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A B S T R A C T   

Digital Twin is one of the promising digital technologies being developed at present to support digital trans
formation and decision making in multiple industries. While the concept of a Digital Twin is nearly 20 years old, 
it continues to evolve as it expands to new industries and use cases. This has resulted in a continually increasing 
variety of definitions that threatens to dilute the concept and lead to ineffective implementations of the tech
nology. There is a need for a consolidated and generalized definition, with clearly established characteristics to 
distinguish what constitutes a Digital Twin and what does not. This paper reviews 46 Digital Twin definitions 
given in the literature over the past ten years to propose a generalized definition that encompasses the breadth of 
options available and provides a detailed characterization which includes criteria to distinguish the Digital Twin 
from other digital technologies. Next, a process and considerations for the implementation of Digital Twins is 
presented through a case study. Digital Twin future needs and opportunities are also outlined.   

1. Introduction 

Digital twin technology is part of the rise of new digital technologies 
that support digital transformation by providing capabilities to enable 
new business models and decision support systems. Many organizations 
have already incorporated or are in the process of incorporating data, 
information, and analytics capabilities as part of their service offerings 
[1]. Similar to other digitalization concepts, such as the internet of 
things (IoT), cloud computing, machine learning/artificial intelligence, 
and augmented reality, the Digital Twin concept has seen increasing 
interest in recent years in both academia and industry as indicated by 
the growth of publications, articles, and commercial marketing. The 
existing literature highlights many of the potential and perceived ben
efits of the Digital Twin concept, including reducing costs [2–4] and risk 
[5]; improving efficiency [6], improving service offerings [7,8], security 
[9], reliability [10,11] and resilience [12]; and supporting decision- 
making [13–15]. However, the literature is lacking a consistent pre
sentation of what the Digital Twin is and how it can be applied to sup
port an organization’s operations. In fact, the varied use cases to which 
the Digital Twin has been associated with have resulted in a wide variety 
of definitions and frameworks across the industry causing confusion that 
risks weakening the concept and limits its ability to achieve the stated 
benefits. To reduce the confusion and unreasonable expectation sur
rounding this technology, there is a need for a generalized and 

consolidated definition of a Digital Twin as well as a characterization of 
elements of the concept to provide a clear classification of what con
stitutes a Digital Twin, distinguishing it from other similar digital 
technologies. 

It is also noted that most of the current Digital Twin literature focuses 
primarily on technical approaches, analysis methodologies, and the 
challenges associated with data collection and integration into the 
Digital Twin. There is a need for examples of practical implementations 
of Digital Twins that consider the implementation strategies and deci
sion support to achieve targeted outcomes with measurable benefits. A 
strategy for implementing Digital Twins must also consider the current 
technical and cultural challenges that prevent Digital Twins from real
izing their desired benefits. Finally, Digital Twins require the incorpo
ration of a variety of different enabling technologies, whose technical 
maturity and development must also be considered. 

This paper evaluates the status of Digital Twins as part of a family of 
digitalization efforts intended to enhance existing processes and support 
new services. The contributions of the paper are as follows. First, 
existing Digital Twin definitions are reviewed and a consolidated defi
nition and description of the key characteristics of the Digital Twin is 
provided (Section 2). Next, the approach and considerations for the 
implementation of Digital Twins for practical applications are discussed 
(Section 3). The implementation approach and related considerations 
are then demonstrated through an industry case study (Section 4). 
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Finally, current Digital Twin implementation challenges and future 
needs and opportunities for further development are discussed (Section 
5). Section 6 provides concluding remarks. 

2. Digital Twin definition and characterization 

The concept of a Digital Twin originates from Michael Grieves’ 2003 
presentation on product life-cycle management based on his work with 
John Vickers [4]. Grieves and Vicker’s motivation for developing the 
concept was to shift from the predominantly paper-based and manual 
product data to a digital model of the product which would become 
foundational for life-cycle management. Similar concepts such as Cyber 
Physical Systems (CPS) [16] and Internet of Things (IOT) [17] all focus 
on the idea of connecting a physical system to data collection, compu
tational and/or communication systems, but approaching it from 
differing perspectives: CPS concept from the system engineering and 
control perspective, IOT from a networking and IT perspective, and 
Digital Twin from a computational modeling (machine learning/artifi
cial intelligence) perspective. 

Grieves provided the first characterization of the Digital Twin 
concept by stating that it consisted of three components, a physical 
product in Real space, a virtual representation of that product in the 
Virtual space, and the connections of data and information that tie the 
virtual and real products together [4]. Over the past two decades, the 
interest in Digital Twins has grown across many industries and this has 
led to a wide variety of definitions and characterizations that has diluted 
Grieves’ original description, to which this paper seeks to return and 
generalize. 

2.1. Digital Twin definitions in the literature 

An overview of some of the varied lexicon found in the literature is 
presented in Table 1, based on 46 different definitions found in the 
literature. Due to space limitations, these various definitions are not 
listed here, but are provided in GitHub via the link (https://github. 
com/evanderhorn/DSS_DT_Public). In addition to providing a concise 
statement of what a Digital Twin is, most of the available definitions also 
include descriptions of selected specific attributes of the Digital Twin, 
including: representation fidelity, data collection/exchange, synchro
nization frequency, and model/simulation capabilities. These defini
tions also occasionally include references to the specific use case being 
considered and the lifecycle phases that apply. After reviewing the 
breadth of definitions in the literature, a consolidated and generalized 
definition for a Digital Twin is proposed here as “a virtual representation 
of a physical system (and its associated environment and processes) that is 
updated through the exchange of information between the physical and vir
tual systems.” This definition is general enough to encompass the 46 

reviewed definitions provided in https://github.com/evanderh 
orn/DSS_DT_Public, yet it restricts itself to only the essential elements 
while avoiding use case-specific Digital Twin characteristics or 
terminology. 

The terminology choices for this proposed definition for a Digital 
Twin can then be reviewed in relation to the terminology used in the 
other definitions found in the literature. This comparison is focused on 
the three key components of the proposed definition: virtual representa
tion, physical system and updated through the exchange of information. 

As mentioned earlier, many of the definitions in the literature 
combine a definition with specific characterizations about Digital Twins 
that are unique to the use case(s) that they are describing. Much of the 
confusion surrounding the Digital Twin concept appears to be in the 
qualifiers on certain characterizations which are used to designate what 
constitutes a Digital Twin and what does not. The following sub-sections 
provide a generalized overview of these characterizations which covers 
the breadth and variety of descriptions and use cases provided in the 
literature. 

