcon 1)
	https://www.sme.org/technologies/articles/2016/may/siemens-gives-some-details-of-digital-twin-work-with-spacex-maserati/

	GE Aviation (USA)
	Use DT in aviation jet and turboprop engines design to gather data on the jet engines and combined such data to predict the failure and frequency [22]. It also created the model-based digital twin to perform different aspects of simulation that the digital model can demonstrate the assets’ function and the designer can completely verify their design [31]
	Jet Engine 
(GE60)
	https://www.aerospacetechreview.com/twinning-digital-twins-show-their-power-by-louise-bonnar/

	Rolls Royce (UK)
	The engineering team uses the digital twin to model the performance and health of the real machines uses. The scaled digital replicas of the physical engines are used to simulate the rigorous testing that is required for the engine certification
	Jet Engine
	https://www.cio.com/article/3525828/rolls-royce-cdo-neil-crockett-drives-data-into-engine-design.html

	Schunk (Germany)
	Digitalized the entire engineering process from concept to the mechanical, electrical system and software. They use DT to assist the product development, such as commissioning and simulation, to launch new products more and more frequently [33]
	Gripping systems 
(SVH 5-finger gripping hand)
	https://schunk.com/de_en/company/about-us/milestones-of-innovation/

	Philips
(Netherlands)
	Created the digital twin for their medical equipment for hospitals or personal health devices to assist their design progress. For example, the designers conducted simulations in the development of a portable oxygen generator for patients with breathing problems and they used the digital prototypes to perform tests that save the times and several iterations to make the physical prototypes. It can reduce the product development time and design the product right in the first time
	Medical Equipment
	https://www.philips.com/a-w/about/news/archive/blogs/innovation-matters/20180830-the-rise-of-the-digital-twin-how-healthcare-can-benefit.html

	Kaeser Kompressoren
(Germany)
	The company changed their business mode from selling products to selling service that Kaeser will be the owner of the equipment and will also manage the operation of the compressors on customers’ behalf. [119, 120]. They used DT to monitor the lifecycle of their device and track its performance. The measured data can provide valuable insight into product design. They are used to find out the deficiencies of the product and improve their products and services. 
	Air Compression Devices
	1. https://www.mbtmag.com/home/article/13245373/wonder-twins

2. https://www.challenge.org/insights/digital-twin-technology-companies/





Table 5. Definition of DT from the leading CAD vendors and their product
	Company
	Definition of DT
	Product

	Dassault Systemes
	"A Digital Twin is an executable virtual model of a physical thing or system. The physical thing can be anything from a manufactured object, every single product has definable characteristics in the real world, and the Digital Twin combines and portrays the attributes virtually. [146] "
	DELMIA 

	Siemens
	A digital twin is a virtual double of a product, a machine, a process or of a complete production facility. It contains all the data and simulation models relevant to its original. Digital twins not only enable products to be conceived, simulated, and manufactured faster than in the past, but also to be designed with a view to improved economy, performance, robustness or environmental compatibility. The virtual twin of a product can also accompany it like a digital shadow through all the stages of the value chain – from design through production to operation to servicing and even recycling. [147] Digital twins can be used to virtually validate product performance, while also showing how your products are currently acting in the physical world. This “product digital twin” provides a virtual-physical connection that lets you analyze how a product performs under various conditions and make adjustments in the virtual world to ensure that the next physical product will perform exactly as planned in the field. [148]
	Siemens PLM

	PTC
	Digital twins are digital models that virtually represent their physical counterparts. This virtual representation of a physical product, an operational process, or a person’s task is used to understand or predict the physical counterpart by leveraging both the business system data that defines it and its physical world experience captured through sensors.[149]
	ThingWorx

	Ansys
	" A simulation-based digital twin is a connected, virtual replica of an in-service physical asset — in the form of an integrated multidomain system simulation —which mirrors the life and experience of the asset. Digital twins enable system design and optimization and predictive maintenance and optimize industrial asset management [150]."
	Ansys Twin builder

	GE
	Digital Twin is defined as a software representation of a physical asset, system or process designed to detect, prevent, predict and optimize through real time analytics to deliver business value [151]. GE digital is focusing on the development of Asset DT, Network DT and Process DT. 
	Predix

	Autodesk 
	Digital Twin is the Living Model with dynamics/functionality. It's the virtual representation of spaces, objects, smart devices and sensors binding in a single place to view the live updates, to perform analytics and simulations, and to create predictions for better decision making and predictive maintenance [152].
	Forge



5.  CHALLENGES AND INSIGHTS IN PRODUCT DESIGN AND DEVELOPMENT USING DT
In this section, the challenges and potential application of DT in product design and development are discussed. After reviewing the related literature, there are some difficulties and challenges in product design and the potential application in the future is proposed.

5.1. [bookmark: _heading=h.gjdgxs]Challenges of DT in Product Design and Development
(I). The essential components of digital twin are physical product, digital model and linkage between physical and virtual world [4, 6]. In the early stage of product design (i.e. conceptual design and idea generation), DT is not applicable and contribute a lot because there are no physical prototypes which can be used to collect the real-time data (e.g. user experience, effects on environmental change, etc.). In the current application, DT is developed on the existing product and provide valuable information for the next-generation products [19]. For the new idea or concept which have no previous version or even no similar products in the market, the use of DT to assist and optimise the idea generation process is challenging. 

