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Abstract 

Physical Internet (PI) is an open global logistics system of which components are 

hyperconnected for increased efficiency and sustainability. Digital twin (DT), referring to the 

virtual representation of a physical object, is well-perceived as a key driver in the development 

of PI-based Supply Chain Management (SCM). Due to the capabilities of real-time monitoring 

and evaluation of large-scale complex systems, significant research efforts have been made to 

exploit values of PI/DT in SCM. Despite this, the current literature remained largely 

unstructured and scattered due to a lack of systematic literature reviews to synergise research 

findings, analyse the evolution of research fronts and extract emerging trends in the field. To 

address this issue, the paper deploys a bibliometric knowledge mapping approach to provide a 

bird’s eye view of the current research status in the PI/DT-SCM area. Using CiteSpace’s 

keyword co-occurrence network, 518 journal articles are clustered into 10 key research streams 

on PI/DT applications in: job shop scheduling, smart manufacturing design, PI-based SCM, 

manufacturing virtualisation, information management, sustainability development, data 

analytics, manufacturing operations management, simulation and optimisation, and assembly 

process planning. Based on citation burst rate, keywords representing research frontiers of the 

PI/DT are detected and their temporal evolutions are discussed. Likewise, some identified 

emerging research trends are production process and system, robotics, computer architecture, 

and cost. Finally, seven future research directions are suggested, which emphasise on several 

PI/DT-related issues, including business ecosystem, sustainability development, SC 

downstream management, cognitive thinking in Industry 5.0, citizen twin in digital society, 

and SC resilience.    
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1 Introduction 

Fourth Industry Revolution (Industry 4.0) paradigm connotes the creation and convergence of 

cutting-edge technologies, e.g., Internet of Things (IoT), Cyber-Physical Systems (CPS), cloud 

computing, and digital twins, which are ubiquitous. These prevailing innovations are in dire 

need of productivity enhancement and automation that reduces human flaws and intervention 

(Gaikwad et al., 2020; Sheuly et al., 2021)  .  

Over the last decade, the terms of physical internet (PI), digital twin (DT) and their related 

innovations have gained many attentions among scholars. PI is defined as a seamless global 

logistics and distribution infrastructure incorporating physical objects (e.g., sensors) and 

interfaces to digitally interconnect (Montreuil, 2011). It is expected to help overcome the 

inefficiencies of the current logistics paradigm in the global volatile market context (Ballot et 

al., 2012). Indeed, significant efforts have been made to explore various applications and 

advanced techniques of PI in transportation and distribution aspects such as material handling 

system (Fahim et al., 2021; Hao Luo et al., 2021; Montreuil et al., 2010; Pan et al., 2017), 

interconnected modular containers (Lin et al., 2014; Sarraj et al., 2014), informational 

dimensions of PI-container (Sallez et al., 2016), auction logistics (Kong et al., 2016) and 

humanitarian SC (Grest et al., 2021). Its applications are also reaching to the operations of 

well-known firms such as Amazon, UPS and Fedex (Dans, 2019).  

As the Covid-19 pandemic has been accelerating the transformation of digital economy and 

digital society, DT, which refers to the digital representation of non-living and living physical 

objects (e.g., people, process, system, and others), has soon become one of the key 

technological enablers in the new era. With the capabilities to generate virtual instances and 

control the changes of a physical object in real-time, DT is often integrated with advanced 

technologies such as IoT, big data analytics and blockchain, to develop smart, interconnected 



supply chain (SC) and logistics system, so called logistics/SC DT (Ivanov et al., 2019; Ivanov 

and Dolgui, 2021). Some perceived benefits of DT in SC management (SCM) are to remotely 

and instantly monitor the operations (e.g., production) and proactively mitigate risks and 

disruptions through timely decision makings (Ait-Alla et al., 2021; Tao et al., 2019b). Due to 

its functions, DT is thus well-known as a key driver of hyperconnected PI systems. Its 

applications and values have also been rapidly gaining relevancy in both academics and 

practices recently.   

An initial observation during our data collection shows that scholars’ works for PI/DT 

developments in SC and operations management have surged extraordinarily in recent years. 

However, despite the exponential growth, the extant literature remains largely unstructured and 

scattered across various disciplines, thus limiting the knowledge transfer and innovation of the 

subject area. For this reason, it is necessary to have systematic literature reviews which can 

synergise current research findings, detect research forefronts and draw on future directions.  

Given the emerging nature of the PI/DT in SCM topic, not surprisingly, there is a limited 

number of literature reviews available, and most of them only focus on niche subject areas, for 

example, smart manufacturing system design (Leng et al., 2021; Semeraro et al., 2021), 

information sharing in remanufacturing (Chen and Huang, 2021a), product design and 

development (Lo et al., 2021), sustainable intelligent manufacturing (He and Bai, 2021), 

additive manufacturing (Zhang et al., 2020), auction logistics (Kong et al., 2018), and smart 

maintenance (Errandonea et al., 2020). Few review papers take more holistic view of PI/DT 

across various SCM disciplines. Sternberg and Norrman (2017) prominently focused on PI 

literature discussing about the concept and provided research agenda using content analysis. 

Treiblmaier et al. (2020) reviewed the evolution of PI in the context of logistics and SCM 

practices. These unveil a significant gap in exploring the evolution of PI and DT literature in 

the holistic SCM research domain. Furthermore, all the mentioned reviews adopted either 



conventional content analysis approach, bibliometric analysis such as co-citation, co-author 

analysis or text mining approach. They cannot fully capture the critical paths and evolution of 

research forefronts overtime. The work by Treiblmaier et al. (2020) did study the evolution of 

PI in SCM, but using only thematic analysis, which is subject to limitations such as time-

consuming and susceptibility to human errors, hence, the inability to work with a large volume 

of literature. 

To help fill in the research gap and overcome certain limitations in existing methodologies, this 

paper takes a holistic view of the literature in PI and DT in SCM, deploys a hybrid approach 

with bibliometric knowledge mapping using co-occurrence keywords, and timeline analysis to 

detect and analyse the research frontiers and their evolutions over time, thus triggering new 

research opportunities for future studies. The proposed approach is believed to be more robust 

and scalable than other comparable papers in the field. In particular, this literature review aims 

to address three key research questions as below:   

RQ1: What are research frontiers related to PI and DT in the context of SCM? 

RQ2: How have research frontiers of PI/DT in SCM evolved and interacted over time? 

RQ3: What are the emerging research trends and future research directions in the PI/DT-SCM 

field? 

The remain of the paper is organised as follows. Section 2 describes the research design of the 

study which explains our proposed methodological framework and descriptive analysis of the 

reviewed dataset. The content analysis of research fronts based on keyword clustering is 

discussed in Section 3. The timeline evolution of research fronts and emerging trends is 

presented in Section 4. Based on our findings, future research directions are suggested in 

Section 5. The final section is conclusion.    



2 Research Design 

2.1 Methodology Framework  

This review is conducted based on the methodology framework depicted in  

Figure 1.  Particularly, (1) the research background is first established for DT within SC domain 

to help (2) define the search terms for data collection. The obtained data is then (3) cleaned, 

removing any duplicated and invalid documents. Next, (4) the descriptive analysis is presented 

to provide some key overviews of the subject area, followed by (5) cluster analysis based on 

keyword co-occurrence network (KCN). (6) Timeline views are provided along with burst 

detection analysis to examine the evolution of research fronts and emerging trends. Finally, (7) 

future research directions are suggested and discussed. 

Figure 1. Methodology Framework 
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2.2 Data Collection and Preparation  

The aim of this research is to explore the applications of DT in SCM. Therefore, two groups of 

keywords representing each topic were created to capture relevant research effectively as 

follows:  

• DT-related keyword group: “digital twin”, “physical internet”, “hyperconnected”.  

• SC-related keyword group as adopted from Nguyen et al. (2018): “supply chain", 

"logistics", "manufacturing", "procurement", "inventory", "transport", "purchasing", 

"storage assignment", "order picking”. 

The search terms were formed as a combination of any keyword pair between these groups. 

The data used in this research were collected from three well-established academic databases, 

namely Scopus, Web of Science (WoS), and EBSCOhost to ensure no relevant works are 

missed out. Although there is no specific setting about year of publications, other important 

filters were applied to ensure that only English, peer-reviewed journal articles were obtained. 

The resultant dataset was then extracted and aggregated via Endnote software.  

After excluding all duplicated results, the total number of documents obtained at this stage was 

1858. We then reviewed the titles and abstracts of these articles based on the inclusion and 

exclusion criteria listed in Table 1. 

Regarding inclusion criteria, studies that focusing on the application of DT or development of 

PI to solve SCM’s issues are included. Even though simulation is only one of the three 

important features of DT besides data and modelling, in the earlier years, most of the literature 

defined DT as multidisciplinary simulation without taking into consideration the real-time 

connection with the physical entity (M. Liu et al., 2021). Therefore, we included papers where 

the authors use simulation interchangeably with DT as well.  



Papers were excluded when 1) they mainly focus on DT or PI but barely touched upon SCM 

(e.g., specific areas within healthcare, biochemical and engineering); or 2) they mainly focus 

on SCM but only slightly touched upon DT or PI; or 3) they use simulation concept that does 

not align with DT concept. 

We are well-aware of the potential selection bias during the process, including bias in designing 

selection criteria and bias in selecting papers. In order to minimise these, three co-authors 

independently conducted the screening of papers using the same inclusion/exclusion criteria 

while all information of the articles were blanked out except for title and abstract. The results 

were then compared and whenever disagreement occurred, the full version of the article was 

restored and opinions from the fourth co-author were sought.  

Table 1. Papers selection - inclusion and exclusion criteria 

Inclusion criteria Exclusion criteria 

• Focus on DT/PI in the context of 

SCM 

• Simulation that the authors used 

interchangeably with DT 

• DT/PI not related to SCM 

• SCM not related to DT/PI 

• Simulation that does not align with 

DT concept 

This led to a reduced number of papers to 467. Among these papers, search was expanded to 

their reference lists. After filtering out only English, peer-reviewed academic articles, a new 

list of 1031 documents were gathered and assessed. Among these, only 51 are not duplications 

of any previously screened documents and satisfy the relevancy criteria based on their titles 

and abstracts. Thus, the final number of articles to be analysed in the next step is 518. The 

summary of this process can be found in Figure 2. 

 

 

Figure 2. Paper’s search and selection process 



2.3 Descriptive Analysis 

Descriptive analysis provides an overview of the collection of 518 documents collected, using 

each paper’s basic information such as its publication year, journal publisher, and country of 

publication. The country of publication of each paper is decided by the affiliations of all the 

authors. For example, if an article has three authors from three different universities in – the 

UK, US, and China, the countries of publication of this article are the UK, the US and China. 

In other words, there are overlaps in publications between the publication countries, meaning 

one paper can belong to the UK, US, and China at the same time. 

As can be seen in Figure 3, application of DT and PI in SCM started from 2013. However, the 

topic did not get much academic attention until 2018 when the number of publications 

increased exponentially by 162 articles within two years. Such extraordinary surge is expected 

to continue this year as the number of new publications in the first half year of 2021 has already 

been close to the figure in 2020.  

 

Figure 3. Publications by year 

Figure 4 is the list of journals contributed more than 10 publications in this field. These 11 

journals account for nearly half of all the publications. As can be seen, the majority of the 



journals in the list are manufacturing–related, which implies the active role of DT research in 

this domain. Other journals are interdisciplinary such as “Sustainability Switzerland”, “IEEE 

Access”, “Computers in Industry”, and “Applied Sciences Switzerland”. 

 

Figure 4. Publications by journal 

Figure 5 suggests that publications from China account for about one third of the dataset (168 

articles), and more than double the number of papers published from the United States which 

is currently at the second position.  

 

Figure 5. Publication by country/territory 



2.4 KCN-based Cluster Analysis 

To address RQ1, keyword co-occurrence network followed by content analysis were conducted 

on selective papers.  

Bibliometric is one of the most common quantitative approaches for systematic literature 

review. The technique was first suggested by Alan Pritchard, a British intelligence scientist, in 

1969. Since then, it has been widely adopted in a variety of fields such as medicine (Kokol et 

al., 2020), distribution (Z.-C. Li et al., 2020), SC finance (Xu et al., 2018), and marketing 

(Martínez-López et al., 2018). The frequency of keyword occurrence is a commonly used 

method in bibliometric analysis to identify research topics and research frontiers (Su and Lee, 

2010). Keyword co-occurrence network (KCN) is the interconnected system between 

keywords that appear in at least two different articles. Typically, a KCN is formed by keyword 

nodes connected by links, of which the thickness indicates the number of times the keyword 

pair co-occurs (Error! Reference source not found.). 

 

Figure 6. A simple keyword co-occurrence network (Radhakrishnan et al., 2017) 

Since keywords reflect the main content of a research article, keyword analysis can reveal the 

key topics of the paper, as well as the relevancy of two or more documents. Therefore, the 

KCN can summarise a selected field more accurately by focusing more on the literature content 

rather than the results (Radhakrishnan et al., 2017). Furthermore, compared to other 

bibliometric techniques, the KCN analysis minimises the subjective bias in judgement (Peters 



and van Raan, 1993). Due to its advantages, KCN is performed in this paper to explore the 

emerging topic of DT in SCM. 

2.5 Trend Analysis using Timeline view and Burst Detection 

To address RQ2, we analysed CiteSpace’s keyword citation burst and timeline view of the 

KCN, while emerging research trends as part of RQ3 were identified using CiteSpace’s 

keyword citation burst. 

Adapted from Kleinberg's (2002) burst detection algorithm, CiteSpace can extract the burst 

terms which are explosive keywords with sharp increases of interest over a certain period of 

time. The more abrupt change of the keyword, the more popularity and attention is being paid 

to it within the considered time interval, and to some degree, it represents the research front 

and hotspot of a subject area (Chen, 2006; Q. Li et al., 2020). 

Timeline view is an effective visualisation approach which helps evaluating trends. This is 

based on human ability to capture spatial proximity between any two items and deduce their 

relation (Morris et al., 2003). Small and Greenlee (1989) used timeline view to show temporal 

relations between research topics along with their evolution and diversification in AIDS 

research from 1981 to 1987. Meanwhile, Braam et al. (1991) used timeline view to explore the 

growth of several characteristics, such as citation rates of key documents, or of a set of 

documents over time. 

3 Keyword co-occurrence network analysis 

3.1 KCN-based clustering on CiteSpace 

CiteSpace is used in this paper to build the KCN and cluster analysis for 518 documents 

collected. The software is a Java-based application developed by Chen (2006), with scientific 

literature data mining and visualisation as the main feature. The CiteSpace parameter settings 



for KCN are as follow: (1) The time span is from 2013 to 2021, reflecting the publication period 

of all collected articles. Time slice is selected as one year. (2) Term sources include author 

keywords (i.e. author selected keywords in the published paper) and indexed keyword (i.e. 

publisher selected keywords), as suggested by Duvvuru et al. (2013). (3) Keyword is selected 

as the node type in the network as shown in Error! Reference source not found.. Finally, (4) 

G-index with k=7 is selected as criteria for cluster analysis. 

A scaling value k of G-index (Egghe, 2006) is a metric using in CiteSpace to sample high cited 

papers to be visualised in the network (Diez-Martin et al., 2019; Zhu and Hua, 2017). It helps 

simplify the KCN while highlight the most impactful nodes in each cluster. The Silhouette 

metric is useful to evaluate the nature of a cluster by taking into account its keyword members 

(Diez-Martin et al., 2019). Several experiments with various k of g-index should be 

implemented to derive the optimal average Silhouette score (Chen Chaomei, 2020). Previous 

works have used the Silhouette score to evaluate the precision and degree of homogeneity 

between the keywords forming each cluster (Chen et al., 2010; Rawat and Sood, 2021). The 

default setting on CiteSpace is k = 25. After various k ranging from 5 to 35 were tested, k = 7 

yields the best result for the clustering task (Silhouette values = 0.9481). 