2.2. Digital Twin characteristics 

Using the generalized definition proposed above, the Digital Twin 
can be characterized by three primary components: (1) A physical re
ality, (2) a virtual representation, and (3) interconnections that ex
change information between the physical reality and virtual 
representation shown in Fig. 1. 

The following sub-sections discuss these three components in further 
detail. 

2.3. Physical reality 

In the Digital Twin literature, a wide variety of terminology has been 
used to describe the physical reality of interest and the selected termi
nology is often domain specific. The term physical reality is proposed 
here as it is the most general form to represent what may be attempted to 
be modeled, since physical reality encompasses the entirety of the sys
tem, both known and unknown. The physical reality can be decomposed 
into the physical system, the physical environment, and physical 
processes. 

2.3.1. Physical system 
The physical system consists of the group of interacting and inter

related entities that form a unified whole [18]. This group of entities is 
often described by its structure or purpose and delineated from other 
systems by boundaries in space and time. The selection of the boundary 
often takes advantage of natural segregations associated with the more 
typical meaning of the word system. For example, the physical system of 
interest can range from a single machinery part, sub-component or 
component, to a complete piece of machinery, to a machinery system, to 
all of the interconnected systems of a single asset. It can be seen that 
generally, the physical system of interest is man-made, but as the 
concept of Digital Twin expands to other domains, such as healthcare 
[19] and agriculture [20], the physical system of interest may be some 
aspect of the natural environment or the human body. 

2.3.2. Physical environment 
The physical environment is where the physical system of interest 

resides. The physical system is surrounded and influenced by its physical 
environment and interacts with the environment through physical pro
cesses. The delineation between the physical system and physical 
environment is often determined based on each specific Digital Twin 
application. In some applications, this delineation may be simple, but in 
others it may be complicated. An example of a simple delineation case is 
the Digital Twin of a manufacturing process such as additive 
manufacturing. In this case, the physical system of interest is the 3D 
printer, and the physical environment includes relevant external 

Table 1 
Proposed lexicon vs alternate lexicons.  

Proposed definition 
lexicon 

Alternate lexicons used in the literature 

Virtual digital, cyber, computerized, computational, living, system 
Representation model, simulation, counterpart, copy, mirror, part product, 

instance, substitute, information, clone, description, 
replication 

Physical physical, real/real-world 
System system, product, object, artifact, production lines, item, 

world, counterpart, device, parts, twin, entities, element, 
process state, vehicle, aircraft, structure, asset, component, 
instance 

Updated update, integrate, incorporate, include, synchronization, 
adapts, reflects, mirror, reflect 

Exchange connections, communication, collecting 
Information data, sensor updates, fleet history, physical knowledge, 

flight histories, fatigue damage, data space, performance, 
maintenance, health status  
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influences on the process such as room temperature, air flow, ambient 
vibration, etc. In an example of a more complicated delineation case, the 
physical system of interest may be a single room in a large building, and 
the physical environment may include other parts of the building, such 
as adjacent rooms, ventilation systems, etc. as well as other external 
factors that impact the building as a whole, such as weather, etc. In 
many applications, both the physical system and the physical environ
ment will be represented in the virtual space. This means that data for 
the relevant environmental parameters will be collected from the 
physical environment and stored in the virtual representation similar to 
that of the physical system. This allows the physical environment to be 
reconstructed in the virtual space to allow for simulations, forecasts, 
and/or decisions to be made which will impact the physical system of 
interest. 

2.3.3. Physical processes 
Physical processes are how the system expresses itself in the physical 

environment and is the mechanism by which the entities of the system 
undergo changes in state. For example, in the case of manufacturing, 
some of the physical processes of interest may include casting, forging, 
welding, etc. For asset lifecycle management, the processes of interest 
may be loading processes based on the system’s operation in the envi
ronment or degradation processes which can result in the physical sys
tem states changing over time. Similar to the physical system and 
physical environment, the physical processes may also be represented in 
the virtual space to support simulations, optimization, and forecasting. 

2.4. Virtual representation 

As presented in Table 1, the Digital Twin definitions in the literature 
use a variety of terminology to discuss the virtual representation. This 
paper proposes using the term virtual representation as this captures the 
idea that the entity in the virtual space is merely a representation of an 
idealized form of the physical reality. 

2.4.1. Idealized representation of physical reality 
It is recognized that any attempt to model the physical reality re

quires the idealization of that reality based on some level of abstraction. 
These idealizations often take the form of data models (data structures) 
and/or behavior models (mathematical or computational models). A 
data model here refers to a data structure that retains all the variables 
describing the reality at the level of abstraction chosen. Behavior models 
refer to the computational models that describe the how the variables of 
interest relate to each other. In engineering applications, behavior 
models are often based on the laws of physics; however, the exact 
physics that describe the relationships between variables may not al
ways be known and use of data-driven models to describe the relation
ships between different variables is becoming more prevalent. Reality is 
then represented in this idealized form by assigning values to the model 
variables based on the interpretation of the data collected from the 
physical reality. 

The decision on the level of abstraction must be consistent with the 

intended use case(s) as it will impact data collection processes as well as 
introduce uncertainty. Due to the abstraction of reality, the evidence 
collected about that reality must be transformed into data consistent 
with the virtual representation of the idealized reality. The process by 
which the data consistent with the idealized representation gives evi
dence about reality is called the interpretation process and is shown in 
Fig. 2. 

2.4.2. System states and parameters 
When describing the types of data and information that are to be 

managed by the virtual representation, a wide range of terms may be 
considered, including properties, parameters, states, attributes, character
istics, features, variables, and dimensions. As noted earlier, the meaning 
and use of these terms is often dependent on the technical domain in 
which they are being referred. A primary motivation for the use of a 
Digital Twin in many applications is the monitoring of the system as it 
changes over time. Tracking and modeling these changes within the 
virtual representation as a function of inputs to the system enables the 
representation and estimation of past, present, and future behavior to 
guide decision-making. These objectives align closely with the concept 
of state space modeling in system identification and as discussed below, 
state estimation is a common methodology used in the exchange of in
formation between the physical reality and the virtual representation. 
Therefore, in this paper, we propose adopting the terminology used for 
state space modeling which uses the terms states and parameters to 
describe the information managed by the virtual representation [21]. 

