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Abstract

Digital Twin is defined as a realistic digital model of an object's physical state, representing its interaction with the environment in
the real world. The research on Digital Twin has been advancing intensively in recent years. As a result of an emerging and broad
research topic, various interpretations and Digital Twin applications have been developed. In this scenario, there is an opportunity to
research the Digital Twin types and understand the concept evolvement. This paper provides an overview of the Digital Twin concept,
classifies the existing body of literature, and discusses the Digital Twin evolution. Therefore, this research applies a combination of
methods, including bibliometrics, natural language processing, and content analysis. The results show an expansion of Digital Twin's
role from an enabler of cyber-physical systems to a product lifecycle data integration and processing platform.
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1. Introduction

In the new industrial era, physical and virtual worlds are constructed together into cyber-physical systems
(Schluse et al., 2018), and a Digital Twin (DT) paves the way for cyber-physical integration (Desai et al., 2020;
Haag & Anderl, 2018; Qi & Tao, 2018; Romero et al., 2018; Terkaj et al., 2019; Xu et al., 2018). A DT collects
and evaluates the information from the physical world, supporting real-time simulation. This concept is built on
the ideas of the Internet of Things and Industry 4.0 (Biffl et al., 2017; Golizadeh Akhlaghi et al., 2020; He & Bai,
2021; Moyne & Iskandar, 2017; Qiao et al., 2019; Schilling et al., 2019; Zhao et al., 2019).
Digital Twin is a way to deal with the complexity brought by digitalization (Vachalek et al., 2017). It
contributes to transparency and to create a real-time production control (Uhlemann et al., 2017a). It can also
contribute to the physical model to perform an optimized solution (Qi & Tao, 2018) and comprises the different
properties and information across multiple lifecycle phases (Stark & Damerau, 2019). “A digital twin is a digital
representation of a unique active product … that comprises its selected characteristics, properties, conditions,
and behaviors by means of models, information, and data within a single or even across multiple life cycle
phases” (Stark & Damerau, 2019). A Digital Twin implementation is still complex, and most studies demonstrate
partial process views (Kannan & Arunachalam, 2019; Kaur et al., 2020; Raj & Surianarayanan, 2020;
Rajesh et al., 2019; Schmetz et al., 2020; Uhlemann et al., 2017a). One of the hypotheses for this gap between
theory and practice is the different interpretations of how a Digital Twin can be applied. Even considering the
vast literature that has been produced on this topic, a consensus has not been reached.
To explore the various DT interpretations, a systematic literature review, merging bibliometrics and content analysis
(Carvalho et al., 2013), was carried out. A natural language analysis was applied to cluster the Digital Twin types.
This article is structured as follows. Section 2 describes the research procedures for the systematic literature
review. Section 3 discusses the different Digital Twin interpretations. Section 4 presents a discussion on the
topic. Finally, Section 5 draws some concluding remarks and recommendations for further research.
2. Research design

The research design in this paper combines quantitative and qualitative strategies. It merges a bibliometric
and content analysis to investigate a research topic, as they are complementary methods (Carvalho et al., 2013).
The bibliometric approach is particularly useful for large sample sizes since it focuses on metrics based on the
number of publications and the metadata. On the other hand, the content analysis focuses on an in-depth review
of the sample but allows analytical flexibility (Durão et al., 2017; Duriau et al., 2007). These approaches are used
to probe the existing literature and identify relevant patterns, works, and authors of the particular field of research,
and investigate the evolution of the publications stratified by journals (Durão et al., 2017).
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2.1. Sampling

An initial sample was established using the ISI Web of Science and Scopus databases. The search was
performed in September 2020 by considering papers (or reviews) in peer-reviewed journals with a five-year time
frame. The following search string was used: (“Digital Twin” OR “Digital Twin*” OR “Digital Shadow”) AND
(LIMIT-TO (SUBJAREA, “ENGI”) OR LIMIT-TO (SUBJAREA, “COMP”)) AND (LIMIT-TO (LANGUAGE,
“English”)). This first search resulted in 967 entries in the ISI Web of Science and 1822 entries in Scopus. 699
papers were common to the two databases. Hence, in total, there were 2090 different papers to be analyzed.
The first filtering criterion was based on keyword selection. The strings considered on the keyword were
“Digital Twin”, “Digital Factory”, “Digital Thread”, “Digital Shadow”, “Smart Factory”, and “Smart
Manufacturing”. The exclusion created a list with 1061 papers to be analyzed.
All selected publications had been published from 2015 to 2020, in 497 different sources. Among the journals, the
“Procedia CIRP” has thirty six publications, “Journal of Manufacturing Systems” has thirty-six publications, the “IEEE
Access” published twenty-nine papers, and the “International Journal of Production Research” has sixteen papers in the
sample.
2.2. Data analysis