 

Figure 7. The keyword co-occurrence network 



The clusters based on KCN are obtained and visualised in Figure 7. As a result, 10 labelled 

clusters are identified. 

Table 2 shows the most important keywords for each cluster based on the Log-Likelihood Ratio 

(LLR) ranking system. LLR (Dunning, 1993) is a statistical metric to rank and test the 

significance of rare and common keywords. It is calculated by considering the frequencies of 

a keyword in all papers and number of keywords in each paper. A keyword with a high LLR 

represents the high strength of association within a set of papers. 

The silhouette value of a cluster measures the quality of a clustering configuration. Its value 

ranges between -1 and 1. The closer the value to 1, the better the clustering quality (Chen, 

2006). As the Silhouette score of each cluster is closed to 1, it indicates the reliability of the 

identified clusters. 

The cluster labels were decided by the authors based on common themes among the top 

keywords ranked by LLR. Labelling cluster using common themes is a practical strategy as 

comprehensively identifying the nature of one group of research papers can be too complex 

(Chen et al., 2010). For instance, White and McCain (1998) along with Zhao and Strotmann 

(2008) relied on their decades of specialist knowledge to decide the common themes of the 

members of specialties. 

From the original set of articles in every cluster that were obtained from CiteSpace (518 

papers), the most representative papers for each cluster were selected (211 papers in total 

across all clusters) by matching each cluster’s top ten keywords ranked by LLR as in Table 2. 

To determine the research focus for each cluster with in-depth content analysis, lead papers 

were identified using Scimago Journal Ranking (SJR) system. This is a common practice 

within bibliometric literature review (e.g., Fahimnia et al., 2015; Xu et al., 2018), where lead 

papers represent a general description of each cluster. Overall, out of 211 papers, 94 papers 



published in journals of SJR Q1 (best quartile) were selected for further in-depth content 

analysis due to their generally higher academic rigour and quality. These papers are analysed 

in Section 3.2 around the corresponding cluster’s keywords. The summary of paper members 

of each cluster can be seen in Appendix.  

Table 2. Summary of ten clusters* 

Cluster 

ID 
Silhouette Cluster label Top keywords ranked by LLR 

0 0.939 
DT in Job-shop 

Scheduling Problems 

scheduling, decision making, production control, 

production scheduling, intelligent scheduling, smart 

manufacturing, planning, traceability, physical internet 

(PI), decision support tool 

1 0.971 
DT in Smart 

Manufacturing System 

cyber physical system, embedded system, cyber 

physical systems, smart manufacturing, reference 

modeling, internet of thing, production logistics, 

simulation, manufacturing proce, reference model 

2 0.977 PI-based SCM 

physical internet, digital twin, logistics, container, 

supply chain management, internet, city logistics, 

routing, optimisation, smart manufacturing 

3 0.883 

Virtualising 

Manufacturing System 

using DT 

Technologies 

manufacturing proce, manufacture, simulation, 

manufacturing, digital twin, manufacturing equipment, 

computer control system, neural network model, object 

detection, quality assurance 

4 0.924 

Information 

Management for DT-

based Manufacturing 

big data, smart manufacturing, life cycle, digital 

storage, digital thread, industrial research, simulation, 

vertical integration, product life cycle, product life 

cycle management 

5 0.973 
DT-based Data 

Analytics 

robotics, 3d printer, additive, additive manufacturing, 

defect, digital transformation, automation, industry 4.0, 

computer vision, laser powder bed fusion 

6 0.888 

DT-enabled 

Manufacturing 

Operations 

Management 

industry 4.0, virtual reality, digital twin, intelligent 

manufacturing, product design, logistics, physical 

internet, augmented reality, robot, machine design 

7 0.953 

DT-enabled 

Sustainability 

Development 

sustainable development, sustainable manufacturing, 

industrial internet of things, energy efficiency, 

blockchain, sustainability, perturbation, effectiveness, 

vehicle routing, rescheduling 

8 0.971 

PI/DT-based 

Simulation and 

Optimisation 

two stroke cycle engine, financial metrics, production 

demand, real time forecasting, discrete event 

simulation, efficiency, service, heuristic algorithm, 

virtual product, financial information 

9 1 
DT in Product 

Assembly Process 

machine learning, learning algorithm, automotive 

industry, sheet metal assembly, computer aided 

tolerancing, minimum redundancy maximum 

relevance, root cause analysis, quality management, 

supervised learning, selective assembly 

*Note: the detailed discussion of each cluster is shown in Section 3.2 



3.2 Cluster Analysis 

The following clusters represent the research frontiers related to PI and DT in the context of 

SCM (RQ1). 

3.2.1 Cluster 0: DT in Job-shop Scheduling Problems 

The largest cluster refers to the application of DT in addressing a long-standing research 

problem of job shop scheduling within manufacturing domain. Despite extensive theoretical 

achievements in classical job shop scheduling study, there is still a big gap between the 

developed models and the actual production situation, making it difficult to guide the 

manufacturing practice. The emergence of DT technology during the past few years has 

presented new possibilities in tackling this gap.  

Dynamic workshop scheduling is one of the most challenging problems that scholars have been 

trying to solve by exploiting the convergence of actual and simulated data from DT to optimise 

re-scheduling decisions whenever there are new events affecting the condition of the machine 

lines (Villalonga et al., 2021; Zhang et al., 2021). With the increasing trend of small-batch and 

multi-variety production modes, the flexible job shop scheduling model has quickly gained 

research attentions in the field of production scheduling. Yan et al. (2021) addressed the 

transportation constraint conflicts that limit the applicability of DT-based flexible workshop 

scheduling system in practise, while Nouiri et al. (2020) focused on optimising energy 

consumption by introducing green rescheduling algorithm.  

At more integrative level, some papers focus on the architecture system design of the cloud 

computing enabled DT platform for production scheduling as a whole (eg.  Pan et al., 2021; 

Yu et al., 2021). Shop scheduling is one of multiple stages within assembly execution for 

complex products, where a single source of product assembly data plays a critical role in 



helping decision makers to better control product quality. Against this context, (Zhuang et al., 

2021) proposed a DT-based process traceability approach. 

Apart from production scheduling, scholars have also explored DT-assisted real-time traffic 

scheduling in transportation (eg. Hu et al., 2021).    

3.2.2 Cluster 1: DT in Smart Manufacturing System 

With the widespread adoption of IoT, as an evolved form of embedded systems (Wu et al., 

2011), leading to the availability of big data generated from different objects across the shop 

floor, there is a fast-growing interest of smart manufacturing research to make use of these 

data. One of the first attempts was Zhong et al. (2017) who extended the value of PI to 

manufacturing shop floor by using Big Data Analytics for data-driven decision making. This 

quickly evolved to the discussions to apply DT, which was only popular in machinery 

engineering domain previously, in manufacturing’s process (Park et al., 2019b), and later in 

machine rotation via machinery fault diagnosis (Wang et al., 2019). 

In the context of the emergence of smart manufacturing, CPS plays the centre role in integrating 

multiple systems together, including DT and its mirrored physical system, for collaboration. 

Unlike other systems, CPS does not just simply use DT as the simulation of real system, but 

also gives back the order of actions to the control system of the equipment following pre-

defined rules. Works have been underway in establishing the CPS foundation to develop DT 

reference model for future product-level DT implementation, from the conceptual framework 

of CPS-based smart factory (Chen et al., 2020), CPS architecture design (Zheng and Sivabalan, 

2020) to more specific design of smart manufacturing components operated within the system 

like Manufacturing Execution System (Negri et al., 2020) and knowledge-driven, AI-supported 

DT manufacturing system (Zhou et al., 2020).  



3.2.3 Cluster 2: PI-based SCM  

During the past few years, PI has been widely adopted to address a range of pressing issues 

within SCM. For vehicle routing and delivery scheduling problem, Yao (2017) introduced the 

PI as an important technical support into one-stop delivery mode for city logistics, while Fazili 

et al. (2017) compared the performance of PI-based, conventional and hybrid vehicle routing 

practice through Monte-Carlo simulation.  

Inventory management is another topic within logistics that was mentioned alongside PI within 

this cluster, from PI-supported vendor-managed inventory strategy (Yang et al., 2017a) to PI-

supported inventory control in response to potential SC disruptions (Yang et al., 2017b). 

Resource planning also attracted interests from the academia. To support the transition towards 

more cooperative shipping in a PI-SC, Vanvuchelen et al. (2020) proposed a machine learning 

(ML) algorithm to optimise the joint policies for replenishments between a group of 

collaborating companies. From a more strategic point of view, Luo et al. (2021) suggested a PI 

decision support platform to deal with the overall resource planning. 

At more integrative viewpoints, PI has been used to support the decisions within smart 

manufacturing for integrated production-inventory-distribution problems (Darvish et al., 2016; 

Ji et al., 2019; Peng et al., 2020; Zhang et al., 2016). One critical component to the successful 

implementation of the PI in logistics is a standardised container design, which was discussed 

in Sternberg and Denizel (2021).  

3.2.4 Cluster 3: Virtualising Manufacturing System using DT Technologies 

Before smart manufacturing development, the pioneering application of DT was to use virtual 

reality technologies in digitalising products and manufacturing system. However, there is a 

lack of conceptual basis to increase the applicability of DT on various production activities. 

Thus, general frameworks and reference models were developed for physical product 



simulation (Schleich et al., 2017), shop-floor virtualisation (Tao and Zhang, 2017), and 

resource simulation (Lu and Xu, 2018).  

Past literatures on human-machine interaction for hybrid computer control system in 

manufacturing were abundant. Still, the increasing need for flexibility, adaptability, and safety 

motivates further studies on complex and error-prone human-robot collaborative system (Malik 

et al., 2020; Oyekan et al., 2019). A more robust approach is the use of advanced AI tools such 

as neural network model to improve object detection (Q. Wang et al., 2020) and quality 

assurance (Scheffel et al., 2021).  

Another research topic is about Virtual Prototype (VP) which was referred as Pre-DT by Madni 

et al. (2019). Pre-DT as the virtual model of the system is built before the physical prototype 

is created, with the primary purpose for quality assurance – minimise technical issues before 

launching. VP, or pre-DT, was brought up by Barbieri et al. (2021) to generate simulated 

environment aiming to verify the design and integration of DT architecture before implement 

physically. Meanwhile, to evaluate the practicality of the DT-based virtual factory concept (in 

which VP is one of the most popular applications), Yildiz et al. (2021) provided a 

demonstration using two wind turbine manufacturing cases. 

3.2.5 Cluster 4: Information Management for DT-based Manufacturing 

To realise the full potential of DT in facilitating seamless horizontal and vertical integration in 

smart manufacturing, where big data enables real-time monitoring, simulations and decisions, 

the management of information plays a critical role. This research branch within industrial 

research has thus received extensive attentions. One of the research streams is to optimise 

database architecture of which key issues relating to data construction, data exchange 

(interoperability), digital storage (scalability) and processing architecture (effectiveness) were 

are addressed (Havard et al., 2020; Kong et al., 2021; Luo et al., 2021). 



Data management framework for DT system is another widely discussed topic within this 

cluster, for instance in metal additive manufacturing (Liu et al., 2020) or assembly process 

(Zhuang et al., 2021). Digital thread is the record of a system/product life cycle – from its 

conception to its removal. To better capture the evolution of the state information across the 

product life cycle, data management framework for digital thread also attracts some attentions 

(Gopalakrishnan et al., 2020). 

With an increasing complexity of the multi-stage SC, more concerns are raised regarding data 

quality and information security. Blockchain is one of the most discussed emerging 

technologies with huge potentials for information management within DT-based SC system. 

Some of the obvious advantages of blockchain-based system are the ability to improve data 

monitoring while ensuring a single version of truth across the product life cycle (Ho et al., 

2021). Experiments to combine DT and blockchain technology in industrial research have 

already been underway as a more trustful method for the cyber-physical integration process 

(Huang et al., 2020; Tao et al., 2020). 

3.2.6 Cluster 5: DT-based Data Analytics 

This cluster focuses on data analytics of DT-generated data using AI and ML approach. The 

invention of AI-related techniques were triggered in the 90s while DT was in the early of the 

21st century (Tao et al., 2019b; Toorajipour et al., 2021). They are often considered separately 

in operations and SC sectors. The recent years have seen a growing trend towards the 

confluence of both concepts in the same stage, which is often referred to as the Fourth Industrial 

Revolution (Industry 4.0). The frequent co-occurrences of such ‘machine learning’, ‘computer 

vision’, ‘robotics’ and ‘digital transformation’ keywords manifest the tendency of DT-AI 

collaboration in SC and operations research.  

There are two main research streams in DT-AI-based approaches: (1) monitoring and 

forecasting, and (2) defect detection. For monitoring, with growing digital transformation and 



the integration of sensors and cameras in manufacturing sector, DT-based technologies such as 

computer vision can generate both synthesis and real-time data (e.g., image, 3D and historical 

data). It empowers AI techniques, e.g., deep learning (DL) and ML to monitor and predict the 

WIP and machine quality in material processing (e.g., welding, metal), machine maintenance 

and assembly (Aivaliotis et al., 2021; Alexopoulos et al., 2020; Klingaa et al., 2021; Q. Wang 

et al., 2020; Yi et al., 2021). In terms of defect detection, product or process-generated data 

from IoTs can be used to visualise as a digital replica of a physical object. By building ML/DL 

predictive models, a simulation of scenarios and errors can be visible in a complex 

manufacturing process, hence helps minimise defect rate (Sheuly et al., 2021; Xia et al., 2021). 

This approach has also been widely studied specifically in laser powder bed fusion, one of the 

most popular additive manufacturing (3d printing) processes (Gaikwad et al., 2020; Mukherjee 

and DebRoy, 2019). 

Also in this cluster, DT is recognised as a supportive tool to develop robotic automation and 

machine systems via design, simulation and validation in smart manufacturing and 

food/medical store SC (Morgan et al., 2021; Sharma et al., 2020). 

3.2.7 Cluster 6: DT-enabled Manufacturing Operations Management 

Operations management issues related to the implementation of DT-based manufacturing 

system, are at the main research stream in this cluster. Various elements of the 

(re)manufacturing system including logistics, diagnosis and assessment, disassembling and 

quality management activities are simulated and optimised (Barari et al., 2021; Yangguang Lu 

et al., 2019).  

As of the progression of DT-related studies, an emerging research stream in this cluster refers 

to the notion of disruptive maintenance from industry 4.0 where DT is combined with virtual 

reality, augmented reality and Big Data analytics to proactively generate data-driven predictive 



maintenance and enhance the monitor and control for unpredictable and remote tasks (Navas 

et al., 2020).  

Researchers also recognise the difficulties in transforming from conventional to intelligent 

manufacturing due to the complexity of product design/process and expensive capital 

investments. Hence, some studies focus on evaluating economic values of DT system when 

addressing task allocation, order scheduling or monitoring without investing too much into 

advanced machine design (Guo et al., 2021; K. J. Wang et al., 2020).  

Scholars also used DT-based technologies to deploy PI through building systematic 

information and communication interfaces such as human machine interfaces (Ardanza et al., 

2019; Redelinghuys et al., 2020), or asset administration shell (Arm et al., 2021) for 

customising 3D printer production line, real-time monitoring or robotic manipulations. DT also 

provides means to develop customised product designs with various value-added services 

(Zheng et al., 2018). 