In state space modeling terminology, states refer to the aspects of the 
system that evolve through time based on their previous values and 
inputs to the system (often externally imposed by the system’s interac
tion with the environment). Monitoring the states of the system there
fore provides the history of how the system is behaving over time. The 
term parameters in state space modeling is used to refer to the aspects of 
the system model that describe how inputs to the system affect the states 
and how the different states relate to each other over time. In many 
cases, system parameters remain fixed or are slowly varying over time. 
Defining the states and parameters for a specific Digital Twin repre
sentation is determined by the level of abstraction selected for the 
idealized representation. This information includes information about 
the system itself, in addition to its environment and associated 
processes. 

Note that while the system states and parameters retained in the 
virtual representation provide an idealized representation of the phys
ical reality, not all this information is readily exchanged between the 
physical reality and the virtual representation. This is because not all 
system states can be directly measurable with available inspection 
methods, due to limitations of either technology or economics. For 
example, the state of fatigue damage accumulation may be of interest, 
but crack initiation is not feasible to monitor, especially in large struc
tures. In such cases, the values for these states are assumed based on data 
not directly associated with the current physical reality of interest (e.g. 
historical data, design data, etc.) or inferred from the observed data 
using state estimation. In the example of representing fatigue damage 

Fig. 1. Digital Twin components and high-level processes.  
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accumulation, measured states, such as structural motion and strain 
using sensors, can be used in combination with computational models to 
infer the fatigue damage state. Some of the unobservable system infor
mation may also include the system parameters which must be inferred 
through parameter estimation. This process of determining which states 
to directly monitor and which states to infer is an important part of the 
Digital Twin scoping and implementation process. 

2.4.3. Virtual system 
The primary component of the virtual representation is the virtual 

system. The virtual system contains the data and models of the entities of 
interest from the physical system at a chosen level of abstraction. It is 
important to note that the virtual system may contain multiple models of 
the physical system at different levels of abstraction and these models 
may or may not interact with each other. An example of interaction is 
aeroelasticity analysis of an airfoil, where the results of the aero
dynamics model may be used as input to the structure model and vice 
versa (two-way coupling). 

2.4.4. Virtual environment 
Like the virtual system, the virtual environment is the virtual rep

resentation of the physical environment. Similar to above, the virtual 
representation of the physical environment is at a chosen level of 
abstraction. 

2.4.5. Virtual processes 
Virtual processes describe how the virtual system expresses itself at 

the level of abstraction chosen for the virtual representation. The most 
common form this takes is a computational model of the corresponding 
physical processes. These computational models to represent how the 
physical system undergoes state changes to help generate the insights 
required to support decision-making. 

The computational models used to accomplish this are built based on 
the relationships established between the inputs and outputs of a given 
process that changes the system states (e.g. load application and system 
dynamics, degradation mechanisms, etc.). The relationships between 
the inputs and outputs of these processes are determined based on 
known physics or generated via data-driven models using input and 
output data, or a hybrid of both. Machine learning (ML) and artificial 
intelligence (AI) techniques can be used to establish simulation models 
for processes based on the collected data without knowing the specific 
model form (i.e. a “black-box” model). 

Virtual processes play a valuable role in the Digital Twin, as many of 
the use cases rely on simulated future states rather than the present 
system state. These include diagnostics and prognostics 
[10,12,14,22–24], design verification [25], simulation and optimization 
[2,4,13,22,26–29], and “what-if” scenario and sensitivity analyses [26]. 
The application of virtual processes on the virtual system alters the 
virtual system states in a manner similar to how the physical processes 
alter the states in a physical system. This allows the user of the Digital 
Twin to hypothesize how the physical system would perform under 
similar physical processes, thus helping to decide what actions to un
dertake based on whether the simulated outcomes are aligned with the 
desired outcomes. 

2.5. Interconnection between physical and virtual 

The final component of the Digital Twin definition is the 

interconnection between the physical reality and the virtual represen
tation where data/information is exchanged in two directions: physical- 
to-virtual and virtual-to-physical [30]. 

2.5.1. Physical-to-virtual connection 
The physical-to-virtual connection enables the process by which data 

collected from the physical reality is used to update the states main
tained in the virtual representation. In general, the physical-to-virtual 
connection requires three steps: the process of collecting the relevant 
information including the direct measuring of the physical reality, 
interpreting the collected data to a form that is consistent with the level 
of abstraction and the updating process that uses the data to update the 
states of the virtual representation. 

In the first step, when discussing data collection for the Digital Twin, 
the Internet of Things (IoT) and sensor technology are commonly 
referenced [20,31–33]. While not strictly required for a Digital Twin, 
these technologies are often credited with supporting the increased in
terest in Digital Twins since they allow for a larger amount and fre
quency of measurements. It is important to note that offline and manual 
data collection means are also relevant in this context, such as visual 
inspection, non-destructive evaluation, repair logs, etc. 

The second step of the process, interpretation of the collected data 
(Fig. 2), may typically contain several steps depending on the data, 
including data processing, data curation and data conversion. An 
example of this is the conversion of voltage changes in a strain gauge to 
strain measurements, but a more abstract representation may need 
further interpretation, for example converting the strain measurements 
to load cycle counts. 

The third step of the process is the use of data to update the states of 
the virtual representation. In the simplest cases, the measured data 
corresponds exactly to a state maintained in the virtual representation 
and the virtual representation is updated such that it reflects the 
observed physical system state. In many cases, updating of the unob
served system states of interest and the model parameters is achieved 
through the techniques of system identification, which may also involve 
information fusion, i.e., use of data from multiple sources. 

2.5.2. Information fusion 
The concept of information fusion is focused on combining the 

multiple available sets of information to create a derived set of infor
mation which reduces redundancy and uncertainty. Information fusion 
techniques can be classified into three categories: (i) data association, 
(ii) state estimation, and (iii) decision fusion [34]. For the virtual rep
resentation update process, the state estimation techniques are of 
greatest interest, but data association may also be applied where it is 
necessary to reduce the dimensionality of a large volume of data. Data 
association and state estimation are part of the physical-to-virtual 
connection process. Decision fusion may be applied during the virtual- 
to-physical connection process, where a consensus must be made from 
the outcomes of various analyses as to the actions that will be under
taken to affect the states of the physical system of interest. 

