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a b s t r a c t
In the era of the fourth industrial revolution, technological frameworks aim to arrange information and
communication technologies into valuable assets to support the management of operations. One of these
frameworks is the digital twin, which enables abstractions of a physical resource in the virtual space,
allowing for behavior simulations and performance assessments. Consensus regarding which key features
manufacturing digital twins should encompass has not yet been reached. This study summarizes a variety
of features proposed by recent models in the literature. Four features are identiﬁed, followed by expert
analyses that assess how valuable they are to the success of implementations.
© 2020 The Author(s). Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction
The idea that a digital equivalent to a physical system could
be created through the sharing of information and data was primarily introduced by Michael Grieves under the concept of ‘digital twin’ in 2003. The acquisition and use of this virtual counterpart had the potential to allow organizations to refrain from
wasting physical resources during design-related tasks, as well
as diagnostic and predictive analyses (Grieves, 2014; Grieves and
Vickers, 2017). In 2010, the National Aeronautics and Space Administration (NASA) recalled the concept in a technology roadmap, arguing that an ultra-realistic virtual model of a space vehicle could
provide several applications, such as continuously forecasting the
systems’ health during a ﬂight, simulating the whole mission before launch, or serving as a platform to perform root-cause analysis in the case of catastrophic faults (Shafto et al., 2010). More
recently, digital twin architectures have experienced a growth in
popularity as signiﬁcant technologies have been developed in the
context of the fourth industrial revolution, mainly in the areas of
artiﬁcial intelligence, as well as information and communication
(Zhu et al., 2019). Consequently, the theme is currently being explored in numerous academic works (Lu et al., 2020), while also
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being mentioned in reports from large organizations (Parrott and
Warshaw, 2017).
It is possible to apply digital twins to replicate different types
of physical systems. Although much research has been dedicated to
the development of digital twins that focus on the product and its
lifecycle (e.g., Schleich et al., 2017), we focus on another popular
type of architecture, manufacturing-oriented digital twins, which
are used to virtually replicate the elements of a production system.
These architectures are key as they can enable the achievement
of cyber-physical production systems (Uhlemann et al., 2017). A
manufacturing digital twin architecture generally consists of a digital model of a shop-ﬂoor resource with varying levels of richness,
a storage management platform to deal with near-real-time data
gathering from equipment’ sensors, and a service layer where diagnostic, predictive or prescriptive analyses are performed (Tao and
Zhang, 2017; Zhuang et al., 2018). A number of applications have
been associated with these architectures, such as supporting maintenance tasks, analyzing ergonomic conditions, monitoring and improving the production process, or assisting in the handling of production ﬂexibility (Cimino et al., 2019; Tao et al., 2018; Kousi et al.,
2019; Nikolakis et al., 2019).
Despite the theme’s current trendiness, however, a consensus
has not yet been reached regarding which are the key features of
manufacturing digital twins (Cimino et al., 2019; Negri et al., 2017).
In this work, we identify and assess manufacturing digital
twins’ features following a two-phase approach. Firstly, we con-
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chosen based on a credibility ﬁlter and were drawn from heterogenous backgrounds to promote greater experience diversity.
With regards to the document searching strategy, the Scopus academic database was utilized, due to its broad coverage of
academic-related material. Furthermore, a wide range of logical
search operators enabled the execution of a more precise search
query, reducing the efforts spent during ﬁltering. Only papers written in English, published in academic journals and conferences,
and published from 2010 onwards were considered (albeit more
than 50% of the matches come from the years 2019 and 2020
alone). Despite the digital twin concept’s early introduction back
in 2003, we focused on the more recent developments in the literature, associated with fourth industrial revolution technologies.
The search query entered in the selected database consisted of two
groups of terms, connected by the logical operator ‘and’, ensuring
that a document was only a match if it satisﬁed the conditions
required by both groups. The ﬁrst group limited the search scope
only to documents that contained, in their title, the term ‘digital twin’, both in its singular or plural word variants. The second
group limited the search only to documents that contained one
of the interchangeable words: ‘manufacturing’, ‘operation’ or ‘production’, in the papers’ title, abstract or keywords, in an attempt
to focus the search speciﬁcally in the direction of manufacturingrelated works. Only the 50 most recent hits from the database
were sent to ﬁltering, to limit the scope of the study to the newest
contributions.