3.2.8 Cluster 7: DT-enabled Sustainability Development 

This cluster presses researcher concerns in sustainability development in three main sectors:  

manufacturing, retails and logistics. In that account, DT plays an important key as a means to 

attain a sustainable manufacturing in terms of energy efficiency, resources, pollution etc. For 

example, in the course of developing a sustainable manufacturing process, Kannan and 

Arunachalam (2019) studied the resilience of grinding wheel machine to build a product 

integrated and DT-based knowledge sharing platform that can predict the causes for the 

perturbation of the machine’s condition. Li et al. (2020) proposed a DT-driven information 

assessment to evaluate the sustainability of manufacturing. Broo and Schooling (2021) initiated 

the use of DT-enabled data-driven approach as a core to maintain the operations of sustainable 

smart manufacturing infrastructure.  



Energy efficiency in manufacturing is also another significant stream in this cluster. Several 

studies developed energy-efficient models to achieve the effective real-time interoperability by 

integrating DT, data and industrial IoTs, thereby reducing unnecessary energy use (Lu et al., 

2019; Park et al., 2019a). Energy-efficient scheduling and rescheduling method was also 

proposed by Nouiri et al. (2020). 

As blockchain is a vital element for sustainable information sharing and transparency, scholars 

also worked on blockchain-driven models using DT-based techniques in a wider spectrum of 

logistics finance for e-commerce (Li et al., 2020), social manufacturing (Leng et al., 2019a), 

and vehicle routing in urban logistics (Tian et al., 2021).  

3.2.9 Cluster 8: PI/DT-based Simulation and Optimisation 

This cluster focuses on the novelty of simulation and optimisation methods in the context of 

PI/DT-embedded system. Simulation has long been used to develop virtual products (Schleich 

et al., 2017) or to improve performance of industrial machines such as two stroke cycle engines 

(Perumal Venkatesan et al., 2020). In manufacturing process setting, several studies have 

developed large-scale simulation and optimisation approaches that can deal with production 

data with high volume and high velocity in effective manners. In this account, a commonly 

used approach is discrete event simulation (DES) model. The DT-based DES approach is used 

to simulate the non-automated manufacturing process (Santos et al., 2020), evaluate the 

configuration design of the DT-based complex manufacturing system (Ait-Alla et al., 2021; 

Jiang et al., 2021; Murphy et al., 2020), detect production bottlenecks and faulty (Jung et al., 

2021), as well as in service scheduling and failure probability prediction (Negri et al., 2021). 

Another application of this simulation approach is assessing the efficiency of an open and 

interconnected PI under various transportation protocols and scenarios (Sarraj et al., 2014). 

Beyond production metrics, financial information is also used as an important metric to carry 



out DES-based real time forecasting for business cash flow with stochastic production demand 

(Murphy et al., 2020). 

Apart from DES, other innovative methods to address the large-scale problems are also 

proposed. A prime example is Zhang et al. (2020)’s multi-fidelity simulation-based 

optimisation for a DT workshop which can co-use different fidelity simulation models in 

parallel to yield higher accurate estimations while heuristics algorithms is applied to reduce 

computational costs. Hierarchical aggregation/disaggregation is another improved optimisation 

approach that can speed up the repeated computations in simulation and decision making in the 

DT-embedded manufacturing system (Seok et al., 2021). 

3.2.10 Cluster 9: DT in Product Assembly Process 

Assembly is the last production process and plays a vital role in ensuring quality, performance, 

and reliability of a product. Recently, DT has been integrated to improve assembly efficiency 

through exploiting real-time data to feed advanced big data analytics tools such as machine 

learning, especially assembly shopfloor for complex products such as missile, satellite, rocket, 

and aircraft (Zhuang et al., 2018). In particular, Ezhilarasu et al. (2021) proposed a quality 

management framework using mRMR algorithm (minimum redundancy maximum relevance) 

to select the optimal set of data variables collected from aircraft sensors, then supervised 

learning algorithms to detect faults. When product failures occur, then root-cause analysis is 

required. A dedicated research by Detzner and Eigner (2021) evaluated different methods and 

suggested an optimal one for feature selection in root-cause analysis. Other works with similar 

direction include improving assembly process quality management supported by learning 

algorithm (Franciosa et al., 2020), and process dynamic optimisation (Wang et al., 2021). At 

the same time, general framework for DT-based assembly process planning and dynamic 

evaluation method was also proposed (Zhang et al., 2020). 



In complex products, compliant, or non-rigid (lightweight) parts are used widely in many 

industries. Existing geometrical deviations management methods are not able to be used for 

this important type of part as opposed to rigid parts. However, with the availability of DT tools 

enabling a continuous single flow of information along the product lifecycle, obtaining accurate 

geometrical deviations of compliant parts could become feasible. In particular, DT of product 

design could be built to send real-time specifications information and variation information to 

support the general assembly planning (Franciosa et al., 2020; Polini and Corrado, 2020; Sierla 

et al., 2018), including in automotive industry (Balakrishnan et al., 2019). Meanwhile, others 

attempted to use selective assembly technique – product simulation (Computer-Aided 

Tolerancing tool) to find the optimal combination of individual parts to assemble the best 

quality final product, in sheet metal assembly (Rezaei Aderiani et al., 2019).  

Against this backdrop, some research focus on more niche areas such as DT-enabled fixed-

position assembly islands where DT-enabled intelligent manufacturing system is adopted to 

minimise the uncertainties and complexities come with the sophisticated product and assembly 

operations (Guo et al., 2020).  

In response to RQ1, ten clusters representing the research frontiers are summarised in Table 3. 

Table 3. Summary of the research frontiers 

Cluster 

ID 
Cluster label Area of research focus 

0 
DT in Job-shop Scheduling 

Problems 

The application of DT in addressing research 

problem of job shop scheduling within 

manufacturing domain 

1 
DT in Smart Manufacturing 

System 

Smart manufacturing using big data of different 

objects across the shop floor generated from IoT  

2 PI-based SCM 

Application of Physical Internet in addressing 

different problems within production, inventory 

and distribution system 



3 

Virtualising Manufacturing 

System using DT 

Technologies 

Frameworks and reference models for the 

application of virtual reality in digitalising 

products and manufacturing system 

4 

Information Management 

for DT-based 

Manufacturing 

Develop information architecture and data 

management framework to enable DT-based smart 

manufacturing 

5 DT-based Data Analytics 

Application of AI and ML in monitoring, 

forecasting and fault detection across the DT-

based manufacturing system 

6 
DT-enabled Manufacturing 

Operations Management 

Implementation of DT-based technologies to 

address different operations management issues 

within manufacturing 

7 
DT-enabled Sustainability 

Development 

The role of DT in designing sustainable 

manufacturing, retails and logistics system 

8 
PI/DT-based Simulation and 

Optimisation 

The novelty of simulation and optimisation 

methods in the context of PI/DT-embedded system 

9 
DT in Product Assembly 

Process 

DT application in improving efficiency of the 

assembly process using real-time data 

4 Trend Analysis 

This section discusses the keyword evolution and emerging trends of DT in SCM research by 

analysing CiteSpace’s keyword citation bursts and the timeline view of the KCN. RQ2 is 

addressed in section 4.1 and 4.2, while the emerging research trends within RQ3 are identified 

in section 4.3. 

Top 20 keywords with the strongest citation bursts are presented in Figure 13, in which “Year” 

represents the starting time of the analysis, “Strength” shows the burst rate, “Begin” and “End” 

indicate the starting and ending year of the burst duration. As can be seen, prior to 2019, a 

larger extent of research efforts was into the technological development of PI-based system as 

keywords with high citation bursts are “physical internet”, “internet”, “internet of thing”, 

“virtual reality”, “big data”, “digital storage”, and “computer simulation”. From 2019 

onwards, as the technological capabilities become more matured, the research focus has shifted 



towards the implementation of PI and DT in SC applications, in which several operational 

management issues are addressed as implied in burst terms like “production system”, 

“production process”, “robotics”, and “cost”. 

Table 4. Top 30 keywords ranked by Sigma 

Frequency Burst Centrality Sigma () Keyword 

57 10.16 0.65 166.51 physical internet 

9 5.08 0.74 16.69 container 

33 7.58 0.23 4.75 logistics 

13 8.09 0.2 4.36 internet 

27 3.37 0.47 3.65 flow control 

16 3.18 0.46 3.33 digital storge 

5 2.99 0.49 3.31 floor 

43 3.31 0.23 1.99 internet of thing 

24 2.56 0.26 1.82 big data 

3 2.03 0.3 1.71 computer simulation 

27 3.37 0.1 1.37 product design 

2 1.36 0.09 1.12 chain 

17 2.13 0.05 1.11 production system 

6 3.72 0.03 1.1 transportation 

28 2.98 0.03 1.08 virtual reality 

14 2.12 0.03 1.05 internet of things (iot) 

9 1.12 0.03 1.03 robotics 

8  0.69 1 design 

51  0.57 1 embedded system 

27  0.36 1 optimization 

139  0.34 1 manufacture 

2  0.31 1 product life cycle management 

2  0.29 1 inventory 

49  0.28 1 supply chain 

2  0.28 1 inventory control 

366  0.21 1 digital twin 

16  0.19 1 sustainability 

2  0.19 1 sensitivity analysis 
 

Apart from citation burst, research fronts can also be identified based on the keyword’s 

betweenness centrality and Sigma ( ). The centrality estimates the number of times a node 

belongs to the shortest paths of any pair of nodes in the KCN (Radhakrishnan et al., 2017). The 

keyword with higher centrality reflects the greater influence in the KCN. Sigma () combines 

both the burst rate and betweenness centrality to indicate the transformative strength of a 

keyword over a time interval (F.-F. Cheng et al., 2018). Hence, to capture a more integrative 



view of research frontiers, we identify top 30 most important keywords based on their Sigma 

values, as presented in Table 4. 

To investigate the origin of the evolution of the research front over years, the timeline view on 

CiteSpace was deployed (Figure 8). This timeline view shows all nodes having direct and 

indirect connections with “physical internet” and “digital twin”. As the largest cluster by 

keywords number, cluster 0 spans for 5 years from 2016 until 2021, so does cluster 1 and 3. 

Meanwhile, cluster 4 and 6 started only a year later from 2017. Cluster 2 has been active for 

the longest duration, 8 years since 2013. Cluster 8 only existed for a short period during 2013. 

As can be clearly seen, the most active period was 2019-2020 when nodes across all clusters 

(except cluster 8) were recorded. This also corresponds to the exponential growth of documents 

published within our database during the same period (see Figure 3 above). This is evident that 

studies during 2019-2020 spread across diverse areas of DT-SC. 

The first keyword within DT/PI application in SCM research domain was “computer 

simulation” from 2013. This was followed by the concept of “physical internet” from 2014, 

and later “digital twin” from 2017. It is safe to say that “computer simulation” within cluster 8 

established the foundation for the development of “physical internet” and “digital twin”, which 

was also agreed by some researchers (Grieves and Vickers, 2017; Ivanov et al., 2019). 

In the following sub-section, we move from the bird-eye view of the KCN to a more focused 

analysis of how the PI/DT research fronts and emerging trends evolve over time. It is worth 

noting that as our initial search during data collection stage looked for PI and DT keywords in 

both title and abstract, there are papers that contain PI and DT in either title or abstract but do 

not have PI or DT as (system predefined) index keywords or author decided keywords. 

Therefore, the sum of papers examined in both section 4.1 and 4.2 may not necessarily be the 

same with the original number of input papers at 518. 



 

Figure 8. Timeline view of KCN  



4.1 Research Evolution of Physical Internet-based Supply Chain  

The evolution of “physical internet” keyword in the KCN can be seen in Figure 9 (only shows 

nodes having direct connection with “physical internet”) and Figure 10 below. Starting from 

2014, PI was first brought up as an approach to improve the logistics efficiency by creating 

synchronised interconnections between logistics networks (Sarraj et al., 2014). In the same 

year, to establish the foundation for PI, Lin et al. (2014) initiated the idea of standardising 

packaging and containers for more efficient product handling across the network. During 2015 

– 2016, while there were still works on PI-container design (Sallez et al., 2016), a fast-growing 

number of research worked on PI-based logistics operations issues such as transportation and 

inventory problem (Pan et al., 2015) or resource allocation (Walha et al., 2016). From 2017 to 

2018, while logistics problems remained of interest (Onal et al., 2018; Yang et al., 2017a), 

researchers started to extend the PI concept to manufacturing shop floor (Onal et al., 2018; 

Zhong et al., 2017) and urban logistic (Ben Mohamed et al., 2017; Fazili et al., 2017; Sun et 

al., 2018). In 2019, blockchain was first discussed alongside PI as one of the key technological 

enablers (Meyer et al., 2019), even though the general theme was still logistic network and 

manufacturing related. Some new research streams were also emerged to bring PI 

implementation closer to the practice, for example cost minimisation (e.g. Ji et al., 2019) and 

sustainability assessment (e.g. L. Li et al., 2020). With the maturity of IoT and ML techniques, 

2020 witnessed a rise of works in utilising big data-driven and ML-supported solutions to 

different DT-based SC problems (Kantasa-ard et al., 2020; Vanvuchelen et al., 2020). During 

the first half of 2021, most research was to tackle transportation, and vehicle routing problem 

(Ancele et al., 2021; H Luo et al., 2021; Yee et al., 2021). 



 

Figure 9. Timeline view of “physical internet” keyword 

 

Figure 10. Number of papers with “physical internet” keyword 

4.2 Research Evolution of Digital Twin-based Supply Chain  

While PI-related research is spreading over longer span of years, DT-related works in SCM 

have just begun since 2017. Despite that, the current number of publications with DT keyword 

is more than 6 times to that of PI keyword (366 compares to 57), indicating the popularity of 

the subject area. 

The evolution of “digital twin” keyword in the KCN can be seen in Figure 11 (only shows 

nodes having direct connection with “digital twin”) and Figure 12. At the early stage in 2017, 

3
2

4

11

5

13 14

5

0

5

10

15

2013 2014 2015 2016 2017 2018 2019 2020 2021



works were mainly focused on the introduction of DT concept into manufacturing (Brenner 

and Hummel, 2017; Tao and Zhang, 2017; Uhlemann et al., 2017; Zhang et al., 2017), and 

exploring DT’s potential in virtualising machines (Angrish et al., 2017) or manufacturing 

process (Moreno et al., 2017). Moving on to 2018, while works were still underway in 

virtualisation of manufacturing process (Lu and Xu, 2018), researches focused more on 

exploiting the convergence of physical and virtual data in DT-enabled smart manufacturing (Y. 

Cheng et al., 2018; Qi and Tao, 2018; Zheng et al., 2018; Zhuang et al., 2018). In the meantime, 

new paradigms were added and even carried into 2019 such as cloud technology (Lu and Xu, 

2019; Urbina Coronado et al., 2018), and DT-driven product design (Tao et al., 2019a, 2018). 

Despite those, the main theme for 2019 was DT-based manufacturing CPS design (Ding et al., 

2019; Leng et al., 2019b; Liu et al., 2019). With the Covid-19 pandemic hit the global SC hard 

since early 2020, it is not surprising that epidemic impact prediction and mitigation strategies 

has been at research forefront (Ivanov, 2020; Ivanov and Das, 2020). Still, scholar works for 

DT-driven system towards smart manufacturing was gathering pace (Cheng et al., 2020; Leng 

et al., 2020a; Zhou et al., 2020), while blockchain was introduced in DT along the way (Leng 

et al., 2020b). The research focus during the first half of 2021 has been more or less similar to 

that of 2020.  