2.5.3. Virtual-to-physical connection 
The virtual-to-physical connection is the process that results in the 

transfer of information from the virtual representation back to the 
physical reality. This connection closes the loop in the Digital Twin, by 
allowing the insights and decisions generated through the virtual rep
resentation to be realized in the physical system; either through actions 

Fig. 2. Data abstraction process.  
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that result in a change in the physical system states or actions that collect 
additional information from the physical system to further update the 
virtual representation. 

This information flow is realized in the physical reality by under
taking specific actions which impact the physical process(es) that result 
in a change of the states of the physical system. As with the physical-to- 
virtual connection, this process occurs in two steps: (1) the virtual rep
resentation is used to determine whether and what change in the 
physical state is required, and what action is required to achieve the 
targeted state; (2) then the required actions that impact the necessary 
physical process(es) are performed to achieve the targeted physical 
state. 

Table 2 summarizes the above descriptions of various elements of a 
digital twin. 

2.6. Digital Twin qualifiers 

In the review of definitions provided in the literature, it was observed 
that several definitions included specific qualifiers for certain Digital 
Twin characteristics to designate what constitutes a Digital Twin and 
what does not. This section will review the qualifiers mentioned in the 
literature and then propose a clear set of qualifiers that distinguish 
Digital Twin from similar technologies while not being overly 
restrictive. 

2.6.1. Digital Twin vs digital model 
Descriptions of Digital Twins and their usage in the literature often 

sound similar to more traditional digital modeling approaches, such as 
computer-aided design (CAD), computer aided engineering (CAE), and 
product lifecycle management (PLM) tools, which lead to confusion 
among practitioners as to what distinguishes a Digital Twin from these 
existing approaches. As these tools are also incorporated and used with 
Digital Twins, it can be challenging to determine when the use of these 
tools/models fits the definition of a Digital Twin and when it does not. 
The two key requirements for a Digital Twin that make it unique from 
traditional digital modeling approaches are that a Digital Twin repre
sents a single instance of the system of interest (i.e. its corresponding 
physical twin) not a class or fleet of systems and that the Digital Twin 

updates its description of that system as it changes over time. 

2.6.2. Digital Twin vs simulation model 
Simulation modeling is the process of using a digital prototype of a 

physical system to predict how the system will perform in reality [35]. 
Simulation models are often used during the design phase to understand 
how the system of interest will perform based on assumed operation, 
loads, degradation mechanisms, etc. This replication of physical system 
behavior in a virtual environment can sometimes lead to simulation 
models being mistaken as Digital Twins. The major difference between a 
simulation model and a Digital Twin is that the simulation model is 
predicting future states of a physical system based on a set of initial 
assumptions, rather than tracking current and past states of a single 
instance of the physical system. A Digital Twin would then track the 
actual experienced states as that specific instance of the system is used in 
operation. 

A reason that simulation models may be confused with Digital Twins 
is that while a simulation model is not by itself a Digital Twin, the use of 
simulation modeling combined with Digital Twins is common. Often the 
computational models which are used to infer the current state of the 
Digital Twin are the same models which can be used in simulation to 
predict future states. This can be even more advantageous when the 
parameters of these computational/simulation models are updated to 
reflect the behavior of the specific instance the Digital Twin is repre
senting. These simulation models can then be used to provide additional 
insights to guide decision-making for optimizing future operations, 
forecasting degradation mechanisms, and predicting future failures and 
remaining useful life. 

2.6.3. Digital Twin vs surrogate model 
Surrogate modeling is an engineering method that uses approximate 

models that are computationally cheaper, such as response surfaces, 
kriging, support vector machines, neural networks, etc. [36] to mimic 
the behavior of more computationally expensive physics models. It is 
likely that the confusion between surrogate models and Digital Twins 
arises from the similarity in how they both use data to update the 
knowledge about their form. Surrogate models are constructed using 
data-driven approaches that use a set of training data (inputs and out
puts) from the original simulation model to construct a model that 
mimics the behavior of the original computational model; this approach 
is similar to ML/AI models. 

Thus surrogate/ML/AI models are similar in concept to the way a 
Digital Twin uses data from the physical system to update its virtual 
representation. However, despite this similarity, a surrogate model 
alone is not a Digital Twin as it does not maintain a virtual represen
tation of the states of an instance of a physical system but rather to create 
a mimicry of a computational model. While a surrogate model is not a 
Digital Twin, it could be used within a Digital Twin to improve its 
functionality when the original computational model is too time- 
consuming to provide insights within a required decision interval. 

2.6.4. Digital Twin data interconnection 
Descriptions of Digital Twins in the literature often put further 

qualifiers on the data interconnection component. More specifically, to 
be considered a Digital Twin it is sometimes required that this data 
interconnection be online and bi-directional [37–40]. 

The requirement that the virtual-to-physical connection must result 
in a change in the physical system states is restrictive. While the insights 
generated from the Digital Twin should provide feedback that serves a 
targeted outcome, this outcome may not result in a physical state 
change. An example of such a use case is using a Digital Twin to prior
itize and optimize inspection campaigns of large structures. Identifying 
the highest risk areas for targeted inspections based on the specific 
operation of this system increases the probability of detecting anoma
lous conditions and reducing overall risk without resulting in a change 
of state of the physical system. 

Table 2 
Summary description of digital twin components.  