The final sample was analyzed in depth through bibliometrics and content analysis. First, bibliometric
techniques were applied, using software VOSViewer (van Eck & Waltman, 2010) for co-citations network
analysis.
After that, a Term Frequency-Inverse Document Frequency (TF-IDF) analysis was performed to identify
similarities between the articles' content, as shown in Equation 1 (Shaikh et al., 2017).
wi , j = tfi , j .log(

(1)

N
)
dfi

tfi , j = number       
of occurences of i in j

dfi = number     
of documents containing i

N = total    
number of documents
With the TF-IDF calculated for every paper, a cluster analysis was performed to classify the observations into groups
with similar characteristics (Hastie et al., 2009). An unsupervised Principal Component Analysis (PCA) model was
performed.
Principal components are a sequence of projections of data ordered in variance. The purpose of this analysis
is to derive a set of low-dimensional features from a much broader set while still preserving as much variance as
possible. The idea is to see how each Digital Twin interpretation group is presented in a dispersion plot and
creates similarity groups (Hastie et al., 2009).
Finally, the content analysis considered 59 papers published from 2017-2020. The papers selected for the
content analysis were the most cited ones from each cluster, weighted by its publication year, complemented
with a snowball addition of relevant articles.
3. Digital twin types

A Principal Component Analysis was performed on the papers' content to identify the Digital Twin types.
This analysis was performed by using a natural language processing tool TF-IDF. The results of the different
clusters and the number of citations are presented in Figure 1.

Figure 1. PCA cluster analysis.
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In Figure 1, it is possible to see the existence of three main clusters (black, blue, and red) and one additional
cluster (green) that overlaps the other clusters, having its specific characteristics. The numbered sequence (1 to
4) represents the concept of evolution. Table 1 presents the most relevant papers in each cluster.
Table 1. Cluster analysis.
Cluster number

Number of papers

Main papers
El Saddik (2018), Lu & Xu (2018), Rodič (2017),
Schluse et al. (2018)

Color on figure 2

1

174

2

339

Ma et al. (2019), Qi & Tao (2018), Schleich et al.
(2017), Tao & Zhang (2017), Uhlemann et al.
(2017a)

blue

3

83

Ding et al. (2019), Kritzinger et al. (2018),
Negri et al. (2017), Tao et al. (2019a)

black

4

465

Bazilevs et al. (2015), Ivanov (2020), Rosen et al.
(2015), Tao et al. (2019b), Zhang et al. (2019)