In the wake of the on-going pandemic, researchers started to realise the potential of DT in 

developing SC resiliency in response to disruption risks (Ivanov and Dolgui, 2021). Apart from 

this, as in 2020, DT-driven smart manufacturing design continues to attract a lot of academic 

attentions (Q. Liu et al., 2021; Wei et al., 2021; Yi et al., 2021). 



 

Figure 11. Timeline view of “digital twin” keyword 

 

Figure 12. Number of papers with “digital twin” keyword 

4.3 Emerging Research Trends  

Keywords with highest burst rates over the recent time interval (2019-2021) represent current 

hotspots in the research area (Chen, 2006). As can be seen in Figure 13, five keywords have 

burst until 2021, namely “production system”, “production process”, “robotics”, “computer 

architecture”, and “cost”. The first two suggests the upcoming research trends in DT-driven 

production system design, along with DT-enabled production process improvement. In fact, 
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these two topics have been of research interest since 2019 but are still underexploited. On the 

other hand, “robotics” and “computer architecture” indicate that the high-level autonomous 

manufacturing system supported by state-of-the-art information architectures could be the key 

drivers to achieve the former two topics. Finally, “cost” is now at the research front, signalling 

the need of evaluating viability and feasibility of the PI/DT adoption in practice. 

 

Figure 13. Top 20 keywords with strongest citation bursts 

5. Future Directions 

The findings discussed above highlight some research opportunities for future studies of PI/DT 

applications in the context of SCM. This section gives future research directions in response to 

RQ3.  



Direction 1: Developing PI/DT-centred Business Ecosystems  

From the cluster analysis, it is clear that research in PI/DT application in SCM is still in its 

infancy and highly fragmented. In order to accelerate the PI/DT adoption and maximise its full 

potentials, it is critical to develop an integrated business ecosystem with supporting policies. 

A business ecosystem includes: business context (missions, drivers, barriers and lifecycle 

stages), cooperation and governance mechanism with partners, infrastructure, SC 

configuration, capacity building and managing changes (Rong et al., 2015). In addition, 

supporting policies are the development of national and organisation level of strategies and 

initiatives to promote the digitalisation transformation.  

Studies on ecosystems have addressed a wide range of topics such as innovation, mobility, 

knowledge and IoT, all of which could be parts or the extension of PI/DT-centred business 

ecosystems.  

Direction 2: Leveraging PI/DT to Enhance Sustainability 

The content analysis of cluster 7 exposes the potential gaps of using PI/DT as a means to 

achieve sustainability. Some attempts have been made into the sustainability development of 

the DT-based manuanufacturing and logistics system by minimizing its environmental impact 

through  optimising energy efficiency or green job shop scheduling (Nouiri et al., 2020). 

However, a number of sustainable issues such as emission evaluation or social welfare 

associated with DT-enabled SC operations are still overlooked in literature and should be 

further investigated.  

As suggested by cluster 4, in line with the transition towards circular economy, the traceability 

of PI/DT can play a key role in improving the performance of reverse logistics and closed loop-

SC operations. For example, to enhance product recycling rate, PI/DT can help firms track and 

trace the whole product life cycle including its reverse flows, thereby accurately predicting the 



quality, quantity and timing of the core returns. Prior studies have explored the value of PI/DT 

in remanufacturing (Chen and Huang, 2021b); however, by elaborating its benefits to address 

the issues of return uncertainty across closed-loop SC, this can be a valuable and fruitful 

research area for future scholars.   

Direction 3: DT/PT-enabled supply chain resilience 

The Covid-19 pandemic is a lesson for many firms in tackling unprecedented and sudden SC 

disruptions. Not only pandemic, threats may also stem from various forms such as economic 

and political crisis, natural disasters or terrorist attacks. As mentioned in section 4.2, recent 

works have started to explore the potential of DT in developing SC resiliency in response to 

disruption risks. DT/PI-based technologies can help firms develop SC resilience by providing 

real-time and remote monitoring and foreseen visability in a large-scale and dynamic business 

context, thereby proactively generating timely contingency and recovery plan. Although there 

were some recent articles which studied the generic role of DT/PI SC in managing the 

disruption risks using big data-driven simulation and optimisation (Ivanov et al., 2019; Ivanov 

and Das, 2020; Ivanov and Dolgui, 2021), research should further investigate specific problems 

of SC disruption in logistics routing, warehousing/manufacturing locating, supplier selection, 

etc.  

Direction 4: SC Downstream Focused PI/DT Applications  

As dominated in the cluster analysis and evidenced from emerging trends of “production 

system” and “production process”, DT/PI applications in the SC upstream including 

production, distribution and inventory management have been at research forefront since 

beginning. However, its applications in the SC downstream such as sales & marketing and last-

mile delivery are still largely understudied. The applications, for example, DT-enabled 3D 

model to layout a floor plan, and DT/PI enabled interface in a last-mile delivery system in 



which customers can directly see and interact with the operations and delivery process, could 

consolidate the transparent ability and add more values to retailer’s products and services. 

Direction 5: Cognitive Thinking in Industry 5.0  

In-depth content analysis across all cluster has exposed research gap in product and process 

customisation. It is witnessed that Industry 4.0-related terms have been dominating the PI/DT 

recent research and application across SC aspects. Robotic automation has been prevalent and 

is still one of the emerging trends in both manufacturing and distribution literature, but it 

neglects the individualism in product and process. An article from Forbes indicates that 

personalisation is trendy which can significantly reward firms in terms of relationship 

strengthening and profit margin (Morgan, 2020). However, it has always been challenging to 

design personalised products and services in a large scale. With the concept of embedding 

cognitive thinking from human into automation robotic intelligence in Industry 5.0, PI/DT 

could support visualise, simulate and monitor human collaboration with automation machine 

in a large manufacturing scale. This orientation could be explored further into other SC aspects 

such as logistics, warehousing or retail to attain more personalised and efficient process. 

Direction 6: Citizen Twin for the Development of Digital Society 

Covid-19 is pushing people to work from home which accelerates digital transformation. A 

report from Gartner indicates a new term, ‘citizen twin’, as an emerging technology in the next 

5-10 years (Panetta, 2020). Citizen twins are defined as digital models of humans which 

replicate a real human in many aspects such as voice, vision, gesture or even brain. This concept 

could be considered as a health passport for an individual. Citizen twins can also supplement 

research in SC downstream focused DT/PI application (Direction 4) while foster product 

customisation (Direction 5), by providing naturally digital footprints of customers with 

emerging behaviours in the way of living and shopping. Hence, future research should redesign 



and adapt the SC strategy and practices to capture the new social norms in the new digital 

society.  

Direction 7: Cost and Revenue Management of PI/DT Implementations 

Our results show that cost management is one of the emerging trends for future research. It 

could be due to the fact that the adoption of advanced technologies such as IoT, robotic 

machines and PI/DT requires extensive capital investment and resources. In addition, the 

complex processes and products puzzle the traditional costing strategies. Hence, to increase the 

feasibility and viability of PI/DI-enabled system in practice, future research should study more 

about cost management and revenue sharing between stakeholders in the PI/DI-SC system.  

5 Conclusion 

This study offers a systematic literature review of 518 journal articles to investigate the 

temporal evolution of research fronts and emerging research trends in the field of PI/DT in 

SCM by adopting a bibliometric knowledge mapping approach.  

• The research frontiers (RQ1) can be clustered into ten themes, including PI/DT 

applications in job shop scheduling, smart manufacturing design, PI-based SCM, 

manufacturing virtualisation, information management, sustainability development, 

data analytics, manufacturing operations management, simulation and optimisation, 

and assembly process planning.  

• The research evolution of “physical internet” and “digital twin” (RQ2) started when 

“computer simulation” laid the foundation for the development of “physical internet” 

concept in 2014, and “digital twin” not long after in 2017. Throughout the years, 

“physical internet” was investigated from the logistics and manufacturing perspective. 

Meanwhile, “digital twin” was mostly adopted as an enabler for smart manufacturing, 

and most recently, for SC resilience development in response to the on-going pandemic.  



• Emerging trends (RQ3) are also unveiled including “production system”, “production 

process”, “robotics”, “computer architecture”, and “cost”. Furthermore, seven research 

agenda for future works are suggested, highlighting PI/DT-related issues in business 

ecosystem development, sustainability, SC downstream management, SC resilience, 

cost and revenue management, citizen twin in digital society, and cognitive thinking in 

Industry 5.0.  

This paper also emerges some limitations. Firstly, the associated author and indexed keywords 

are generic, then may not exhaustively reflect the details of a specific paper. To address this 

problem, further research can analyse the articles’ abstract or title, though it may require higher 

computational expenses. There is also technical challenge when dealing with titles and 

abstracts since noun phrases can be noisy, meaningless, overlap, and irrelevant which requires 

advanced text pre-processing techniques such as Natural Language Processing (NLP). 

Secondly, this work only targets peer-reviewed articles which might be insufficient for 

practitioners to align. A future work is encouraged to extend the focus to non-academic 

literature such as government and company reports, white papers which consolidates for 

academic contributions. 

Reference 

Ait-Alla, A., Kreutz, M., Rippel, D., Lütjen, M., Freitag, M., 2021. Simulated-based 

methodology for the interface configuration of cyber-physical production systems. 

International Journal of Production Research 59, 5388–5403. 

https://doi.org/10.1080/00207543.2020.1778209 

Aivaliotis, P., Arkouli, Z., Georgoulias, K., Makris, S., 2021. Degradation curves integration 

in physics-based models: Towards the predictive maintenance of industrial robots. 

Robotics and Computer-Integrated Manufacturing 71. 

https://doi.org/10.1016/j.rcim.2021.102177 

Alexopoulos, K., Nikolakis, N., Chryssolouris, G., 2020. Digital twin-driven supervised 

machine learning for the development of artificial intelligence applications in 

manufacturing. International Journal of Computer Integrated Manufacturing 33, 429–

439. https://doi.org/10.1080/0951192X.2020.1747642 



Ancele, Y., Hà, M.H., Lersteau, C., Matellini, D.B., Nguyen, T.T., 2021. Toward a more 

flexible VRP with pickup and delivery allowing consolidations. Transportation Research 

Part C: Emerging Technologies 128. https://doi.org/10.1016/j.trc.2021.103077 

Angrish, A., Starly, B., Lee, Y.-S., Cohen, P.H., 2017. A flexible data schema and system 

architecture for the virtualization of manufacturing machines (VMM). Journal of 

Manufacturing Systems 45, 236–247. https://doi.org/10.1016/j.jmsy.2017.10.003 

Ardanza, A., Moreno, A., Segura, Á., de la Cruz, M., Aguinaga, D., 2019. Sustainable and 

flexible industrial human machine interfaces to support adaptable applications in the 

Industry 4.0 paradigm. International Journal of Production Research 57, 4045–4059. 

https://doi.org/10.1080/00207543.2019.1572932 

Arm, J., Benesl, T., Marcon, P., Bradac, Z., Schröder, T., Belyaev, A., Werner, T., Braun, V., 

Kamensky, P., Zezulka, F., Diedrich, C., Dohnal, P., 2021. Automated design and 

integration of asset administration shells in components of industry 4.0. Sensors 21, 1–

20. https://doi.org/10.3390/s21062004 

Balakrishnan, P., Ramesh Babu, K., Naiju, C.D., Madiajagan, M., 2019. Design and 

Implementation of Digital Twin for Predicting Failures in Automobiles Using Machine 

Learning Algorithms, in: SAE Technical Paper. https://doi.org/10.4271/2019-28-0159 

Ballot, E., Montreuil, B., Thivierge, C., 2012. Functional Design of Physical Internet 

Facilities: A Road-Rail Hub. Progress in Material Handling Research. 

Barari, A., de Sales Guerra Tsuzuki, M., Cohen, Y., Macchi, M., 2021. Editorial: intelligent 

manufacturing systems towards industry 4.0 era. Journal of Intelligent Manufacturing. 

https://doi.org/10.1007/s10845-021-01769-0 

Barbieri, G., Bertuzzi, A., Capriotti, A., Ragazzini, L., Gutierrez, D., Negri, E., Fumagalli, L., 

2021. A virtual commissioning based methodology to integrate digital twins into 

manufacturing systems. Production Engineering 15, 397–412. 

https://doi.org/10.1007/s11740-021-01037-3 

Ben Mohamed, I., Klibi, W., Labarthe, O., Deschamps, J.-C., Babai, M.Z., 2017. Modelling 

and solution approaches for the interconnected city logistics. International Journal of 

Production Research 55, 2664–2684. https://doi.org/10.1080/00207543.2016.1267412 

Braam, R.R., Moed, H.F., van Raan, A.F.J., 1991. Mapping of science by combined co-

citation and word analysis. II: Dynamical aspects. Journal of the American Society for 

Information Science 42. https://doi.org/10.1002/(SICI)1097-

4571(199105)42:4<252::AID-ASI2>3.0.CO;2-G 

Brenner, B., Hummel, V., 2017. Digital Twin as Enabler for an Innovative Digital Shopfloor 

Management System in the ESB Logistics Learning Factory at Reutlingen - University. 

Procedia Manufacturing 9, 198–205. https://doi.org/10.1016/j.promfg.2017.04.039 

Broo, D.G., Schooling, J., 2021. A Framework for Using Data as an Engineering Tool for 

Sustainable Cyber-Physical Systems. IEEE Access 9, 22876–22882. 

https://doi.org/10.1109/ACCESS.2021.3055652 

Chen, C., 2006. CiteSpace II: Detecting and visualizing emerging trends and transient 

patterns in scientific literature. Journal of the American Society for Information Science 

and Technology 57, 359–377. https://doi.org/10.1002/asi.20317 



Chen, C., Ibekwe-SanJuan, F., Hou, J., 2010. The structure and dynamics of cocitation 

clusters: A multiple-perspective cocitation analysis. Journal of the American Society for 

Information Science and Technology 61. https://doi.org/10.1002/asi.21309 

Chen Chaomei, 2020. CiteSpace101 - 6.4 Node Selection [WWW Document]. URL 

https://sites.google.com/site/citespace101/6-configure-a-citespace-run/6-4-node-

selection?fbclid=IwAR2vZvAYvjxKIYxqk_8CIZtnANVHr1BGMHISQMkmTxgavkQf

9AEmV6qJMLA (accessed 9.9.21). 

Chen, G., Wang, P., Feng, B., Li, Y., Liu, D., 2020. The framework design of smart factory 

in discrete manufacturing industry based on cyber-physical system. International Journal 

of Computer Integrated Manufacturing 33, 79–101. 

https://doi.org/10.1080/0951192X.2019.1699254 

Chen, Z., Huang, L., 2021a. Digital twins for information-sharing in remanufacturing supply 

chain: A review. Energy 220, 119712. https://doi.org/10.1016/j.energy.2020.119712 

Chen, Z., Huang, L., 2021b. Digital twins for information-sharing in remanufacturing supply 

chain: A review. Energy 220, 119712. https://doi.org/10.1016/j.energy.2020.119712 

Cheng, F.-F., Huang, Y.-W., Yu, H.-C., Wu, C.-S., 2018. Mapping knowledge structure by 

keyword co-occurrence and social network analysis. Library Hi Tech 36, 636–650. 

https://doi.org/10.1108/LHT-01-2018-0004 

Cheng, J., Zhang, H., Tao, F., Juang, C.-F., 2020. DT-II:Digital twin enhanced Industrial 

Internet reference framework towards smart manufacturing. Robotics and Computer-

Integrated Manufacturing 62. https://doi.org/10.1016/j.rcim.2019.101881 

Cheng, Y., Zhang, Y., Ji, P., Xu, W., Zhou, Z., Tao, F., 2018. Cyber-physical integration for 

moving digital factories forward towards smart manufacturing: a survey. International 

Journal of Advanced Manufacturing Technology 97, 1209–1221. 

https://doi.org/10.1007/s00170-018-2001-2 

Dans, E., 2019. The Battle For The Physical Internet [WWW Document]. 

https://doi.org/https://www.forbes.com/sites/blakemorgan/2020/02/18/50-stats-showing-

the-power-of-personalization/?sh=5537a6742a94 

Darvish, M., Larrain, H., Coelho, L.C., 2016. A dynamic multi-plant lot-sizing and 

distribution problem. International Journal of Production Research 54, 6707–6717. 

https://doi.org/10.1080/00207543.2016.1154623 

Detzner, A., Eigner, M., 2021. Feature selection methods for root‐cause analysis among top‐

level product attributes. Quality and Reliability Engineering International 37, 335–351. 

https://doi.org/10.1002/qre.2738 

Diez-Martin, F., Blanco-Gonzalez, A., Prado-Roman, C., 2019. Research challenges in digital 

marketing: Sustainability. Sustainability (Switzerland). 

https://doi.org/10.3390/su11102839 

Ding, K., Chan, F.T.S., Zhang, X., Zhou, G., Zhang, F., 2019. Defining a Digital Twin-based 

Cyber-Physical Production System for autonomous manufacturing in smart shop floors. 