Component Description 

Physical reality  
Physical system The portion of the physical reality chosen for modeling 

which includes all relevant interacting and interrelated 
entities that form a unified whole 

Physical environment The aspects of everything outside the selected physical 
system which affect that system 

Physical processes The functions being performed by the physical system 
that result in the system undergoing changes in state  

Virtual representation  
Virtual system The data and computational models of the physical 

system of interest at a chosen level of abstraction 
Virtual environment The virtual representation of the physical environment 

for the physical system of interest 
Virtual processes The virtual representations of the corresponding physical 

processes, used to simulate how physical processes will 
affect the physical system; these are the primary means to 
generate insights to meet target outcomes  

Information 
Interconnection  

Physical-to-virtual 
connection 

The means by which information from the physical 
system is collected, interpreted, communicated and used 
to update the virtual representation states and parameters 

Virtual-to-physical 
connection 

The means by which an action is decided and undertaken 
based on the virtual representation to affect physical 
processes that result in change of the physical system’s 
states and parameters  
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The second added requirement is that this data interconnection be 
online [37]. It is implied that online means that the data is exchanged 
automatically between the physical system and the virtual representa
tion and vice-versa. The reason for placing such a requirement on the 
classification of Digital Twins is likely based on specific use cases. 
However, such a requirement is overly restrictive and does not account 
for the many different offline human-in-the-loop (HITL) interactions 
with the physical system, including data collection methods, such as 
physical inspection, NDE, maintenance logs, etc., and system repair/ 
maintenance actions that could be used to update the virtual represen
tation of system states. Additionally, there are use cases where the im
mediate exchange of information is not required for the decision-making 
process [14]. It is proposed that the requirement for a Digital Twin be 
that information be exchanged between the physical system and the 
virtual representation to update the virtual system states and parame
ters. The bi-directional connection from virtual to physical may not al
ways result in change in the physical state (e.g. the action could be 
additional inspection/data collection). Any additional requirements on 
how (or how often) this data is collected and exchanged should be 
determined based on the specific use case and implementation. 

2.6.5. Digital Twin fidelity 
Another common Digital Twin qualifier found in the literature is 

with respect to the fidelity of the Digital Twin virtual representation 
[10,11,37,41–45]. Many of these definitions argue for the Digital Twin 
to have the highest level of model fidelity feasible. As discussed earlier, 
the level of model fidelity directly relates to the level of abstraction of 
reality that is chosen for the virtual representation. While it is typically 
assumed that a higher fidelity model ensures that the physical system 
and virtual representation are more closely aligned, this assumption 
may not be the case if the data that can be collected from the system is 
not appropriate for the level of model fidelity. Observation and 
modeling uncertainties resulting from insufficient data may negate the 
benefits of the higher fidelity model. Even if the required data could be 
collected, additional challenges of a high-fidelity approach may also 
include data storage management, data transfer limitations, computa
tional processing power, and turnaround time for decision support. 

In addition to the practical limitations of applying a high-fidelity 
approach, using such a requirement to classify a Digital Twin is chal
lenging as there is no accepted definition as to what would constitute a 
high-fidelity representation. From the reviewed literature it is found that 
the choice of Digital Twin modeling fidelity is primarily driven by the 
use case; and there are no papers in literature yet to present a Digital 
Twin implementation which could be considered high-fidelity. This 
further supports the argument that the level of model fidelity should not 
be used to define what is classified as a Digital Twin. The only 
requirement is that the model be a virtual representation of a specific 
physical system; the fidelity of that model will be dependent on the use 
case. 

2.6.6. Data update frequency 
The final commonly mentioned Digital Twin qualifier is the rate at 

which data is exchanged between the physical system and the virtual 
representation. As mentioned in the previous sections, information is 
exchanged bi-directionally between the physical and virtual spaces. An 
important component of this interconnection is the frequency at which 
information is exchanged between the physical space and virtual space. 
In the literature, this update is commonly described as being real-time 
[37,38] where changes in the physical state are updated in the virtual 
representation nearly instantly. While such a qualifier represents an 
ideal Digital Twin, allowing the physical system and virtual system to 
act nearly synchronous with each other, placing such a requirement on 
all Digital Twins is not practical with current technology and is not 
required for many of the use cases. 

As different data streams may be available at different frequencies, 
the update process may occur as the different datasets become available 

or may be selected to occur at set intervals based on the use case and the 
frequency in which a decision will need to be made. For example, in 
[14], a Digital Twin for fatigue crack growth on an aircraft wing 
collected data during each mission, and state estimation was performed 
to update the virtual representation after each mission. This frequency 
was consistent with the decision-making interval for this use case where 
mission planning was desired on a flight-by-flight basis. 

While real-time update of all the system states of interest is ideal, it is 
often not practical to define a Digital Twin by this requirement given 
varying frequencies of different data collection systems and HITL data 
collection efforts. The proposed approach is to instead implement a 
model updating process appropriate for the specific use case, which 
utilizes all the available system information at the time of the update to 
provide the inference of the current system states. 

2.6.7. Summary of qualifiers 
Distinguishing a Digital Twin from other digital modeling and 

simulation approaches is based on the following qualifiers:  

1. The virtual representation represents a single instance of a physical 
system; and  

2. Data/information from the physical system is used to update the 
states of the virtual representation over time. 

Any additional requirements placed on specific characteristics of the 
Digital Twin, such as the examples provided in this section, should not 
be included in the definition; rather, they should be based on the specific 
use case being considered and established during the Digital Twin 
implementation. 

3. Digital Twin implementation 

Digital transformation is viewed as an enabler of more innovative, 
optimized, and effective products and processes and is a key component 
of Industry 4.0 [46]. The practical implementation of Digital Twins 
aligns with the concept of digital transformation, where a principal 
objective is the innovation of business models to reflect the value that 
can derived from data. Similar to the definition and characteristics of a 
Digital Twin, there is also a breadth and variety of technical elements 
that comprise a Digital Twin implementation that we seek to generalize. 
The key aspects of a Digital Twin implementation include specifying 
intended outcomes, scoping the solution (both defining the physical 
system of interest and levels of abstraction), creation of the virtual 
representation, and establishing required data interconnections. 

A brief review of current industry implementations of Digital Twins 
can be generally grouped into three categories: Digital Twin component 
solutions, commercial off-the-shelf solutions, or custom hybrid combi
nations. A large number of the marketed Digital Twin product offerings 
are component solutions, provided by companies that provide platform 
services, such as Microsoft [47], or by digital model/digital simulation 
companies, such as Ansys [48]. These providers typically market Digital 
Twin approaches that utilize components from their product offerings 
that can be combined together to create a customer-specific Digital Twin 
implementation but how the Digital Twin is constructed is left to the end 
user. This category of solutions has also led to collaborations between 
companies to enable easier integrations between their capabilities as 
customers seek functionality that may not be wholly available within a 
single solution providers product portfolio. The next most common 
category is off-the-shelf Digital Twin solutions. These are typically 
provided by the original equipment manufacturer (OEM), such as GE 
[49], for common industry uses cases. The final group are completely 
custom hybrid approaches, where the end-user constructs their own 
solution, usually from a combination of commercial and custom prod
ucts. The extent of the industrial application of a hybrid approach is 
challenging to estimate since it is for an organization’s internal use, 
however this case may be the most effective at achieving specific 
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outcomes, since the capabilities can be wholly customized to a specific 
use case and the features can be implemented incrementally based on 
evaluated cost and business value. 