With regard to ﬁltering, the process began by applying the
database’s subject-area ﬁlters to exclude works related to the medical, agricultural, chemical, mathematical and sociological sciences.
Every prospective document that passed these ﬁlters was evaluated twice by a set of exclusion criteria (described in Fig. 1), based
on the work of (Liao et al., 2017) (the ﬁrst evaluation occurred during a screening of the documents, the second evaluation occurred
during the full-text reading of the remaining documents). Criteria
#1 excluded documents that could not be accessed. Criteria #2 to
#5 excluded false-positive results, covering the studies where the
search terms were correctly identiﬁed, but they were incapable of
providing insights in line with the research objectives.
Regarding content analysis, the content of the gathered documents was analyzed through the assessment of the digital twin architectures proposed in each work. Key features of the digital twin
were identiﬁed and categorized.
The expert interviews phase began with the deﬁnition of guidelines regarding the participants’ desired background proﬁle. Experts from two distinct background proﬁles were considered, in an
attempt to offer a diverse, complementary view of the topic: (i)
external technology provider background: professionals from this
background worked as external consultants in several manufacturing digital twin-related projects. Their expert status steams from
having participated in multiple implementations across different
organizations; (ii) internal technology manager background: professionals from this background worked in management positions
during a period in which the organization embarked on a manufacturing digital twin-related project. Their expert status stems from
having experienced an end-to-end digital twin project.
The next step consisted in the deﬁnition of credibility ﬁlters to
select prospective participants. To qualify in terms of credibility,
the participants’ background was evaluated as follows: the participants had to be associated with a large enterprise (more than 250
employees worldwide, turnover greater than €50 million, following the European Union classiﬁcation (European Commision 2012).
Furthermore, the participants had to have occupied a senior position. As a result, two experts who qualiﬁed for credibility accepted to participate, each belonging to each one of the desired
background proﬁles: expert #1 has more than a decade of experience as a provider of simulation-related technologies in industry

Fig. 1. Research protocol.

duct a comprehensive literature review, encompassing digital twin
architecture proposals, to identify which key features are prominent in the research landscape; secondly, we validate the practical
relevance of the identiﬁed features through expert interviews, conducted with industry experts. Our aim is not to look for individual
components of the digital twin structure, e.g., sensor speciﬁcations,
but rather for the functional characteristics that enable the digital
twin to achieve its service objectives.
The remainder of the paper is structured as follows:
Section 2 describes the research design adopted to conduct
the literature review and expert interviews. Section 3 presents the
results of the research, in which the key features of manufacturing
digital twins are identiﬁed and assessed. Section 4 outlines the
ﬁnal remarks.

2. Research design
In this section we describe the protocol employed to conduct
this study, which is detailed in Fig. 1. The protocol consisted of two
phases. The initial phase addressed the execution of a literature
review; the last phase addressed the expert interviews.
The literature review began with a parametrized search to identify potentially relevant documents in a comprehensive academic
database. Next, a ﬁltering process was executed, in which the identiﬁed documents were evaluated to reach a ﬁnal portfolio for content analysis. Lastly, to retrieve insights from the gathered documents, an analysis of content was carried out to identify key features of manufacturing digital twins.
In the second phase, expert interviews were conducted with
industry experts from global companies, in order to validate the
practical relevance of the identiﬁed features. The participants were
179
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and at least three years of senior management experience dealing speciﬁcally with digital twins in a key global player; expert #2
has more than two years of experience as a senior manager in a
large global organization and is responsible for guiding internal innovation projects in operations, speciﬁcally heading the agenda in
modeling and simulations.
The interviews were conducted in a semi-structured way.
Firstly, a phrased proposition was constructed for each one of the
features identiﬁed as a result of the literature review. Each proposition consisted of a statement proposing that its corresponding
feature was valuable to the success of a digital twin implementation in manufacturing. A 5-point Likert scale was used, ranging
from ‘strongly disagree’ to ‘strongly agree’, to gather the interviewees’ sentiment towards each proposition. Secondly, the interviewees were asked to elaborate on the past experiences that led
them to reach this conclusion. Lastly, the interviewees were given
liberty to add any additional insights regarding the features that
were being discussed.