International Journal of Production Research 57, 6315–6334. 

https://doi.org/10.1080/00207543.2019.1566661 

Dunning, T., 1993. Accurate Methods for the Statistics of Surprise and Coincidence. 

Computational Linguistics 19. 



Duvvuru, A., Radhakrishnan, S., More, D., Kamarthi, S., Sultornsanee, S., 2013. Analyzing 

Structural &amp; Temporal Characteristics of Keyword System in Academic Research 

Articles. Procedia Computer Science 20, 439–445. 

https://doi.org/10.1016/j.procs.2013.09.300 

Egghe, L., 2006. Theory and practise of the g-index. Scientometrics. 

https://doi.org/10.1007/s11192-006-0144-7 

Errandonea, I., Beltrán, S., Arrizabalaga, S., 2020. Digital Twin for maintenance: A literature 

review. Computers in Industry. https://doi.org/10.1016/j.compind.2020.103316 

Ezhilarasu, C.M., Skaf, Z., Jennions, I.K., 2021. A Generalised Methodology for the 

Diagnosis of Aircraft Systems. IEEE Access 9, 11437–11454. 

https://doi.org/10.1109/ACCESS.2021.3050877 

Fahim, P.B.M., An, R., Rezaei, J., Pang, Y., Montreuil, B., Tavasszy, L., 2021. An 

information architecture to enable track-and-trace capability in Physical Internet ports. 

Computers in Industry. https://doi.org/10.1016/j.compind.2021.103443 

Fahimnia, B., Sarkis, J., Davarzani, H., 2015. Green supply chain management: A review and 

bibliometric analysis. International Journal of Production Economics 162. 

https://doi.org/10.1016/j.ijpe.2015.01.003 

Fazili, M., Venkatadri, U., Cyrus, P., Tajbakhsh, M., 2017. Physical Internet, conventional 

and hybrid logistic systems: a routing optimisation-based comparison using the Eastern 

Canada road network case study. International Journal of Production Research 55, 

2703–2730. https://doi.org/10.1080/00207543.2017.1285075 

Franciosa, P., Sokolov, M., Sinha, S., Sun, T., Ceglarek, D., 2020. Deep learning enhanced 

digital twin for Closed-Loop In-Process quality improvement. CIRP Annals 69, 369–

372. https://doi.org/10.1016/j.cirp.2020.04.110 

Gaikwad, A., Yavari, R., Montazeri, M., Cole, K., Bian, L., Rao, P., 2020. Toward the digital 

twin of additive manufacturing: Integrating thermal simulations, sensing, and analytics 

to detect process faults. IISE Transactions 52. 

https://doi.org/10.1080/24725854.2019.1701753 

Gopalakrishnan, S., Hartman, N.W., Sangid, M.D., 2020. Model-Based Feature Information 

Network (MFIN): A Digital Twin Framework to Integrate Location-Specific Material 

Behavior Within Component Design, Manufacturing, and Performance Analysis. 

Integrating Materials and Manufacturing Innovation 9, 394–409. 

https://doi.org/10.1007/s40192-020-00190-4 

Grest, M., Lauras, M., Montreuil, B., 2021. Assessing Physical Internet potential for 

Humanitarian Supply Chains, in: Proceedings of the 54th Hawaii International 

Conference on System Sciences. https://doi.org/10.24251/hicss.2021.251 

Grieves, M., Vickers, J., 2017. Digital Twin: Mitigating Unpredictable, Undesirable 

Emergent Behavior in Complex Systems, in: Transdisciplinary Perspectives on Complex 

Systems. Springer International Publishing, Cham. https://doi.org/10.1007/978-3-319-

38756-7_4 

Guo, D., Li, M., Zhong, R., Huang, G.Q., 2021. Graduation Intelligent Manufacturing System 

(GiMS): an Industry 4.0 paradigm for production and operations management. Industrial 

Management and Data Systems 121, 86–98. https://doi.org/10.1108/IMDS-08-2020-

0489 



Guo, D., Zhong, R.Y., Lin, P., Lyu, Z., Rong, Y., Huang, G.Q., 2020. Digital twin-enabled 

Graduation Intelligent Manufacturing System for fixed-position assembly islands. 

Robotics and Computer-Integrated Manufacturing 63. 

https://doi.org/10.1016/j.rcim.2019.101917 

Havard, V., Sahnoun, M., Bettayeb, B., Duval, F., Baudry, D., 2020. Data architecture and 

model design for Industry 4.0 components integration in cyber-physical production 

systems. Proceedings of the Institution of Mechanical Engineers, Part B: Journal of 

Engineering Manufacture. https://doi.org/10.1177/0954405420979463 

He, B., Bai, K.J., 2021. Digital twin-based sustainable intelligent manufacturing: a review. 

Advances in Manufacturing 9, 1–21. https://doi.org/10.1007/s40436-020-00302-5 

Ho, G.T.S., Tang, Y.M., Tsang, K.Y., Tang, V., Chau, K.Y., 2021. A blockchain-based 

system to enhance aircraft parts traceability and trackability for inventory management. 

Expert Systems with Applications 179. https://doi.org/10.1016/j.eswa.2021.115101 

Hu, C., Fan, W., Zen, E., Hang, Z., Wang, F., Qi, L., Bhuiyan, M.Z.A., 2021. A Digital 

Twin-Assisted Real-time Traffic Data Prediction Method for 5G-enabled Internet of 

Vehicles. IEEE Transactions on Industrial Informatics. 

https://doi.org/10.1109/TII.2021.3083596 

Huang, S., Wang, G., Yan, Y., Fang, X., 2020. Blockchain-based data management for digital 

twin of product. Journal of Manufacturing Systems 54, 361–371. 

https://doi.org/10.1016/j.jmsy.2020.01.009 

Ivanov, D., 2020. Predicting the impacts of epidemic outbreaks on global supply chains: A 

simulation-based analysis on the coronavirus outbreak (COVID-19/SARS-CoV-2) case. 

Transportation Research Part E: Logistics and Transportation Review 136. 

https://doi.org/10.1016/j.tre.2020.101922 

Ivanov, D., Das, A., 2020. Coronavirus (COVID-19/SARS-CoV-2) and supply chain 

resilience: A research note. International Journal of Integrated Supply Management 13, 

90–102. https://doi.org/10.1504/IJISM.2020.107780 

Ivanov, D., Dolgui, A., 2021. A digital supply chain twin for managing the disruption risks 

and resilience in the era of Industry 4.0. Production Planning & Control 32, 775–788. 

https://doi.org/10.1080/09537287.2020.1768450 

Ivanov, D., Dolgui, A., Das, A., Sokolov, B., 2019. Digital Supply Chain Twins: Managing 

the Ripple Effect, Resilience, and Disruption Risks by Data-Driven Optimization, 

Simulation, and Visibility. https://doi.org/10.1007/978-3-030-14302-2_15 

Ji, S.-F., Peng, X.-S., Luo, R.-J., 2019. An integrated model for the production-inventory-

distribution problem in the Physical Internet. International Journal of Production 

Research 57, 1000–1017. https://doi.org/10.1080/00207543.2018.1497818 

Jiang, H., Qin, S., Fu, J., Zhang, J., Ding, G., 2021. How to model and implement 

connections between physical and virtual models for digital twin application. Journal of 

Manufacturing Systems 58, 36–51. https://doi.org/10.1016/j.jmsy.2020.05.012 

Jung, W.-K., Park, Y.-C., Lee, J.-W., Suh, E.S., 2021. Simulation-based hybrid optimization 

method for the digital twin of garment production lines. Journal of Computing and 

Information Science in Engineering 21. https://doi.org/10.1115/1.4050245 



Kannan, K., Arunachalam, N., 2019. A Digital Twin for Grinding Wheel: An Information 

Sharing Platform for Sustainable Grinding Process. Journal of Manufacturing Science 

and Engineering, Transactions of the ASME 141. https://doi.org/10.1115/1.4042076 

Kantasa-ard, A., Nouiri, M., Bekrar, A., Ait el cadi, A., Sallez, Y., 2020. Machine learning 

for demand forecasting in the physical internet: a case study of agricultural products in 

Thailand. International Journal of Production Research. 

https://doi.org/10.1080/00207543.2020.1844332 

Kleinberg, J., 2002. Bursty and hierarchical structure in streams, in: Proceedings of the 

Eighth ACM SIGKDD International Conference on Knowledge Discovery and Data 

Mining - KDD ’02. ACM Press, New York, New York, USA, p. 91. 

https://doi.org/10.1145/775047.775061 

Klingaa, C.G., Mohanty, S., Funch, C. V, Hjermitslev, A.B., Haahr-Lillevang, L., Hattel, 

J.H., 2021. Towards a digital twin of laser powder bed fusion with a focus on gas flow 

variables. Journal of Manufacturing Processes 65, 312–327. 

https://doi.org/10.1016/j.jmapro.2021.03.035 

Kokol, P., Blažun Vošner, H., Završnik, J., 2020. Application of bibliometrics in medicine: a 

historical bibliometrics analysis. Health Information & Libraries Journal hir.12295. 

https://doi.org/10.1111/hir.12295 

Kong, T., Hu, T., Zhou, T., Ye, Y., 2021. Data Construction Method for the Applications of 

Workshop Digital Twin System. Journal of Manufacturing Systems 58, 323–328. 

https://doi.org/10.1016/j.jmsy.2020.02.003 

Kong, X., Huang, G.Q., Luo, H., Yen, B.P.C., 2018. Physical-internet-enabled auction 

logistics in perishable supply chain trading: State-of-the-art and research opportunities. 

Industrial Management and Data Systems. https://doi.org/10.1108/IMDS-10-2017-0486 

Kong, X.T.R., Chen, J., Luo, H., Huang, G.Q., 2016. Scheduling at an auction logistics centre 

with physical internet. International Journal of Production Research 54, 2670–2690. 

https://doi.org/10.1080/00207543.2015.1117149 

Leng, J., Jiang, P., Xu, K., Liu, Q., Zhao, J.L., Bian, Y., Shi, R., 2019a. Makerchain: A 

blockchain with chemical signature for self-organizing process in social manufacturing. 

Journal of Cleaner Production 234, 767–778. 

https://doi.org/10.1016/j.jclepro.2019.06.265 

Leng, J., Liu, Q., Ye, S., Jing, J., Wang, Y., Zhang, C., Zhang, D., Chen, X., 2020a. Digital 

twin-driven rapid reconfiguration of the automated manufacturing system via an open 

architecture model. Robotics and Computer-Integrated Manufacturing 63. 

https://doi.org/10.1016/j.rcim.2019.101895 

Leng, J., Wang, D., Shen, W., Li, X., Liu, Q., Chen, X., 2021. Digital twins-based smart 

manufacturing system design in Industry 4.0: A review. Journal of Manufacturing 

Systems 60, 119–137. https://doi.org/10.1016/j.jmsy.2021.05.011 

Leng, J., Yan, D., Liu, Q., Xu, K., Zhao, J.L., Shi, R., Wei, L., Zhang, D., Chen, X., 2020b. 

ManuChain: Combining Permissioned Blockchain with a Holistic Optimization Model 

as Bi-Level Intelligence for Smart Manufacturing. IEEE Transactions on Systems, Man, 

and Cybernetics: Systems 50, 182–192. https://doi.org/10.1109/TSMC.2019.2930418 

Leng, J., Zhang, H., Yan, D., Liu, Q., Chen, X., Zhang, D., 2019b. Digital twin-driven 

manufacturing cyber-physical system for parallel controlling of smart workshop. Journal 



of Ambient Intelligence and Humanized Computing 10, 1155–1166. 

https://doi.org/10.1007/s12652-018-0881-5 

Li, L., Qu, T., Liu, Y., Zhong, R.Y., Xu, G., Sun, H., Gao, Y., Lei, B., Mao, C., Pan, Y., 

Wang, F., Ma, C., 2020. Sustainability assessment of intelligent manufacturing 

supported by digital twin. IEEE Access 8, 174988–175008. 

https://doi.org/10.1109/ACCESS.2020.3026541 

Li, M., Shao, S., Ye, Q., Xu, G., Huang, G.Q., 2020. Blockchain-enabled logistics finance 

execution platform for capital-constrained E-commerce retail. Robotics and Computer-

Integrated Manufacturing 65, 101962. https://doi.org/10.1016/j.rcim.2020.101962 

Li, Q., Long, R., Chen, H., Chen, F., Wang, J., 2020. Visualized analysis of global green 

buildings: Development, barriers and future directions. Journal of Cleaner Production 

245, 118775. https://doi.org/10.1016/j.jclepro.2019.118775 

Li, Z.-C., Huang, H.-J., Yang, H., 2020. Fifty years of the bottleneck model: A bibliometric 

review and future research directions. Transportation Research Part B: Methodological 

139, 311–342. https://doi.org/10.1016/j.trb.2020.06.009 

Lin, Y.-H., Meller, R.D., Ellis, K.P., Thomas, L.M., Lombardi, B.J., 2014. A decomposition-

based approach for the selection of standardized modular containers. International 

Journal of Production Research 52, 4660–4672. 

https://doi.org/10.1080/00207543.2014.883468 

Liu, C., Le Roux, L., Körner, C., Tabaste, O., Lacan, F., Bigot, S., 2020. Digital Twin-

enabled Collaborative Data Management for Metal Additive Manufacturing Systems. 

Journal of Manufacturing Systems. https://doi.org/10.1016/j.jmsy.2020.05.010 

Liu, M., Fang, S., Dong, H., Xu, C., 2021. Review of digital twin about concepts, 

technologies, and industrial applications. Journal of Manufacturing Systems 58, 346–

361. https://doi.org/10.1016/j.jmsy.2020.06.017 

Liu, Q., Leng, J., Yan, D., Zhang, D., Wei, L., Yu, A., Zhao, R., Zhang, H., Chen, X., 2021. 

Digital twin-based designing of the configuration, motion, control, and optimization 

model of a flow-type smart manufacturing system. Journal of Manufacturing Systems 

58, 52–64. https://doi.org/10.1016/j.jmsy.2020.04.012 

Liu, Q., Zhang, H., Leng, J., Chen, X., 2019. Digital twin-driven rapid individualised 

designing of automated flow-shop manufacturing system. International Journal of 

Production Research 57, 3903–3919. https://doi.org/10.1080/00207543.2018.1471243 

Lo, C.K., Chen, C.H., Zhong, R.Y., 2021. A review of digital twin in product design and 

development. Advanced Engineering Informatics 48. 

https://doi.org/10.1016/j.aei.2021.101297 

Lu, Yangguang, Min, Q., Liu, Z., Wang, Y., 2019. An IoT-enabled simulation approach for 

process planning and analysis: a case from engine re-manufacturing industry. 