3.1. Digital Twin outcome identification 

Colin Parris, Vice President of Software Research at the GE Global 
Research Center, described a Digital Twin as “a living model that drives a 
business outcome” [32]. Identifying the intended outcomes enables the 
scope of the Digital Twin to be realistically bounded to achieve these 
outcomes. The targeted outcomes should be measurable and quantifi
able, which allows for the value proposition for a Digital Twin to be 
defined by its ability to result in a positive change toward the targeted 
outcomes. These outcomes can be wide-ranging and industry-specific; 
some common outcomes associated with Digital Twins include 
including reducing costs [2–4] and risk [5], improving efficiency [6], 
improving service offerings [7,8], security [9], reliability [10,11], 
resilience [12], and supporting decision-making [13–15]. 

3.2. Digital Twin scope 

When designing the Digital Twin, the principle of parsimony should 
be observed to ensure that the determined scope can meet the intended 
outcomes without adding additional complexity or cost that might 
compromise its feasibility. While Digital Twins may theoretically be 
used to represent the chosen system to an atomistic level of resolution, 
the intended application and desired outcomes determine the rationale 
by which to select the appropriate scope and abstraction level of the 
Digital Twin. 

The first aspect of setting the scope for the Digital Twin is deter
mining the portion of the physical reality that will be modeled, which 
sets the boundary between the physical system of interest and its sur
rounding physical environment, as described in the previous section. 
This boundary should be selected to ensure the appropriate level of 
detail to achieve the targeted outcomes while minimizing the resulting 
model complexity. 

The second aspect of setting the Digital Twin scope is determining 
the required level of abstraction. The level of abstraction determines the 
collection of physical system states that are to be modeled and main
tained. The selected level of abstraction also determines the fidelity of 
the computational models that are to be used. Considering the principle 
of parsimony, the level of abstraction/model fidelity should be only as 
detailed as required to achieve the targeted outcomes. Refer to Section 
2.6.4 for further discussion. 

When scoping the Digital Twin implementation, consideration could 
be given to supporting models at varying levels of abstraction, allowing 
the users to switch between the levels as needed to achieve the targeted 
outcomes. Consideration should also be given to the varying time con
stants for the different physical processes being modeled. For example, 
vibration is typically measured on the order of milliseconds and corro
sion is often measured on the order of years. For this to be managed, the 
Digital Twin must often support models of different levels of abstraction, 
while ensuring that the shared system states between models of different 
levels of abstraction remain consistent. 

3.3. Digital Twin virtual representation 

The first element of the virtual representation is creation of the data 
models. The states of interest, both current and historical, are retained in 
the data models. In the literature, when discussing data management, 
cloud computing environments are mentioned [3,41,44]. A cloud-based 
data management system provides advantages in accessibility, scalable 
data storage and processing power, and efficient data transfer. Local 
data storage systems may also be used and may be required in cases 
where security of the data is a concern. Practical implementations may 
consider combinations of local and remote data management 

approaches (edge, mainframe, fog and cloud). Further, data visualiza
tion may often be used in conjunction with data models to provide 
additional insight into the data. The purpose of these visualizations is to 
represent the raw data in a format that supports more efficient decision- 
making and may include simple statistics, summary data, and data 
tagged to visual representations of the system of interest. 

The second element of the virtual representation is the imple
mentation of the relevant computational models. The use of models in 
Digital Twins is generally for two purposes: the inverse problem and the 
forward problem. The first is the data fusion and system identification 
process where states and parameters of the Digital Twin must be esti
mated using the observed information (i.e., inverse problem). The sec
ond purpose (i.e., forward problem) is to apply virtual processes to the 
virtual system to simulate how the system states will change based on 
forecasted changes in the physical environment or the application of 
physical processes (e.g., loading on a structure). The goal of these sim
ulations is to result in action decisions which are transferred from the 
virtual space to the physical space to result in physical system state 
changes that support the outcomes. As discussed earlier, computational 
models can be categorized as either physics-based models or data-driven 
models, and the selection of the appropriate model is dependent on the 
available data/information collected from the physical system and the 
known relationships between the collected data and the states of interest 
that cannot be directly measured. 

In addition to the data models and computational models, visuali
zation is a critical aspect of the Digital Twin implementation, in order to 
provide the decision-maker with a clear interpretation of the data to 
provide confidence in the decision. Also, visualization tools serve to 
improve the overall acceptance of the Digital Twin and demonstrate its 
value to the organizational leadership and non-domain experts. 

Since there are very few end-to-end Digital Twin solutions currently 
available in the market and given the breadth of Digital Twin applica
tions and the variety of technologies a Digital Twin employs, it is likely 
that a hybrid approach that combines custom Digital Twin data man
agement systems that can be easily connected to COTS tools will be 
applied. For this approach to succeed, there will need to be an ongoing 
effort to facilitate more efficient and consistent data exchange, sup
ported by future standards. This has been recognized in the industry and 
such efforts are currently ongoing [50]. 

3.4. Digital Twin data interconnections 

The implementation of Digital Twin data interconnections requires 
decisions regarding how data is to be collected, the frequency at which 
the data is collected, and how the data is exchanged between the 
physical and virtual spaces. 

After the Digital Twin creation, ongoing data collection for Digital 
Twins largely focuses on sensor technology. However, as previously 
mentioned, offline data collection is also relevant, including inspections 
and NDE. Further heterogenous data may also be available from log
books, maintenance records, pictures/video, subject matter expert 
opinions, etc. The required technology and processes to collect, process 
and fuse these data sources should be considered during 
implementation. 

The next aspect of the data interconnection is the frequency at which 
data is collected and exchanged, also known as the Digital Twin update 
frequency. This is often driven by the decision interval, which is defined 
as the time scale on which a decision needs to be undertaken. In cases of 
operational decision making, the decision interval may be on the order 
of seconds or minutes, however for asset integrity management cases, 
the decision interval may be on the order of months or years. It should 
also be noted that there also may be cases where sensor data is collected 
at a high frequency, but it is only exchanged with the virtual represen
tation on a periodic basis in batch format due to data transfer 
limitations. 