red

green

Cluster 1 (green) describes the Digital Twin as a “virtual representation of what has been produced” (Alam &
El Saddik, 2017). In this cluster, the authors define the Digital Twin as a new simulation model paradigm (Rodič,
2017). Besides, it brings different applications of Digital Twin (Raj & Surianarayanan, 2020; Canedo, 2016).
Digital Twin is not only a simulation tool but also a tool to monitor the whole product lifecycle.
In cluster 2 (blue), the authors suggest that smart systems need simulation technology to implement their
functionality (Schluse et al., 2018). Simulation is a common method for industrial planning, depending mostly
on the proper interface. Data is collected through sensors interconnected in an IoT system providing a reusable
source for simulation (Lu et al., 2019). The Digital Twin is essential to provide the subsystems all required
information (Barbosa et al., 2018; Brenner & Hummel, 2017; Havard et al., 2019). Besides, it should be able to
import background data, component information, and configuration information from the physical component
(Liu et al., 2019a; Park et al., 2019; Zhuang et al., 2018). The Digital Twin is used to integrate different existing
IT systems, i.e., Product Lifecycle Management (PLM), Manufacturing Execution Systems (MES), etc. Digital
Twin is a way of mapping components on product lifecycle physical and virtual data and the interaction between
them. It is initiated based on digital knowledge from the product design phase. The physical product and
environmental knowledge is also embedded in the product 3D model, which forms the initiation of the Digital
Twin (Wang & Wang, 2019b). A virtual reality-based 3D digital model can also be deployed (Wang & Wang,
2019a). It can facilitate designers to perform design activities (Tao et al., 2017, 2019b). By enabling cyberphysical synchronization with the MES, physical equipment, and design model, it changes the concept of serial
design to an individualized design (Liu et al., 2019b).
Cluster 3 (black) discusses how to use the physical model's data to improve operations and development at
the virtual model. According to the authors of this cluster, it is challenging to identify problems in smart
manufacturing quickly. A way to do that efficiently would be using the vast amount of data captured on the
physical model. Hence, big data is considered an essential part of Digital Twin. Without that property of transiting
between the physical and the digital, the use of the captured data would not be feasible (Qi & Tao, 2018). In this
cluster, the authors also discuss the use of data collected to predict actions in the physical world. The Digital
Twin contributes to creating a multi-modal data acquisition process that uses data analytics to predict future
results of the object being studied (Uhlemann et al., 2017a). This kind of data is deduced from physical data and
is defined as virtual data (Moyne & Iskandar, 2017; Tao & Zhang, 2017).
Finally, cluster 4 (red) considers Digital Twin as a very realistic model of the state of the product and its
behavior in the interaction with the physical world (Rosen et al., 2015). For these authors, the simulation is a
core functionality of a Digital Twin (Bigoni & Hesthaven, 2020; Burghardt et al., 2020). They show different
applications that capture data using IoT technologies and use them to simulate behaviors - using prediction
models, simulated factory plans, etc., to forecast the product outcomes in different environments - and provide
insights for future activities.
After the cluster definition, each cluster's most relevant papers were analyzed using the research methodology
employed (Table 2) and DT application-(Table 3). The research methodology employed was classified into four
categories (Table 2): 1) experiment – when use cases were implemented as a test for the technology developed;
2) case study – when an implemented DT was studied; 3) framework development – when a DT model was
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presented as a result for the research; 4) literature review – when systematic review methodologies were
employed to define DT.
Table 2. Papers research methodology.
Methodology
Experiment

2017
5

2018
3

2019
9

2020
7

Total
24

Case study

4

7

5

3

19

Framework development

1

2

3

2

8

Literature review

1

1

1

5

8

Total

11

13

18

17

59

Table 3. Papers DT application.
DT main application
Data acquisition

2017
2

2018
3

2019
1

2020
2

Total
8

Data integration

4

3

7

6

20

Data processing

3

2

3

5

13

Lifecycle management

2

5

7

4

18

Total

11

13

18

17

59

The DT applications were classified into four categories (Table 3): 1) Data acquisition – DT is used as a
capture system, as an IoT feature; 2) Data integration – DT is applied as an integration framework for different
data types; 3) Data processing – DT is applied to predict information; and 4) Lifecycle management – DT is used
to manage the product lifecycle. Table 4 presents the relationship between the research methodology and DT
application and lists the main publications in each group.
Table 4. Methodology x DT application.
DT interpretation of use
Data acquisition

Data integration

Data processing

Lifecycle management

methodology

Reference

Case study

El Saddik (2018), Park et al. (2019), Schuh et al. (2018)

Experiment

Siegert et al. (2017), Uhlemann et al. (2017a), Zhuang et al. (2018)

Literature review

Kaur et al. (2020)

Case study

Barbosa et al. (2018), Brenner & Hummel (2017), Ding et al. (2019),
Erdős et al. (2020), Liu et al. (2019a, 2019b), Uhlemann et al. (2017b),
Zhang et al. (2020)

Experiment

Alam & El Saddik (2017), Greif et al. (2020), He & Bai (2021), Kannan &
Arunachalam (2019), Schilling et al. (2019), Wang & Wu (2020),
Zhao et al. (2019)

Framework development

Cheng et al. (2018), Erkoyuncu et al. (2020), Tao et al. (2019a)

Literature review

Kritzinger et al. (2018), Negri et al. (2017), Wang et al. (2020)

Case study

Moyne & Iskandar (2017), Rodič (2017)

Experiment

Golizadeh Akhlaghi et al. (2020), Havard et al. (2019), Park et al. (2020),
Qiao et al. (2019), Raza et al. (2020), Schluse et al. (2018), Stark et al.
(2019), Stavropoulos et al. (2020), Vachalek et al. (2017)

Framework development

Qi & Tao (2018)

Literature review

Valckenaers (2020)

Case study

Burghardt et al. (2020), Lu & Xu (2018), Tao et al. (2017), Terkaj et al.
(2019), Xu et al. (2018)