(II). Sensors play a crucial role in DT that be used to collect data from the physical world and sync to the virtual model for simulation and analysis. Therefore, the accuracy of sensors directly affects the performance of product DT (i.e. simulation results, decision making and prediction). Many variables (e.g. environmental factors, sensor installation, natural drift, etc.) can impact sensors’ measurement results [136]. Therefore, the engineer should cautiously consider the sensor selection, sensor location and sensors combination in the early stage of product design in order to collect accurate data. The sensors may affect the product appearance (e.g. limited the product sizes and shape) and the user experience (e.g. increased product weight and volume). Using additional sensors for achieving product DT will increase the development and product costs. It is a great challenge that the engineer or the company take a balance on product appearance, user satisfactory, product costs and product DT performance in the design and development stage.

(III). An important pillar of using digital twins is data [30]. The data plays a crucial role in digital twin and product design stage to support decision making and perform an accurate analysis. Applying DT at the beginning of product lifecycle can benefit to the rest of the stages (i.e. production, maintenance and recycling) [142], and the measured data (i.e. manufacturing data, user experience and product real-time situation) can be used to improve the product and provide suggestions for the next-generation products. However, the external parties (e.g. manufacturers, installers, government and users) may prohibit the products from measuring their private information. Some countries do not allow oversea companies to measure and analyse their citizen activities and behaviour due to national security concerns. Collecting DT data to enhance the conceptual idea generation and assist detail design (e.g. material selection and design for assembly) to optimise the following product life is beneficial to the design companies. However, it must solve the problem of data privacy and make agreements in use of data between different parties.
5.2. Insights of DT in product design and development
(1). The traditional product design and development process is time-consuming and includes several procedures such as the market research, communication between different parties, testing and change of design [18]. According to Figure 8, the traditional product development is designer-led or engineer-led that the designs are driven based on the engineer’s experience and knowledge. Then, it is time-consuming to prepare the physical prototype and perform testing. If the tests fail, the design will be modified based on the analysis of the results and re-make the prototype and test it again. The verification and modification processes may repeat several rounds attributing to a majority of product development time. Using DT to assist product development can shorten the development times by virtual prototyping, employing simulation to replace physical testing and supporting design decision making [15, 17]. DT can also assist the setting-up operation to prepare and design the manufacturing process so it can reduce the production lead time. However, the performance and application of DT are not fully utilised in DT-assisted product development. Developing product DT in the conceptual design stage can maximise the DT participation in product design and whole product lifecycle. The universal physical prototype (UPP) can be developed according to the conceptual idea and link with its virtual Model to build the initial product DT.
[image: ]
Figure 8. Comparison between the traditional, DT assisted and DT-driven product development
The UPP should be uncharacteristic and has no design preferences. The generic materials and parts will be used. It can be parametric modelling which makes use of numeric values like dimensions, equations and their relations to control the geometry. Then, it can be used to perform product testing, field testing and simulation, depending on the requirements. The design will be automatically modified using AI and machine learning based on the result analysis. It can eliminate the repeated verification and modification processes, and the whole product design cycle can be simplified and shorten the development time. Figure 9 shows an example that the UPP and its virtual replica can be developed and linked up as DT. Then, the prototype can be used for the product testing based on the product requirements and distributed to users for the field test. The results can be analysed automatically for suggesting changes in the parameters of the UPP. The virtual model can be modified and generate a new design based on the test results.
[image: ]
Figure 9. Example of design generation with Universal Physical Prototype DT

(2). DT is not effectively applied to generate new design idea in current development, but it is useful to assist the re-design or product improvement process. The DT developed on the existing product can provide valuable information (e.g. user behavior, environmental data, product performance, etc.) to enhance the design of next-generation product [145]. Therefore, DT driven product family design can be further studied in the future. As shown in Figure 10, the product DT can measure different information (i.e. production feedback, user experience and field data) over the product lifecycle. Associated with the internal factors, including product spec, updating engineering knowledge, simulation and testing results and different regulations, the DT database will become expending that more data can be used to support the design generation and more accurate decision making. Thus, the family products will become more and more production-friendly, user-friendly and environmental friendly following the product family evolution. The product life of the new generation product can be extended due to the improvement of product performance and customers’ satisfaction. 
[image: ]
Figure 10. Concept of DT-driven product family design

6. CONCLUSION
	With the rapid growth of design industry, the DT related topics in product design and development are sharply increasing in recent years. Researchers are not only focusing on manufacturing but also different areas (e.g. automotive, healthcare, building technology, education, etc.) using DT. DT research in product design is increasing in recent years aimed to optimize the product design and, at the same time, the design processes (i.e. concept generation, material selection, design verification and decision making). A total of 46 papers and 6 white papers related to DT in product design and development are reviewed and they are classified into conceptual design, detailed design, design verification and redesign. It is observed that DT can effectively assist the concept generation and redesign based on the data from existing product DT. Associated with other emerging technologies (i.e. big data analysis, AR/VR, cloud computing, etc.), DT can be used to analysed a mass data from the real environment along with the whole product lifecycle and improve the visibility of design for verification. Some challenges and potential development are also discussed. Product design and development is a complex process which involves many signs of progresses and different parties. DT can play a vital role to simplify the design processes by employing digital prototyping, testing simulation and prediction with many potential applications in the product design stage. Hopefully, this paper can provide a insightful picture of DT development in product design to the researchers and inspire to address the future studies in DT of product design.
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