3. Results
In this section, the results of the study are presented: key features of the manufacturing digital twins are identiﬁed and assessed. Broadly, a feature can be deﬁned as a noticeable or important characteristic (Cambridge Dictionary, 2019). Speciﬁcally in the
context of technology, it can also be deﬁned as a distinguishable
characteristic of a system item (IEEE Compuer Society, 2008). The
four identiﬁed features for digital twins in manufacturing are: (i)
the digital modeling feature, (ii) the analytics support feature, (iii)
the timeliness update feature, and (iv) the control feature. The features are summarized in Fig. 2, based on the conceptual model of
the manufacturing digital twin, proposed by (Tao and Zhang, 2017).
Each feature is discussed in detail in the subsequent sections as
follows: ﬁrstly, a synthesis of the literature is presented; secondly,
the impressions shared by the interviewed experts are described.
3.1. Digital modeling feature
Fig. 2. Key features of manufacturing digital twins.

The capacity to generate a virtual model of shop-ﬂoor resources
is considered one of the fundamental characteristics of manufacturing digital twins (Tao et al., 2018). Modeling can be deﬁned
as a representation of a system, through which relevant attributes
are captured (INCOSE 2015). The speciﬁcs of manufacturing digital
twins modeling are the theme of this section.
Since models should not aim at capturing every attribute of
their real counterpart, virtual models of different types can be developed, in accordance with the demands of each application, as
well as the kind of service to be delivered. It is important to note
that a single digital twin architecture can support more than one
type of model at the same time (e.g., a geometric model of a machine’s shape can be accompanied by a physical model of its kinematic structures).
Geometric models focus on the representation of the dimensions and shapes of shop-ﬂoor elements, enabling clarity to stakeholders during analyses but not directly affecting diagnostic and
predictive services. Due to their complementary nature, these
models were usually not employed alone in the studies analyzed
in this review, except for more experimental models, such as
(Huynh et al., 2019). This type of model was associated with digital
twin applications for production system management (Zhang et al.,
2019; Ding et al., 2019; Park et al., 2019; Wu et al., 2019; Gao et al.,
2019; Bao et al., 2019), machine monitoring (Huynh et al., 2019),
and maintenance and faults management (Wang et al., 2019;
Luo et al., 2019).
Physical models are mostly focused on the representation of
shop-ﬂoor elements (e.g., machines and equipment) through the

modeling of mechanical, electrical, and hydraulic functions. These
models are associated with applications in maintenance and faults
management (Wang et al., 2019; Luo et al., 2019; Aivaliotis et al.,
2019), production system management (Zhang et al., 2019;
Ding et al., 2019; Park et al., 2019; Wu et al., 2019; Gao et al., 2019;
Bao et al., 2019; Ashtari Talkhestani et al., 2019; Qamsane et al.,
2019; Leng et al., 2019), machine monitoring (Huynh et al., 2019;
Kutin et al., 2019), process design (Gurjanov et al., 2019) and machine design improvement (Luo et al., 2019).
System behavior models, such as discrete-event simulation
models (e.g., the behavior and rule model of (Zhang et al., 2019)),
Markov based-models (e.g., (Ghosh et al., 2019)), or petri net-based
models (e.g., (Bao et al., 2019)), focus on a broader representation of the shop-ﬂoor system. In these models, individual elements
do not have their internal mechanics modeled, but events such
as ﬂow of materials and operators’ movements are replicated virtually to reproduce the behavior of the production system as a
whole. These models are associated with applications that encompass a holistic view of the shop-ﬂoor, such as production system
management digital twins (Zhang et al., 2019; Ding et al., 2019;
Park et al., 2019; Wu et al., 2019; Gao et al., 2019; Bao et al., 2019;
Ashtari Talkhestani et al., 2019; Qamsane et al., 2019; Leng et al.,
2019; Ghosh et al., 2019).
Digital models can be used for diagnostic functions, as they
may digitally highlight circumstances that occur in the real system (such as it is observed in (Huynh et al., 2019)). Addition180
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ally, their use in more reﬁned predictive and prescriptive functions is possible by the use of simulations alone (as is the case
in (Aivaliotis et al., 2019)), by the modeling of faults (as observed
in (Wang et al., 2019)), or by the combined use of simulations
and data analytic techniques (as observed in (Zhang et al., 2019;
Ding et al., 2019; Ashtari Talkhestani et al., 2019)).