Experiment

Haag & Anderl (2018), Lu et al. (2019), Rajesh et al. (2019), Schleich et al.
(2017), Wang & Wang (2019b)

Framework development

Ma et al. (2019), Schmetz et al. (2020), Tao et al. (2019b), Tao & Zhang
(2017)

Literature review

Jones et al. (2020), Lim et al. (2020), Roy et al. (2020)
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4. Discussion

The analyses of the different clusters and the main papers in each group show a temporal evolution about the
DT understanding. The use of DT as a Data acquisition tool is well defined in the literature. In this vision, DT is
represented as an enabler of Cyber-physical systems (Zhuang et al., 2018) that support the production system's
coupling with its digital equivalent (Uhlemann et al., 2017a). This vision can be related to cluster 1 that brings
the initial efforts to define the DT concept and implement it. There are few new studies on this understanding
once it is argued that this DT view can be expanded (Lu & Xu, 2018; Qi & Tao, 2018).
The second understanding defines DT as an integration platform. In this view, the integration between virtual
and physical is described as the process of collecting data from manufacturing sites in the physical world and
transmitting those data into the information systems. In recent years, many new ITs have been applied to collect
different data types concerning the full production lifecycle (Cheng et al., 2018). Examples are related to the
integration between the PDM (Product Data Management), PLM (Product Lifecycle Management), and ERP
(Enterprise Resource Planning) systems (Lu & Xu, 2018). It is directly related to cluster 2 that brings the main
idea of a DT. There are different case studies considering this understanding showing the maturity of this concept.
The third understanding of DT is a technology to process manufacturing data. On this understanding, the
essence of a Digital Twin presents a middleware architecture that abstracts the shopfloor hardware to make realtime decisions (Yuqian Lu & Xu, 2018). The data from the physical world are transmitted to the virtual models
to perform simulations and validations. Simulation data are feedback to the physical world to respond to the
changes, improve the operation, and increase the value. In the process of interaction between virtual and physical,
the integration of data is inevitable (Qi & Tao, 2018). It can be related to the third cluster, showing DT's ability
to provide a real-time decision. The papers on this understanding are developing experiments to test this type of
implementation.
Finally, the collaboration between the physical and virtual worlds is the key element on the fourth
interpretation. IoT technologies allow communication to facilitate the exchange of information and the simulation
process during the entire lifecycle of the product (Tao et al., 2019b). Digital Twin is more than a representation
of the real world. It is a digital replica of a physical entity. It enables a seamless transfer of data by connecting
the physical and virtual world (He & Bai, 2021). This view is related to the fourth cluster, which shows DT's full
potential as a product lifecycle management tool.
Therefore, Digital Twins are being related to the evolution of Industry 4.0 concepts and technologies. At the
beginning of the DT developments, the main idea was to remotely repair components in the international space
station (Glaessgen & Stargel, 2012). With the evolution of sensing technologies in the shop-floor, the connection
between DT and industry was defined through simulation (Lu et al., 2019). However, the lack of resources to
collect and process data created a mixed understanding between DT and CPS. For the construction of a DT, data
is needed. The CPS – which deals with the conversion of analogic to digital data – may be a way to collect and
exploit this data.
With the evolution of software capabilities and hardware capacity, DT's understanding evolves in the direction of
managing data from the entire lifecycle of a product. Therefore, it is necessary to develop a data model capable of
connecting the different types of information and providing real-time reactions to the physical and digital sides.
There is an evolution of DT understanding and use as an initial technology for capturing data, to a data
integration platform, a data processing tool, and a way to provide insights over the entire product lifecycle.
5. Conclusion

This research explored DT's different interpretations and discussed the technology evolution. At first, DT was
only considered a way to create cyber-physical systems as a possible evolution of the IoT devices. Later, DT
evolved to be considered an integration platform for various data, a processing platform capable of predicting
results, and a technology to map the entire product lifecycle.
One common goal on the different understandings of Digital Twin is to perform the interconnection between
the physical world and cyberspace of manufacturing. A Digital Twin carries both the physical object's
information and the information of the virtual model.
This research has limitations due to the search strings considered in the literature review and the researched
databases. As future research, it opens space for exploring each defined DT implementation in the industry. The
evolution of DT concepts has its bases on creating a backbone theory on data integration and processing. DT's
basic principles lay on understanding the lifecycle of a product and applying this analytical capacity to forecast
product outcomes and evolution.
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