International Journal of Computer Integrated Manufacturing 32, 413–429. 

https://doi.org/10.1080/0951192X.2019.1571237 

Lu, Y, Peng, T., Xu, X., 2019. Energy-efficient cyber-physical production network: 

Architecture and technologies. Computers and Industrial Engineering 129, 56–66. 

https://doi.org/10.1016/j.cie.2019.01.025 



Lu, Y., Xu, X., 2019. Cloud-based manufacturing equipment and big data analytics to enable 

on-demand manufacturing services. Robotics and Computer-Integrated Manufacturing 

57, 92–102. https://doi.org/10.1016/j.rcim.2018.11.006 

Lu, Y., Xu, X., 2018. Resource virtualization: A core technology for developing cyber-

physical production systems. Journal of Manufacturing Systems 47, 128–140. 

https://doi.org/10.1016/j.jmsy.2018.05.003 

Luo, D., Guan, Z., He, C., Gong, Y., Yue, L., 2021. Data-driven cloud simulation architecture 

for automated flexible production lines: application in real smart factories. International 

Journal of Production Research. https://doi.org/10.1080/00207543.2021.1931977 

Luo, Hao, Tian, S., Kong, X.T.R., 2021. Physical Internet-enabled customised furniture 

delivery in the metropolitan areas: digitalisation, optimisation and case study. 

International Journal of Production Research 59, 2193–2217. 

https://doi.org/10.1080/00207543.2020.1832271 

Luo, H, Tian, S., Kong, X.T.R., 2021. Physical Internet-enabled customised furniture 

delivery in the metropolitan areas: digitalisation, optimisation and case study. 

International Journal of Production Research 59, 2193–2217. 

https://doi.org/10.1080/00207543.2020.1832271 

Madni, A., Madni, C., Lucero, S., 2019. Leveraging Digital Twin Technology in Model-

Based Systems Engineering. Systems 7, 7. https://doi.org/10.3390/systems7010007 

Malik, A.A., Masood, T., Bilberg, A., 2020. Virtual reality in manufacturing: immersive and 

collaborative artificial-reality in design of human-robot workspace. International Journal 

of Computer Integrated Manufacturing 33, 22–37. 

https://doi.org/10.1080/0951192X.2019.1690685 

Martínez-López, F.J., Merigó, J.M., Valenzuela-Fernández, L., Nicolás, C., 2018. Fifty years 

of the European Journal of Marketing : a bibliometric analysis. European Journal of 

Marketing 52, 439–468. https://doi.org/10.1108/EJM-11-2017-0853 

Meyer, T., Kuhn, M., Hartmann, E., 2019. Blockchain technology enabling the Physical 

Internet: A synergetic application framework. Computers and Industrial Engineering 

136, 5–17. https://doi.org/10.1016/j.cie.2019.07.006 

Montreuil, B., 2011. Toward a Physical Internet: meeting the global logistics sustainability 

grand challenge. Logistics Research. https://doi.org/10.1007/s12159-011-0045-x 

Montreuil, B., Meller, R.D., Ballot, E., 2010. Towards a Physical Internet: the impact on 

logistics facilities and material handling systems design and innovation. Progress in 

material handling research 305–327. 

Moreno, A., Velez, G., Ardanza, A., Barandiaran, I., de Infante, Á.R., Chopitea, R., 2017. 

Virtualisation process of a sheet metal punching machine within the Industry 4.0 vision. 

International Journal on Interactive Design and Manufacturing 11, 365–373. 

https://doi.org/10.1007/s12008-016-0319-2 

Morgan, B., 2020. 50 Stats Showing The Power of Personalization [WWW Document]. 

https://doi.org/https://www.forbes.com/sites/blakemorgan/2020/02/18/50-stats-showing-

the-power-of-personalization/?sh=5537a6742a94 

Morgan, J., Halton, M., Qiao, Y., Breslin, J.G., 2021. Industry 4.0 smart reconfigurable 

manufacturing machines. Journal of Manufacturing Systems 59, 481–506. 

https://doi.org/10.1016/j.jmsy.2021.03.001 



Morris, S.A., Yen, G., Wu, Z., Asnake, B., 2003. Time line visualization of research fronts. 

Journal of the American Society for Information Science and Technology 54. 

https://doi.org/10.1002/asi.10227 

Mukherjee, T., DebRoy, T., 2019. A digital twin for rapid qualification of 3D printed metallic 

components. Applied Materials Today 14, 59–65. 

https://doi.org/10.1016/j.apmt.2018.11.003 

Murphy, A., Taylor, C., Acheson, C., Butterfield, J., Jin, Y., Higgins, P., Collins, R., Higgins, 

C., 2020. Representing financial data streams in digital simulations to support data flow 

design for a future Digital Twin. Robotics and Computer-Integrated Manufacturing 61. 

https://doi.org/10.1016/j.rcim.2019.101853 

Navas, M.A., Sancho, C., Carpio, J., 2020. Disruptive Maintenance Engineering 4.0. 

International Journal of Quality and Reliability Management 37, 853–871. 

https://doi.org/10.1108/IJQRM-09-2019-0304 

Negri, E., Berardi, S., Fumagalli, L., Macchi, M., 2020. MES-integrated digital twin 

frameworks. Journal of Manufacturing Systems 56, 58–71. 

https://doi.org/10.1016/j.jmsy.2020.05.007 

Negri, E., Pandhare, V., Cattaneo, L., Singh, J., Macchi, M., Lee, J., 2021. Field-

synchronized Digital Twin framework for production scheduling with uncertainty. 

Journal of Intelligent Manufacturing 32, 1207–1228. https://doi.org/10.1007/s10845-

020-01685-9 

Nguyen, T., ZHOU, L., Spiegler, V., Ieromonachou, P., Lin, Y., 2018. Big data analytics in 

supply chain management: A state-of-the-art literature review. Computers & Operations 

Research 98, 254–264. https://doi.org/10.1016/j.cor.2017.07.004 

Nouiri, M., Bekrar, A., Trentesaux, D., 2020. An energy-efficient scheduling and 

rescheduling method for production and logistics systems. International Journal of 

Production Research 58, 3263–3283. https://doi.org/10.1080/00207543.2019.1660826 

Onal, S., Zhang, J., Das, S., 2018. Product flows and decision models in Internet fulfillment 

warehouses. Production Planning and Control 29, 791–801. 

https://doi.org/10.1080/09537287.2018.1469800 

Oyekan, J.O., Hutabarat, W., Tiwari, A., Grech, R., Aung, M.H., Mariani, M.P., López-

Dávalos, L., Ricaud, T., Singh, S., Dupuis, C., 2019. The effectiveness of virtual 

environments in developing collaborative strategies between industrial robots and 

humans. Robotics and Computer-Integrated Manufacturing 55, 41–54. 

https://doi.org/10.1016/j.rcim.2018.07.006 

Pan, S., Ballot, E., Huang, G.Q., Montreuil, B., 2017. Physical Internet and interconnected 

logistics services: research and applications. International Journal of Production 

Research. https://doi.org/10.1080/00207543.2017.1302620 

Pan, S., Nigrelli, M., Ballot, E., Sarraj, R., Yang, Y., 2015. Perspectives of inventory control 

models in the Physical Internet: A simulation study. Computers and Industrial 

Engineering 84, 122–132. https://doi.org/10.1016/j.cie.2014.11.027 

Pan, Y.H., Qu, T., Wu, N.Q., Khalgui, M., Huang, G.Q., 2021. Digital Twin Based Real-time 

Production Logistics Synchronization System in a Multi-level Computing Architecture. 

Journal of Manufacturing Systems 58, 246–260. 

https://doi.org/10.1016/j.jmsy.2020.10.015 



Panetta, K., 2020. 5 Trends Drive the Gartner Hype Cycle for Emerging Technologies, 2020. 

https://doi.org/https://www.gartner.com/smarterwithgartner/5-trends-drive-the-gartner-

hype-cycle-for-emerging-technologies-2020/ 

Park, K.T., Im, S.J., Kang, Y.-S., Noh, S.D., Kang, Y.T., Yang, S.G., 2019a. Service-oriented 

platform for smart operation of dyeing and finishing industry. International Journal of 

Computer Integrated Manufacturing 32, 307–326. 

https://doi.org/10.1080/0951192X.2019.1572225 

Park, K.T., Nam, Y.W., Lee, H.S., Im, S.J., Noh, S.D., Son, J.Y., Kim, H., 2019b. Design and 

implementation of a digital twin application for a connected micro smart factory. 

International Journal of Computer Integrated Manufacturing 32, 596–614. 

https://doi.org/10.1080/0951192X.2019.1599439 

Peng, X.-S., Ji, S.-F., Ji, T.-T., 2020. Promoting sustainability of the integrated production-

inventory-distribution system through the Physical Internet. International Journal of 

Production Research 58, 6985–7004. https://doi.org/10.1080/00207543.2019.1687953 

Perumal Venkatesan, E., Varadharajan, H., Murugesan, P., JAYADAS, J., DURAIKANNU, 

N., PONRAJ, M., MASILAMANI, N., B, N., 2020. Assessment of Numerical Analysis 

and Experimental Investigation of Latest Technology Supercharged Cross Breed Engine 

under Bharath Stage - VI Norms, in: SAE Technical Paper. 

https://doi.org/10.4271/2020-28-0447 

Peters, H.P.F., van Raan, A.F.J., 1993. Co-word-based science maps of chemical engineering. 

Part I: Representations by direct multidimensional scaling. Research Policy 22, 23–45. 

https://doi.org/10.1016/0048-7333(93)90031-C 

Polini, W., Corrado, A., 2020. Digital twin of composite assembly manufacturing process. 

International Journal of Production Research 58, 5238–5252. 

https://doi.org/10.1080/00207543.2020.1714091 

Qi, Q., Tao, F., 2018. Digital Twin and Big Data Towards Smart Manufacturing and Industry 

4.0: 360 Degree Comparison. IEEE Access 6, 3585–3593. 

https://doi.org/10.1109/ACCESS.2018.2793265 

Radhakrishnan, S., Erbis, S., Isaacs, J.A., Kamarthi, S., 2017. Novel keyword co-occurrence 

network-based methods to foster systematic reviews of scientific literature. PLOS ONE 

12, e0172778. https://doi.org/10.1371/journal.pone.0172778 

Rawat, K.S., Sood, S.K., 2021. Knowledge mapping of computer applications in education 

using CiteSpace. Computer Applications in Engineering Education. 

https://doi.org/10.1002/cae.22388 

Redelinghuys, A.J.H., Basson, A.H., Kruger, K., 2020. A six-layer architecture for the digital 

twin: a manufacturing case study implementation. Journal of Intelligent Manufacturing 

31, 1383–1402. https://doi.org/10.1007/s10845-019-01516-6 

Rezaei Aderiani, A., Wärmefjord, K., Söderberg, R., Lindkvist, L., 2019. Developing a 

selective assembly technique for sheet metal assemblies. International Journal of 

Production Research 57, 7174–7188. https://doi.org/10.1080/00207543.2019.1581387 

Rong, K., Hu, G., Lin, Y., Shi, Y., Guo, L., 2015. Economics Understanding business 

ecosystem using a 6C framework in Internet-of-Things-based sectors. Intern. Journal of 

Production Economics 41–55. https://doi.org/10.1016/j.ijpe.2014.09.003 



Sallez, Y., Pan, S., Montreuil, B., Berger, T., Ballot, E., 2016. On the activeness of intelligent 

Physical Internet containers. Computers in Industry 81, 96–104. 

https://doi.org/10.1016/j.compind.2015.12.006 

Santos, C.H.D., de Queiroz, J.A., Leal, F., Montevechi, J.A.B., 2020. Use of simulation in the 

industry 4.0 context: Creation of a Digital Twin to optimise decision making on non-

automated process. Journal of Simulation. 

https://doi.org/10.1080/17477778.2020.1811172 

Sarraj, R., Ballot, E., Pan, S., Hakimi, D., Montreuil, B., 2014. Interconnected logistic 

networks and protocols: simulation-based efficiency assessment. International Journal of 

Production Research 52, 3185–3208. https://doi.org/10.1080/00207543.2013.865853 

Scheffel, R.M., Fröhlich, A.A., Silvestri, M., 2021. Automated fault detection for additive 

manufacturing using vibration sensors. International Journal of Computer Integrated 

Manufacturing 34, 500–514. https://doi.org/10.1080/0951192X.2021.1901316 

Schleich, B., Anwer, N., Mathieu, L., Wartzack, S., 2017. Shaping the digital twin for design 

and production engineering. CIRP Annals 66, 141–144. 

https://doi.org/10.1016/j.cirp.2017.04.040 

Semeraro, C., Lezoche, M., Panetto, H., Dassisti, M., 2021. Digital twin paradigm: A 

systematic literature review. Computers in Industry. 

https://doi.org/10.1016/j.compind.2021.103469 

Seok, M.G., Cai, W., Park, D., 2021. Hierarchical Aggregation/Disaggregation for Adaptive 

Abstraction-Level Conversion in Digital Twin-Based Smart Semiconductor 

Manufacturing. IEEE Access 9, 71145–71158. 

https://doi.org/10.1109/ACCESS.2021.3073618 

Sharma, A., Zanotti, P., Musunur, L.P., 2020. Drive through Robotics: Robotic Automation 

for Last Mile Distribution of Food and Essentials during Pandemics. IEEE Access 8, 

127190–127219. https://doi.org/10.1109/ACCESS.2020.3007064 

Sheuly, S.S., Barua, S., Begum, S., Ahmed, M.U., Güclü, E., Osbakk, M., 2021. Data 

analytics using statistical methods and machine learning: a case study of power transfer 

units. The International Journal of Advanced Manufacturing Technology 114. 

https://doi.org/10.1007/s00170-021-06979-7 

Sierla, S., Kyrki, V., Aarnio, P., Vyatkin, V., 2018. Automatic assembly planning based on 

digital product descriptions. Computers in Industry 97, 34–46. 

https://doi.org/10.1016/j.compind.2018.01.013 

SMALL, H., GREENLEE, E., 1989. A Co-Citation Study of AIDS Research. 

Communication Research 16. https://doi.org/10.1177/009365089016005006 

Sternberg, H., Norrman, A., 2017. The Physical Internet – review, analysis and future 

research agenda. International Journal of Physical Distribution and Logistics 

Management 47, 736–762. https://doi.org/10.1108/IJPDLM-12-2016-0353 

Sternberg, H.S., Denizel, M., 2021. Toward the Physical Internet—Logistics Service 

Modularity and Design Implications. Journal of Business Logistics 42, 144–166. 

https://doi.org/10.1111/jbl.12261 

Su, H.-N., Lee, P.-C., 2010. Mapping knowledge structure by keyword co-occurrence: a first 

look at journal papers in Technology Foresight. Scientometrics 85, 65–79. 

https://doi.org/10.1007/s11192-010-0259-8 



Sun, Y., Zhang, C., Dong, K., Lang, M., 2018. Multiagent Modelling and Simulation of a 

Physical Internet Enabled Rail-Road Intermodal Transport System. Urban Rail Transit 4, 

141–154. https://doi.org/10.1007/s40864-018-0086-4 

Tao, F., Cheng, J., Qi, Q., Zhang, M., Zhang, H., Sui, F., 2018. Digital twin-driven product 

design, manufacturing and service with big data. International Journal of Advanced 

Manufacturing Technology 94, 3563–3576. https://doi.org/10.1007/s00170-017-0233-1 

Tao, F., Sui, F., Liu, A., Qi, Q., Zhang, M., Song, B., Guo, Z., Lu, S.C.-Y., Nee, A.Y.C., 

2019a. Digital twin-driven product design framework. International Journal of 

Production Research 57, 3935–3953. https://doi.org/10.1080/00207543.2018.1443229 

Tao, F., Zhang, H., Liu, A., Nee, A.Y.C., 2019b. Digital Twin in Industry: State-of-the-Art. 