A final consideration is the technology and processes that need to be 
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implemented to support the virtual-to-physical connection. As noted 
earlier, this exchange may be through the use of the Digital Twin to 
control actuators in the physical space that result in the states of the 
physical system changing. Similar to the physical-to-virtual intercon
nection, this requires establishing the required data exchange processes 
and control systems that allow for the Digital Twin to enact the specified 
actions. Another approach is the use of HITL to use information/insights 
from the Digital Twin to lead to physical actions which either result in a 
physical state change or in the collection of additional information from 
the physical system. In these cases, consideration must be given to 
existing processes. As the implemented Digital Twin should by design 
align with these processes, the information exchange and decision- 
making points in the process need to be identified. Once these points 
are identified, the mechanism by which the information is to be 
exchanged and the procedures for making decision based on this infor
mation should be codified. 

4. Digital Twin implementation case study 

The proposed implementation process is demonstrated through a 
case study where a Digital Twin is developed to support the ongoing 
asset integrity management of a naval vessel. 

4.1. Digital Twin outcomes 

It was observed that prescriptive scheduled inspections of the ves
sel’s structure often resulted in finding unexpected structural issues that 
were leading to extended drydock stays resulting in higher costs and 
reduced mission availability [51]. Based on these observed challenges, 
the primary outcomes of the Digital Twin implementation are an in
crease in the operational availability and a reduction in the associated 
operational expenses over the life of the asset. 

Additionally, secondary outcomes include the reduction of risks 
associated with emergency response situations where detailed engi
neering analysis, such as Finite Element Analysis (FEA), is required to 
answer stakeholder questions before any resumption of operations and 
the extension of the vessel’s life beyond its original intended design life 
[51]. 

4.2. Digital Twin scope 

Based on the targeted outcomes, the physical system to be repre
sented as a Digital Twin is selected to be the hull structure of the vessel. 
Based on this selection, the corresponding physical environment that is 
of interest is the local wave environment and local weather environment 
that the vessel operates in. The physical processes of interest include the 
loading processes (e.g. wave loads, thermal loads, and cargo loads) and 
degradation processes (e.g. coating breakdown, corrosion, and struc
tural fatigue). 

The fidelity of the Digital Twin was maintained at several different 
levels of abstraction within several data models and computational 
models based on their intended use. For example, a lower fidelity 
compartment-based model, shown in Fig. 3, was used for recording the 
asset condition during visual inspections. The condition and the pres
ence of any anomalies are tagged to the relevant compartment and the 
database supports the storage of accompanying supporting information, 
such as written reports and pictures. These results are then tagged 
directly to the relevant structural components in a higher fidelity data 
model maintained onshore. The higher fidelity model can then be used 
to generate computational models, such as finite element analysis (FEA) 
models at varying levels of fidelity based on the analysis requirements. 
In this use case, the term model fidelity refers to the level of detail at 
which the structural components are represented. For example, at the 
lowest level, only the boundaries of each of the structural compartments 
are represented. At the highest level, every structural component down 
to an individual bracket is modeled. 

The vessel initially had very few sensors available for monitoring the 
hull structure, so this limited the fidelity of several of the computational 
models, particularly the loading models. Other data sources were used in 
combination with computational models to infer the vessel response to 
the experienced wave conditions and determine the resulting stresses at 
representative critical areas. 

4.3. Digital Twin virtual representation 

It was determined that no available solution could achieve the tar
geted outcomes, so a hybrid approach was adopted which required the 
integration of several different solutions for both the data models and 
computational models. It was also recognized that an incremental 
implementation approach should be adopted to reduce the upfront 
implementation costs and identify where incremental enhancements to 
the Digital Twin, both in terms of scope and fidelity, would be best 
applied to achieve the targeted outcomes. For this use case, a series of 
data models and computational models were implemented to represent 
both the system and its corresponding environment. 

First, the data model for the virtual system representing the struc
tural condition was selected as a CAD-based system that had been 
optimized for managing marine inspection data. This model also pro
vided the necessary fidelity to support all the other planned data models 
and computational models. The advantage of the selected system is that 
it also included the lower fidelity compartment-based model for use in 
the field to collect inspection data. The advantage of using a lower- 
fidelity model for data entry in the field is the reduced computational 
requirements for loading and running the model, and the easier data 
entry, since information is tagged based on the compartment the 
inspector is in rather than having to tag it to the specific structural 
component. This aligns with existing inspection processes, and any 
findings during the inspection can be tagged to the specific structural 

Fig. 3. Example Digital Twin models: a) low-fidelity compartment model, b) high-fidelity structural component model.  

E. VanDerHorn and S. Mahadevan                                                                                                                                                                                                         



Decision Support Systems 145 (2021) 113524

9

components in the high-fidelity model by engineers in the office. These 
two models operate on a shared database, so that inspection results and 
anomalies tagged in one model are also represented in the other model 
at the appropriate fidelity which also ensures that the Digital Twin 
virtual representations remain in synch as a single representation 
instance. 

In addition to the data models, two computational models were 
implemented as part of the virtual system. The first was a set of FEA 
models, including a full-ship model and several local models of critical 
connections. These models are linked to the high-fidelity condition data 
model, so that the relevant properties can be updated as the condition 
changes. The results of the computational models can also be fed back to 
the condition data model if an anomalous condition is determined from 
the analysis. The other computational model is the hydrodynamics 
model, which is used to determine the vessel response to specific wave 
conditions. 

As previously mentioned, there were limited sensors installed aboard 
the vessel so the vessel response to the environment could not be 
measured directly. As an alternative, use of location analytics (LA) in
tegrated with non-location analytics (NLA), is employed enable spatial 
modeling of the vessel’s environmental exposure [52]. A data model of 
the vessel’s GPS position information is fused with wave exposure data 
from hindcast weather models. By creating a virtual representation of 
the corresponding environment, this data can be used with the compu
tational models in the virtual representation to determine the resultant 
loading and impact on the structure. 

The final models are the degradation process models, which provide 
virtual representations of the physical degradation processes, particu
larly coating breakdown, and corrosion. These models are data-driven 
models which use machine learning to update the computational 
model parameters based on the observed data. Developing vessel- 
specific degradation models is useful in providing forecasts of the 
future structural condition to be used in determining inspection and 
repair intervals. 