Regarding the opinion of the interviewed experts, both experts strongly agree that the capacity of generating digital models
is a valuable and indispensable feature to the success of practical digital twin implementations. Expert #1 argues that the virtual model is the environment in which ‘what if’ scenarios are
simulated before actual implementation happens; therefore they
support production planning decisions. Expert #2 highlights that
through modeling, managers are able to capture the behavior that
is driven by all relevant variables of the factory, and that is very
valuable to support decision making.

while the process runs, and ultimately becomes capable of predicting problem occurrences on its own. By looking at what has been
produced in terms of advanced analytics in other areas, such as
marketing and supply chain, expert #2 argues that the employment of these techniques represents a competitive advantage in
the digital future. Speciﬁcally, its value comes from enabling organizations to respond much more swiftly to change, which is a
critical factor in staying relevant in the market.

3.3. Timeliness update feature
Although the use of the term ‘twin’ may refer to the high level
of accuracy that is expected from digital models with respect to
their real counterparts, the term may also reﬂect the fact that most
papers analyzed in this study preconize that digital models must
be updated in near-real-time, to reﬂect the status of the manufacturing system continuously. This timeliness update feature is discussed in this section.
Timeliness update may be achieved in two ways. In its simpler
form, the status of the modeled elements is continuously updated
to reﬂect real conditions experienced in the shop-ﬂoor. Works associated with applications related to production system management (Zhang et al., 2019; Ding et al., 2019; Park et al., 2019;
Wu et al., 2019; Gao et al., 2019; Bao et al., 2019; Ashtari Talkhestani et al., 2019; Qamsane et al., 2019; Leng et al., 2019), maintenance and faults management (Wang et al., 2019; Luo et al.,
2019; Aivaliotis et al., 2019), machine monitoring (Huynh et al.,
2019; Kutin et al., 2019), quality management (Ashtari Talkhestani
et al., 2019) and safety management (Gao et al., 2019), typically
present ways to achieve this type of online synchronization, as
these applications concern manufacturing digital twins that function in parallel to the shop-ﬂoor operation, delivering a mix of diagnostic, predictive, and prescriptive services. Near-real-time updates are enabled by periodic transmissions of data from sensors
to the data storage layer of the digital twin. The Open Platform
Communications Uniﬁed Architecture OPC UA has been observed
by (Cimino et al., 2019) to be the most common protocol used for
this task. As a more advanced possibility, some works also propose
strategies in which the parameters of the virtual model are also
continuously updated, in order to update the model itself when
structural changes occur in the physical system. These model tuning features have been observed in (Ding et al., 2019; Wang et al.,
2019; Aivaliotis et al., 2019; Ashtari Talkhestani et al., 2019).
The timeliness update feature was not ubiquitously supported
across all architectures, however. An example is the digital twin
application to support an adequate manufacturing process design
(Gurjanov et al., 2019). In this case, the digital twin serves a function that precedes the operation of the physical system.
Regarding the expert interviews, expert #1 strongly agrees that
timeliness updates are valuable and argues that if there is no nearreal-time updating, the manufacturing digital twin is not an authentic ‘twin’, as real circumstances are not reﬂected in the digital model. In this case, the capacity for analysis and decision support would be compromised. Expert #1, therefore, views the timeliness update feature as an indispensable part of the digital twin
concept. Expert #2 agrees, albeit not ‘strongly’, about the value of
timeliness updates to successful digital twin implementations. This
conclusion stems from the view that in a digital twin, the physical system and the digital model must be somehow connected,
and the most direct way to ensure this connection is through nearreal-time updates from the physical side towards the digital side.
Thus, the timeliness could be a measure of when the digital model
is indeed a ‘twin’. Nonetheless, expert #2 does not consider timeliness updates as a requirement for a manufacturing digital twin,
but believes that such a feature is becoming ever increasingly valu-

3.2. Analytics support feature
Digital twins are developed to deliver a service to industrial
stakeholders. The mere conception of digital models can be enough
to provide a plethora of services. However, several architectures
use gathered data from the physical system, as well as virtual data
provided by the digital model, to deploy data analytics techniques
that are capable of more reﬁned predictive or prescriptive analyses. These architectures possess an analytics support feature on
their service layer and are detailed in this section.