IEEE Transactions on Industrial Informatics 15, 2405–2415. 

https://doi.org/10.1109/TII.2018.2873186 

Tao, F., Zhang, M., 2017. Digital Twin Shop-Floor: A New Shop-Floor Paradigm Towards 

Smart Manufacturing. IEEE Access 5, 20418–20427. 

https://doi.org/10.1109/ACCESS.2017.2756069 

Tao, F., Zhang, Y., Cheng, Y., Ren, J., Wang, D., Qi, Q., Li, P., 2020. Digital twin and 

blockchain enhanced smart manufacturing service collaboration and management. 

Journal of Manufacturing Systems. https://doi.org/10.1016/j.jmsy.2020.11.008 

Tian, Z., Zhong, R.Y., Vatankhah Barenji, A., Wang, Y.T., Li, Z., Rong, Y., 2021. A 

blockchain-based evaluation approach for customer delivery satisfaction in sustainable 

urban logistics. International Journal of Production Research 59, 2229–2249. 

https://doi.org/10.1080/00207543.2020.1809733 

Toorajipour, R., Sohrabpour, V., Nazarpour, A., Oghazi, P., Fischl, M., 2021. Artificial 

intelligence in supply chain management: A systematic literature review. Journal of 

Business Research. https://doi.org/10.1016/j.jbusres.2020.09.009 

Treiblmaier, H., Mirkovski, K., Lowry, P.B., Zacharia, Z.G., 2020. The physical internet as a 

new supply chain paradigm: a systematic literature review and a comprehensive 

framework. International Journal of Logistics Management 31, 239–287. 

https://doi.org/10.1108/IJLM-11-2018-0284 

Uhlemann, T.H.-J., Schock, C., Lehmann, C., Freiberger, S., Steinhilper, R., 2017. The 

Digital Twin: Demonstrating the Potential of Real Time Data Acquisition in Production 

Systems. Procedia Manufacturing 9, 113–120. 

https://doi.org/10.1016/j.promfg.2017.04.043 

Urbina Coronado, P.D., Lynn, R., Louhichi, W., Parto, M., Wescoat, E., Kurfess, T., 2018. 

Part data integration in the Shop Floor Digital Twin: Mobile and cloud technologies to 

enable a manufacturing execution system. Journal of Manufacturing Systems 48, 25–33. 

https://doi.org/10.1016/j.jmsy.2018.02.002 

Vanvuchelen, N., Gijsbrechts, J., Boute, R., 2020. Use of Proximal Policy Optimization for 

the Joint Replenishment Problem. Computers in Industry 119. 

https://doi.org/10.1016/j.compind.2020.103239 

Villalonga, A., Negri, E., Biscardo, G., Castano, F., Haber, R.E., Fumagalli, L., Macchi, M., 

2021. A decision-making framework for dynamic scheduling of cyber-physical 

production systems based on digital twins. Annual Reviews in Control. 

https://doi.org/10.1016/j.arcontrol.2021.04.008 



Walha, F., Bekrar, A., Chaabane, S., Loukil, T.M., 2016. A rail-road PI-hub allocation 

problem: Active and reactive approaches. Computers in Industry 81, 138–151. 

https://doi.org/10.1016/j.compind.2016.04.007 

Wang, J., Ye, L., Gao, R.X., Li, C., Zhang, L., 2019. Digital Twin for rotating machinery 

fault diagnosis in smart manufacturing. International Journal of Production Research 57, 

3920–3934. https://doi.org/10.1080/00207543.2018.1552032 

Wang, K., Liu, D., Liu, Z., Wang, Q., Tan, J., 2021. An assembly precision analysis method 

based on a general part digital twin model. Robotics and Computer-Integrated 

Manufacturing 68. https://doi.org/10.1016/j.rcim.2020.102089 

Wang, K.J., Lee, Y.H., Angelica, S., 2020. Digital twin design for real-time monitoring–a 

case study of die cutting machine. International Journal of Production Research. 

https://doi.org/10.1080/00207543.2020.1817999 

Wang, Q., Jiao, W., Zhang, Y., 2020. Deep learning-empowered digital twin for visualized 

weld joint growth monitoring and penetration control. Journal of Manufacturing 

Systems 57, 429–439. https://doi.org/10.1016/j.jmsy.2020.10.002 

Wei, H.L., Mukherjee, T., Zhang, W., Zuback, J.S., Knapp, G.L., De, A., DebRoy, T., 2021. 

Mechanistic models for additive manufacturing of metallic components. Progress in 

Materials Science 116. https://doi.org/10.1016/j.pmatsci.2020.100703 

White, H.D., McCain, K.W., 1998. Visualizing a discipline: An author co-citation analysis of 

information science, 1972–1995. Journal of the American Society for Information 

Science 49. https://doi.org/10.1002/(SICI)1097-4571(19980401)49:4<327::AID-

ASI4>3.0.CO;2-4 

Wu, F.-J., Kao, Y.-F., Tseng, Y.-C., 2011. From wireless sensor networks towards cyber 

physical systems. Pervasive and Mobile Computing 7, 397–413. 

https://doi.org/10.1016/j.pmcj.2011.03.003 

Xia, K., Sacco, C., Kirkpatrick, M., Saidy, C., Nguyen, L., Kircaliali, A., Harik, R., 2021. A 

digital twin to train deep reinforcement learning agent for smart manufacturing plants: 

Environment, interfaces and intelligence. Journal of Manufacturing Systems 58, 210–

230. https://doi.org/10.1016/j.jmsy.2020.06.012 

Xu, X., Chen, X., Jia, F., Brown, S., Gong, Y., Xu, Y., 2018. Supply chain finance: A 

systematic literature review and bibliometric analysis. International Journal of 

Production Economics 204, 160–173. https://doi.org/10.1016/j.ijpe.2018.08.003 

Yan, J., Liu, Z., Zhang, C., Zhang, T., Zhang, Y., Yang, C., 2021. Research on flexible job 

shop scheduling under finite transportation conditions for digital twin workshop. 

Robotics and Computer-Integrated Manufacturing 72. 

https://doi.org/10.1016/j.rcim.2021.102198 

Yang, Y., Pan, S., Ballot, E., 2017a. Innovative vendor-managed inventory strategy 

exploiting interconnected logistics services in the Physical Internet. International Journal 

of Production Research 55, 2685–2702. https://doi.org/10.1080/00207543.2016.1275871 

Yang, Y., Pan, S., Ballot, E., 2017b. Mitigating supply chain disruptions through 

interconnected logistics services in the Physical Internet. International Journal of 

Production Research 55, 3970–3983. https://doi.org/10.1080/00207543.2016.1223379 



Yao, J., 2017. Optimisation of one-stop delivery scheduling in online shopping based on the 

physical Internet. International Journal of Production Research 55, 358–376. 

https://doi.org/10.1080/00207543.2016.1176266 

Yee, H., Gijsbrechts, J., Boute, R., 2021. Synchromodal transportation planning using travel 

time information. Computers in Industry 125. 

https://doi.org/10.1016/j.compind.2020.103367 

Yi, Y., Yan, Y., Liu, X., Ni, Z., Feng, J., Liu, J., 2021. Digital twin-based smart assembly 

process design and application framework for complex products and its case study. 

Journal of Manufacturing Systems 58, 94–107. 

https://doi.org/10.1016/j.jmsy.2020.04.013 

Yildiz, E., Møller, C., Bilberg, A., 2021. Demonstration and evaluation of a digital twin-

based virtual factory. International Journal of Advanced Manufacturing Technology 

114, 185–203. https://doi.org/10.1007/s00170-021-06825-w 

Yu, H., Han, S., Yang, D., Wang, Z., Feng, W., 2021. Job Shop Scheduling Based on Digital 

Twin Technology: A Survey and an Intelligent Platform. Complexity 2021. 

https://doi.org/10.1155/2021/8823273 

Zhang, H., Liu, Q., Chen, X., Zhang, D., Leng, J., 2017. A Digital Twin-Based Approach for 

Designing and Multi-Objective Optimization of Hollow Glass Production Line. IEEE 

Access 5, 26901–26911. https://doi.org/10.1109/ACCESS.2017.2766453 

Zhang, L., Chen, X., Zhou, W., Cheng, T., Chen, L., Guo, Z., Han, B., Lu, L., 2020. Digital 

twins for additive manufacturing: A state‐of‐the‐art review. Applied Sciences 

(Switzerland) 10, 1–10. https://doi.org/10.3390/app10238350 

Zhang, M., Tao, F., Nee, A.Y.C., 2021. Digital Twin Enhanced Dynamic Job-Shop 

Scheduling. Journal of Manufacturing Systems 58, 146–156. 

https://doi.org/10.1016/j.jmsy.2020.04.008 

Zhang, X., Liu, L., Wan, X., Li, X., Zou, W., 2020. Assembly process planning and dynamic 

evaluation method based on digital twin. International Journal of Advanced Robotic 

Systems 17. https://doi.org/10.1177/1729881420926865 

Zhang, Y., Liu, S., Liu, Y., Li, R., 2016. Smart box-enabled product–service system for cloud 

logistics. International Journal of Production Research 54, 6693–6706. 

https://doi.org/10.1080/00207543.2015.1134840 

Zhang, Z., Guan, Z., Gong, Y., Luo, D., Yue, L., 2020. Improved multi-fidelity simulation-

based optimisation: application in a digital twin shop floor. International Journal of 

Production Research. https://doi.org/10.1080/00207543.2020.1849846 

Zhao, D., Strotmann, A., 2008. Evolution of research activities and intellectual influences in 

information science 1996-2005: Introducing author bibliographic-coupling analysis. 

Journal of the American Society for Information Science and Technology 59. 

https://doi.org/10.1002/asi.20910 

Zheng, P., Lin, T.-J., Chen, C.-H., Xu, X., 2018. A systematic design approach for service 

innovation of smart product-service systems. Journal of Cleaner Production 201, 657–

667. https://doi.org/10.1016/j.jclepro.2018.08.101 

Zheng, P., Sivabalan, A.S., 2020. A generic tri-model-based approach for product-level 

digital twin development in a smart manufacturing environment. Robotics and 

Computer-Integrated Manufacturing 64. https://doi.org/10.1016/j.rcim.2020.101958 



Zhong, R.Y., Xu, C., Chen, C., Huang, G.Q., 2017. Big Data Analytics for Physical Internet-

based intelligent manufacturing shop floors. International Journal of Production 

Research 55, 2610–2621. https://doi.org/10.1080/00207543.2015.1086037 

Zhou, G., Zhang, C., Li, Z., Ding, K., Wang, C., 2020. Knowledge-driven digital twin 

manufacturing cell towards intelligent manufacturing. International Journal of 

Production Research 58, 1034–1051. https://doi.org/10.1080/00207543.2019.1607978 

Zhu, J., Hua, W., 2017. Visualizing the knowledge domain of sustainable development 

research between 1987 and 2015: a bibliometric analysis. Scientometrics. 

https://doi.org/10.1007/s11192-016-2187-8 

Zhuang, C., Gong, J., Liu, J., 2021. Digital twin-based assembly data management and 

process traceability for complex products. Journal of Manufacturing Systems 58, 118–

131. https://doi.org/10.1016/j.jmsy.2020.05.011 

Zhuang, C., Liu, J., Xiong, H., 2018. Digital twin-based smart production management and 

control framework for the complex product assembly shop-floor. International Journal 

of Advanced Manufacturing Technology 96, 1149–1163. 

https://doi.org/10.1007/s00170-018-1617-6 

  

 



Appendix 

Cluster Label Paper 
Research Problem and Key 
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experiments 
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sparsity problem using a 

DT-assisted real-time 

traffic data prediction for 
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control 

Predictive 

Modelling 

Pan et al. 

(2021) 

Monitor and evaluate 
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computing enabled DT 
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Production 

Logistics 
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Case Study 

Villalonga et 
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scheduling using DT-

based optimisation (i.e., 

fuzzy inference system) 

Production 
Modelling and 

Optimisation 

Yan et al. 

(2021) 

Addressing a flexible job 

shop scheduling problem 

in the context of workshop 

DT system 

Job shop 

scheduling 
Modelling 

Yu et al. 
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Addressing the job shop 

scheduling problem using 

DT-based cloud platform 

Job shop 

scheduling 
Survey 

Zhang et al. 

(2021) 

Addressing dynamic job 

shop scheduling such as 

machine availability 

prediction and disturbance 

Job shop 

scheduling 

Modelling and 

Simulation 



detection using DT system 

to merge the real and 

synthesis data 

Zhuang et al. 

(2021) 

Data management based 

on DT and process 

traceability approach are 

proposed for complex 

products 

Assembly line 
Modelling and 

Case Study 
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in Smart 

Manufacturin

g System 

Zhong et al. 
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Extends the PI concept 
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floors including a Big 

Data Analytics for RFID 

logistics data 

Intelligent 

manufacturing 

shop floor 

Conceptual 

Framework 

and 

Experiments 
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(2019) 
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in a connected micro 
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service system) using a 

DT application and IoTs 

Smart 

manufacturing 
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and Case 

study 

Wang et al. 
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DT reference model for 
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diagnosis 
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manufacturing 

Modelling and 
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DT-based smart factory in 

the context of CPS 
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Conceptual 
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and Case 
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The lack of two-way 

interaction between 

physical and digital 

objects, called a digital 

shadow problem. To 

address this problem, an 

integration of digital 

shadow simulation model 

and the manufacturing 

Smart 

manufacturing 

Conceptual 

Framework 

and Case 

study 



execution system was 

proposed 

Zheng and 

Sivabalan 
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The gap in the technical 

aspects of DT. To address 

this gap, a generic DT 

with a novel tri-model-

based approach 

Smart 

manufacturing 

Conceptual 

Framework 

Zhou et al. 
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Addressing learning and 

cognitive capacities for 

manufacturing cell using a 

general framework of 
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manufacturing 
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and 

Experiments 
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based Supply 

Chain 

Management 
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Solving a production 

planning and distribution 

problem using an 

interconnected open 

global logistics system 

Production 
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distribution 

Optimisation 

Zhang et al. 
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orientation and 
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systems. It can be solved 

by introducing a smart 

box-enabled product-

service system with PI and 

cloud computing 

Logistics 

Mathematical 

modelling and 

optimisation 
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(2017) 

Make a comparison 

between conventional 

logistics system and PI-
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terms of truck and driver 

routing 

Logistics 

Monte-Carlo 

simulation and 
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disruptions in inventory 

using PI-based 

interconnected logistics 
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Supply Chain 

Modelling, 

Simulation 

and 
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Yang et al. 

(2017b) 

A PI-logistics-enabled 

innovative vendor-

managed inventory 

strategy to enhance 

resources planning and 

allocation in the inventory 

and transportation 

Inventory 

management 

Modelling, 

simulation and 

optimisation 

Yao (2017) 

Using a PI-based one-stop 

delivery mode to address 

logistics cost 

inefficiencies, varying 

information sharing 

Delivery 

scheduling 

Mathematical 

modelling and 

a multi-

objective 

optimisation 

Ji et al. (2019) 

Enhancing cost 

performance in the PI-

based logistics network 

via open PI hubs and 

standard PI-containers 

Supply Chain 

Network 

Mixed-integer 

linear 

programming 

and solution 

Peng et al. 