4.4. Digital Twin data interconnections 

The final component of the implementation is the set of data in
terconnections. The first interconnections are the ship-to-shore data 
exchanges for the limited sensor data and the inspection data collected 
in the low-fidelity data model. Ships often have limited bandwidth to 
exchange data, so it is often batched ashore during port visits. A data
base replication is performed during these batch data exchanges to 
ensure that the shore-based and ship-based databases are synchronized. 

The second set of interconnections is the collection of data from third 
party sources for tracking the position and weather information. This 
data is collected daily and stored in a shore-based database. 

The final data exchange is the digitizing and entry of HITL data. 
Some of this data is captured and digitized when it is input to the low 
fidelity data model. However, other sources, such as thickness mea
surements are collected by third-party contractors and must be digitized 
and entered manually in the data model. To reduce the level of manual 
effort, the data model can be used to generate a thickness measurement 
plan that is provided to the third-party contractor. After data is input to 
the provided plan, it can be automatically mapped back into the data 
model, significantly reducing the manual effort. 

4.5. Initial results and next steps 

One challenge in evaluating Digital Twins is quantifying their value. 
This is often because they align with an existing process that may pro
vide a majority of the business value and the advantage the Digital Twin 
provides is the digitalization of that process to provide further efficiency 
or automation. Also, part of the benefit provided by a Digital Twin is as a 
type of insurance, reducing risks and costs during emergency scenarios 
which may only occur in rare instances. Finally, as a Digital Twin is 

intended for use during the entire life of the asset, the accumulated 
benefits may take time to observe and quantify. 

In this case study, while the implementation has not been in use long 
enough to confirm that the primary outcomes are being achieved, the 
Digital Twin implementation has been successful in supporting the 
resolution of an observed structural design deficiency. The availability 
of the data and models enabled an efficient root cause analysis and 
supported redesign of the problem region. 

5. Digital Twin implementation challenges and opportunities 

This section highlights the challenges associated with developing 
and incorporating Digital Twins in practical applications in additional to 
some possible paths forward. Many of the enabling technologies for 
Digital Twins are in various states of advancement, progressing as a 
function of both industry need and technology readiness/maturity. 
Digital Twin solutions, driven by specific desired outcomes, are being 
pieced together based on industry need, but there are still some signif
icant challenges limiting the Digital Twin technology potential, as dis
cussed below.  

• Terminology: Consistent terminology needs to be defined to facilitate 
a common understanding and prevent miscommunication across 
multiple interacting technical domains and stakeholders.  

• Standardization: A wide range of technologies ranging from data 
collection to insight generation to decision-making need to be stan
dardized. However, the standards development process is often slow, 
resulting in slow wide-scale adoption of digital twins.  

• Organizational culture: Cooperation and collaboration in the sharing 
of data and models is required among multiple stakeholders, with 
potentially competing business objectives. Fair value, data security 
and intellectual property rights need to be ensured among the 
stakeholders.  

• Technology Maturity: Digital Twins are likely constructed from a 
patchwork of technologies and solutions from several different 
vendors. Technology development needs to prioritize technologies 
that offer the most meaningful increases in efficiency and effective
ness, considering the current technology maturity which impacts the 
timeline and cost for such development.  

• Verification and Validation: The Digital Twin is typically comprised 
of a number of different models and processes which require both 
V&V individually and as a comprehensive system. However, since 
the Digital Twin by definition is unique to the specifically modeled 
physical system, it may not be possible to validate a single instance, 
full system model. Extrapolation from individual component model 
V&V to the full system is challenging.  

• Automation: A prominent targeted outcome in many digital twin 
implementations is to reduce the manual effort through automation 
of data exchange and analysis. While development efforts are un
derway, there is still a strong reliance on human-in-the-loop as part 
of current solutions. 

Digital Twins incorporate a variety of technologies from several 
different fields. The associated development needs and opportunities 
can be related to several general categories:  

• Connecting previously unconnected data sources: Connecting data 
and models that existed in previously independent silos, with the aim 
of increasing the efficiency and speed at which asset information can 
be kept current and exchanged between these silos.  

• Development of Computational Models: Improving model accuracy 
and fidelity, reducing the model uncertainty, and development of 
artificial intelligence/machine learning models. 

• Uncertainty Quantification: Quantifying, reducing and communi
cating the uncertainties that arise in the data and models, such as 
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propagation of measurement noise and errors, modeling errors and 
approximations, and nuisance parameters in the model. 

• Improvement of Output Delivery/Visualization: Visualization tech
niques that present insights in an intuitive and interactive manner 
and support decisions, including augmented reality/virtual reality 
capabilities. 

• Improvement of Data Infrastructure and Management: Communica
tion infrastructure such as 5G, satellite communication, and 
improved network capabilities, in order to facilitate larger volume 
and higher frequency data transfer, local technologies such as 
wireless sensors, RFID, and IOT to allow greater flexibility in data 
transfer between data collection components and communication 
systems, and cloud computing for scalable and cost-efficient data 
processing and storage. 

6. Conclusion 

This paper has sought to generalize the characterization of the Dig
ital Twin and provide a consolidated definition that can be used to 
clearly classify what is and is not a Digital Twin. After providing a 
definition and characterization, the process by which Digital Twins can 
be practically implemented was discussed, highlighting the key design 
decisions and implementation strategies. This approach was explored 
through a representative case study. 

The design and implementation of a Digital Twin, including the de
tails of its components, should be driven by desired outcome(s). This will 
help to set the requirements for the required data, models, and processes 
to update the models based on the data. Digital Twin implementations 
require the incorporation of a variety of different enabling technologies, 
and bringing these technologies together is still an ongoing challenge. 
Several approaches can be considered: build a Digital Twin using 
existing commercial tools, construct a Digital Twin from commercial 
components, or a hybrid approach. 

Some of the challenges to Digital Twin implementation are technical 
in nature and can be resolved through continued research and devel
opment. Other challenges are cultural and will require disrupting cur
rent operating models and ways of thinking. The Digital Twin concept is 
clearly still evolving, as seen in the diversity of new industries and use 
cases that Digital Twins are being applied to. This continued concept 
evolution is also apparent in the lack of concrete examples demon
strating the clear benefits of Digital Twins in practice. Despite the con
cept’s popularity, this has raised questions regarding the technology’s 
ability to provide tangible improvements over existing processes. 
Answering these questions will require successful demonstrations of the 
technology’s value. 
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