We begin by addressing prescriptive analytic techniques, which
essentially aim to suggest ideal courses of action to stakeholders,
but can also be employed to update the parameters of the digital
model (see (Wang et al., 2019)). These approaches are based on optimization methods, such as swarming and evolutionary heuristics
(see (Zhang et al., 2019; Wang et al., 2019)), and advanced planning and scheduling (APS) algorithms (see (Park et al., 2019)). Both
gathered data from the physical system and the digital models
themselves may be used as input. Optimization analytics are usually associated with production system management applications,
assisting especially in tasks that require near-real-time adaptation
to deal with ﬂexibility and reconﬁguration, e.g., shop-ﬂoor online
rescheduling (see (Zhang et al., 2019; Ding et al., 2019; Bao et al.,
2019; Ashtari Talkhestani et al., 2019; Leng et al., 2019)). The use of
classiﬁcation methods as a prescriptive tool has also been observed
in (Ding et al., 2019), where classiﬁcations of operation time are
used to suggest future process planning directives.
Predictive analytics aim to inform stakeholders about probable
future behavior, taking as input both gathered data from physical sensors, as well as virtual data from digital models. These
approaches are based on forecasting, classiﬁcation, and anomaly
detection methods, and are associated with an array of statistics and machine learning techniques. Applications are observed
mainly in maintenance and faults management, where machines’
remaining useful life is predicted (Luo et al., 2019), a maintenance schedule is determined (Zhang et al., 2019), or failures
are predicted (Ashtari Talkhestani et al., 2019; Leng et al., 2019;
Kabaldin et al., 2019). Other applications include quality management, where product and design defects are analyzed and predicted during manufacturing (Luo et al., 2019; Ashtari Talkhestani
et al., 2019); as well as safety management, where safety hazard
situations or wrong working conditions are perceived (Gao et al.,
2019; Luo et al., 2019).
Both interviewed experts strongly agree that analytics support
is valuable to successful digital twin implementations. From a maturity evolution perspective, expert #1 sees this feature as the next
step after the development of an effective digital model, paving the
way for decisions to be made without active human participation,
in a logic where the digital twin actively learns about the process
181
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able, due to the more dynamic environments of manufacturing
systems.
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3.4. Control feature
When establishing the characteristics that made digital twins
different than merely digital models, (Kritzinger et al., 2018) argued that digital twin architectures possess automatic data ﬂows
connecting physical and virtual models in both directions. This
means that not only the virtual model is updated by the status
of the real system, but also that actions determined digitally can
be autonomously implemented in the real system, as the digital
object can act as a controlling instance of its physical counterpart.
We address this as a control feature.
Architectures that deliver prescriptive services (i.e., are capable
of planning courses of action), sometimes possess a control feature. When addressing this feature, we do not consider architectures which can only communicate plans of actions with the stakeholders, but those which have components that allow for the direct control of the physical system through the decomposition of a
strategy into a series of speciﬁc commands. These architectures are
generally related to production system management applications.
Sometimes, the control feature still requires human conﬁrmation
before acting, as can be seen in (Zhang et al., 2019). Alternatively,
the digital twin can act without a human check, as observed in
(Ding et al., 2019; Leng et al., 2019).
Regarding the control feature, both experts strongly agree about
the value it delivers to the digital twin, but also both highlight the
risks involved with its operation. Expert #1 sees the control feature
as the furthest maturity evolution of the digital twin architecture
and an inevitable evolution in the future, although currently still
utopian. With this feature, the digital twin not only predicts problems and alerts the stakeholders, but actually decides on the best
solution and applies it on its own. The expert alerts that to ensure low operational risks, this feature depends on the use of safe
and reliable analytic techniques to formulate actions, and argues
that we are yet to reach this maturity level. Expert #2 argues that
if allowing decisions to be implemented without human intervention means that humans begin to lose their understanding of the
manufacturing system, then there is a real danger of losing control.
That means that even if safety devices are accessible, operators can
become unsure about whether to disrupt the process. In brief, although the control feature is probably the way the technology will
grow in the future, the expert alerts that it is vital for humans to
maintain a full understanding of the process, even if they are not
to interfere in normal circumstances.
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4. Conclusion
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identiﬁed features were assessed by industry experts, who positively evaluated their importance to the success of digital twin implementations. The capacity of generating adequate digital models
of physical resources has been addressed as a fundamental feature,
able to serve as the basis for the development of more advanced
features, such as the capacity of employing analytics to support
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