(2020) 

Investigating the 

performance of 

sustainability of three 

dimensions of production, 

inventory and distribution 

using a multi-objective 

mixed integer 

programming model 

Production-

inventory-

distribution and 

sustainability 

Modelling and 

Solution 

Vanvuchelen et 

al. (2020) 

Finding the optimal policy 

for a replenishment 

problem in the context of 

PI 

Distribution 

Deep 

reinforcement 

learning data-

driven for 

optimisation 



Luo et al. 

(2021) 

Establishing a PI-enabled 

customised furniture 

delivery system (smart 

logistics facilities) to 

address the conventional 

problems of resource 

planning 

Transportation 

and distribution 

Mathematical 

Modelling and 

Solution 

Sternberg and 

Denizel (2021) 

Addressing the PI-

containers’ repositioning 

issue in terms of design 

and characteristics using a 

linear programming model 

Logistics 
Modelling and 

optimisation 

Cluster 3: 

Virtualising 

Manufacturin

g System using 

DT 

Technologies 

Schleich et al. 

(2017) 

A DT-based and virtual 

reality-based Skin Model 

Shapes is proposed to 

converge the gap between 

design and manufacturing 

Manufacturing 
Conceptual 

Framework 

Tao and Zhang 

(2017) 

A DT-based shopfloor is 

to converge the 

manufacturing physical 

world and the virtual 

world 

Smart 

manufacturing 

Conceptual 

framework 

Lu and Xu 

(2018) 

A DT-based test-driven 

resource virtualisation 

framework is adopted to 

enhance the production 

speed of personalised 

products at a large scale 

Smart 

manufacturing 

Conceptual 

framework 

Q. Wang et al. 

(2020) 

Neural network model 

empowers virtualisation of 

welding process monitor 

and control 

Manufacturing 
Deep learning 

and simulation 

Oyekan et al. 

(2019) 

Using DT-based virtual 

reality to understand 

human reactions to both 

predictable and 

Robotic 

Conceptual 

framework 

and 

experiments 



unpredictable robot 

motions. 

Scheffel et al. 

(2021) 

Automated fault detection 

enabled by sensors, IoT, 

then input into deep 

learning model to process 

Smart 

manufacturing 

Deep learning 

and simulation 

Malik et al. 

(2020) 

Using virtual reality to 

conceptualise and develop 

a human-machine 

interaction system to 

overcome the problem of 

future production systems 

Manufacturing 

Event-driven 

simulation and 

optimisation 

Barbieri et al. 

(2021) 

Dealing with uncertain 

events by using DT-

enabled architecture and a 

virtual commissioning 

method 

Manufacturing 

Conceptual 

framework 

and case study 

Yildiz et al. 

(2021) 

Addressing the complexity 

and short lifecycles of 

product and process in 

manufacturing by using a 

DT based virtual factory 

concept as a simulation 

model 

Smart 

manufacturing 

Conceptual 

framework 

and 

demonstration

s 

Cluster 4: 

Information 

Management 

for DT-based 

Manufacturin

g 

Ho et al. 

(2021) 

A DT blockchain-based 

for tracing and tracking in 

aircraft industry to deal 

with the complexity of 

aircraft parts 

Inventory 

management 

Conceptual 

framework 

D. Luo et al. 

(2021) 

A DT-based data-driven 

cloud simulation 

architecture for automated 

flexible production line 

Production 
Data-driven 

simulation 

Zhuang et al. 

(2021) 

A DT-based assembly 

data management and 
Assembly 

Conceptual 

framework 



process traceability 

approach for complex 

products 

T. Kong et al. 

(2021) 

Data construction method 

to deal with inefficiencies 

and inaccuracy operations 

and support a DT system 

Manufacturing 
Conceptual 

framework 

Havard et al. 

(2020) 

Managing a huge data 

using a database 

architecture and a data 

model in the context of 

DT 

Production 

Conceptual 

framework 

and case study 

Tao et al. 

(2020) 

Addressing the 

inefficiencies and trust 

problem between 

stakeholders and the 

platform using a DT and 

blockchain technology 

Smart 

manufacturing 

Conceptual 

framework 

Liu et al. 

(2020) 

Using a DT-enabled data 

management for metal 

additive manufacturing 

systems to address the 

lack of process robustness, 

stability and repeatability 

Manufacturing 
Conceptual 

framework 

Huang et al. 

(2020) 

A DT blockchain-based 

product lifecycle 

management deals with 

the complication of 

product data. 

Product 

management 

Conceptual 

framework 

Gopalakrishna

n et al. (2020) 

Suggest a data 

management framework 

for digital thread 

Manufacturing 

Conceptual 

framework 

and case study 

Cluster 5: DT-

based Data 

Analytics 

Alexopoulos et 

al. (2020) 

Using DT-driven machine 

learning workflows to 

generate synthesis data 

Manufacturing 

cyber physical 

system 

Data-driven 

simulation and 

conceptual 

framework 



Gaikwad et al. 

(2020) 

Addressing production 

process faults using DT 

machine 

learning/forecasting 

approach 

Production 
Data-driven 

simulation 

Q. Wang et al. 

(2020) 

Joint growth monitoring 

and penetration control for 

welding quality using 

deep learning-empowered 

DT 

Welding 

manufacturing 
Data-driven 

Aivaliotis et al. 

(2021) 

Addressing the lack of 

historical data and the 

intricate design of 

industrial machine using 

DT-based robot 

Manufacturing 

system 
Modelling 

Klingaa et al. 

(2021) 

Typical quality metrics of 

metal additively 

manufactured components 

is underperformed. Using 

DT and sensor data to 

create a fast computation 

in the monitoring system 

Metal additive 

manufacturing 

two response 

surface 

methodology-

based design 

of experiments 

Mukherjee and 

DebRoy (2019) 

Using DT consists of 

statistical models, 

machine learning and big 

data to reduce trial and 

error testing in additive 

manufacturing 

Additive 

manufacturing 

Statistical 

model and 

machine 

learning 

Sheuly et al. 

(2021) 

Faulty products and 

production process 

- anomaly detection using 

statistical and machine 

learning analysis from 

DT-based sensors 

Manufacturing 

power transfer 

units 

Data analytics 

approach and 

case study 



Xia et al. 

(2021) 

Processing large 

manufacturing dataflows 

using DT simulation and 

communication 

technologies 

Smart 

manufacturing 

plant 

Data-driven 

methodology 

Yi et al. (2021) 

Mechanical product 

assembly using a DT 

reference model for 

process design 

Assembly 

Conceptual 

framework 

and case study 

Sharma et al. 

(2020) 

Germ transmission at 

store, hoarding and price 

gouging due to the 

scarcity and disruption of 

the supply during the 

covid-19 pandemic using 

a simple, affordable and 

contact-less robotic 

system 

Supply Chain Simulation 

Morgan et al. 

(2021) 

The requirement for scale 

and customise product 

variety and product 

volume in distributed and 

decentralised machine 

control and machine 

intelligence 

Reconfigurable 

manufacturing 

systems 

A research 

review 

Cluster 6: DT-

enabled 

Manufacturin

g Operations 

Management 

Ardanza et al. 

(2019) 

The fast evolution of the 

technology prompts the 

creation of a DT-based 

human machine interfaces 

Manufacturing 

Conceptual 

framework 

and 

experiments 

Lu et al. 

(2019) 

Dealing with the 

complication of 

remanufacturing process 

using IoT, historical data 

from DT-based sensors 

and RFIDs 

Engine 

remanufacturin

g factory 

Efficiency 

validate 

analysis - 

simulation 



Zheng et al. 

(2018) 

Providing personalised 

products with value-added 

services using a DT-

enabled platform-based, 

data-driven approach 

Production and 

service 

Conceptual 

framework 

and case study 

Navas et al. 

(2020) 

The need of reducing the 

cost of supervision remote 

control and diagnostic 

system using DT-based 

disruptive maintenance 

system 

Manufacturing 
Conceptual 

framework 

Redelinghuys 

et al. (2020) 

As the development of 

industry 4.0, the urgence 

to transform from physical 

to digital is considered. 

Creating a DT-based data 

and information exchange 

system 

Manufacturing 

Conceptual 

framework 

and case study 

K. J. Wang et 

al. (2020) 

Dealing with the challenge 

in designing a dt-based 

framework for a 

manufacturer who has a 

limited resource 

(conventional machines) 

using an economic DT 

framework 

Manufacturing 

Conceptual 

framework 

and case study 

Arm et al. 

(2021) 

Addressing the slow 

process of industry 4.0 

implication using two 

communication protocols 

Message Queuing 

Telemetry Transport 

(MQTT) and Open 

Platform Communication-

Unified Architecture 

(OPC UA) 

Manufacturing 

Conceptual 

framework 

and case study 



Barari et al. 

(2021) 

Finding the applications 

for intelligent 

manufacturing 

Manufacturing A review 

Guo et al. 

(2021) 

The complexity and 

uncertainty in product and 

operations management 

using a DT-enabled 

Graduation Intelligent 

Manufacturing System 

Manufacturing 
Conceptual 

framework 

Cluster 7: DT-

enabled 

Sustainability 

Development 

Kannan and 

Arunachalam 

(2019) 

Improving resource 

productivity using a DT-

based web-based 

knowledge platform 

Sustainable 

manufacturing 

process 

Conceptual 

framework 

and case study 

Leng et al. 

(2019) 

The growth of 

personalised demands 

forces the creation of a 

DT-based blockchain 

model 

Social 

manufacturing 

Conceptual 

framework 

and case study 

Park et al. 

(2019a) 

Dyeing and finishing in 

manufacturing is 

consuming energy 

significantly as well as 

SMEs cannot afford 

investing into energy-

efficient equipment. 

Creating a service-

oriented platform to 

achieve this remit 

Energy-

efficient 

manufacturing 

Conceptual 

framework 

and case study 

Nouiri et al. 

(2020) 

Presenting an energy-

efficient scheduling and 

rescheduling method for 

production and logistics 

system 

Energy-

efficient 

production and 

logistics 

Mixed integer 

programming 

Y Lu et al. 

(2019) 

The need of expanding 

energy-efficient 

manufacturing strategy 

Energy-

efficient 

manufacturing 

Conceptual 

framework 

and case study 



towards a global 

production network using 

a DT-based energy model 

M. Li et al. 

(2020) 

Capital shortages due to 

the broaden scope and 

accelerated goods. 

Addressing this challenge 

with a DT-based 

blockchain-enabled 

logistics finance execution 

platform 

E-commerce 

retail 

Conceptual 

framework 

and case study 

Li et al. (2020) 

The need for sustainable 

development for severe 

environmental challenges 

using a DT-driven 

information architecture 

Manufacturing 

Mathematical 

framework 

and case study 

Broo and 

Schooling 

(2021) 

More attention should be 

brought to developing new 

ways of designing, 

constructing, operating 

sustainably using a 

physical-cyber system 

Sustainability in 

smart 

manufacturing 

Conceptual 

framework 

and case study 

Tian et al. 

(2021) 

The rapid development of 

urbanisation and changes 

of consumer's demand 

prompts the development 

of a DT-based blockchain-

based evaluation approach 

Sustainable 

urban logistics 

Conceptual 

framework 

and 

experimental 

simulation 

Cluster 8: 

PI/DT-based 

Simulation 

and 

Optimisation 

Sarraj et al. 

(2014) 

The logistics networks are 

fragmented and lacking 

consolidation as a 

harmony, then using a PI-

based modular container 

to address this problem 

Transportation 

and storage 

facility 

Simulation 



Perumal 

Venkatesan et 

al. (2020) 

Using simulation to 

improve design and 

efficiency of two stroke 

cycle engine 

Production Simulation 

Ait-Alla et al. 

(2021) 

Addressing the exceed of 

data in production using a 

DT-based interface and 

simulation 

Cyber-physical 

production 

Conceptual 

framework 

and case study 

Murphy et al. 

(2020) 

The challenge in 

generating financial metric 

from simulation output 

production metrics is 

addressed by using a 

digital simulation 

Production 
Modelling and 

simulation 

Santos et al. 

(2020) 

The simulation approach 

cannot adapt with the high 

velocity and volume of 

changes. The new Discrete 

Event Simulation-based 

Digital Twin for a non-

automated process 

Production Simulation 

Zhang et al. 

(2020) 

The outdate of discrete 

event simulation in DT 

due to the time consuming 

for large scale problem 

optimisation. A multi-

fidelity simulation-based 

optimisation method is 

proposed 

Production 
Modelling and 

simulation 

Jiang et al. 

(2021) 

How to effectively create 

a DT model during the 

design stage 

Production 
Modelling and 

simulation 

Jung et al. 

(2021) 

The bottlenecks in the 

garment production line 

and delays, hence 

reducing productivity can 

Production Simulation 



be addressed by using a 

DT simulation-based 

hybrid optimisation 

method 

Negri et al. 

(2021) 

Uncertainty such as failure 

probability can be 

addressed by using a field-

synchronised DT 

framework 

Production Simulation 

Seok et al. 

(2021) 

Dealing with time 

consuming using digitally 

cloned discrete-event 

models for wafer 

fabrication using a 

hierarchical 

aggregation/disaggregatio

n method 

Manufacturing 
Modelling and 

simulation 

Cluster 9: DT 

in Product 

Assembly 

Process 

Sierla et al. 

(2018) 

a DT-based digital product 

description for assembly 

planning and orchestrate 

the production resources 

in a manufacturing cell 

Assembly 

Conceptual 

framework 

and case study 

Zhuang et al. 

(2018) 

A DT-based smart 

production management 

and control approach for 

complex product assembly 

shopfloors. 

Assembly 

Framework 

validated by a 

case study 

Ezhilarasu et 

al. (2021) 

Proposing a streamlined 

DT-based methodology 

for faulty detection in 

aircraft systems 

Assembly 

Machine 

learning and 

simulation 

Detzner and 

Eigner (2021) 

Feature selection methods 

are suggested for root-

cause analysis among top-

level product attributes 

Manufacturing 

Machine 

learning and 

simulation 



Rezaei 

Aderiani et al 

(2019) 

Selective assembly 

technique is not applicable 

in sheet metal assemblies. 

Using DT in the 

production process for this 

problem 

Assembly 

Simulation 

and 

optimisation 

Franciosa et al. 

(2020) 

A DT framework for 

assembly systems with 

compliant parts 

Assembly 

Conceptual 

framework, 

deep learning 

and simulation 

Guo et al. 

(2020) 

Reducing the complexity 

and uncertainty using a 

DT-enabled graduation 

intelligent manufacturing 

system 

Fixed-position 

assembly 

islands 

Conceptual 

framework 

and case study 

Balakrishnan et 

al. (2019) 

IoT and DT-based 

machine learning model 

are used to predict failures 

in automobiles 

Automotive 

manufacturing 

Conceptual 

framework, 

machine 

learning, and 

simulation 

Polini and 

Corrado (2020) 

A DT tool to support the 

lightweight design of 

assemblies in composite 

material. 

Composite 

assembly 

manufacturing 

process 

Modelling and 

numerical and 

experimental 

analysis 

X. Zhang et al. 

(2020) 

Developing an assembly 

process evaluation driving 

by a DT system 

Assembly 

process 

Framework 

validated by a 

case study 

Wang et al. 

(2021) 

An DT-based assembly 

precision analysis method 

for the assembly quality of 

products 

Assembly 

process 
Simulation 

 


