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Abstract: Construction 4.0 is witnessing exponential growth in Digital Twin (DT) technology
developments and applications, revolutionizing the adoption of Building Information Modelling
(BIM) and other emerging technologies used throughout the lifecycle of the built environment. BIM
provides technologies, procedures, and data schemas representing building components and
systems. At the same time, DT enhances this with real-time data for cyber-physical integration,
enabling live asset monitoring and better decision-making. Despite being in the early stages of
development, DT applications have rapidly progressed in the AEC sector, resulting in a diverse
literature landscape due to the various technologies and parameters involved in fully developing
the DT technology. The intricate complexities inherent in digital twin advancements have confused
professionals and researchers. This confusion arises from the nuanced distinctions between the two
technologies, i.e,, BIM and DT, causing a convergence that hinders realizing their potential. To
address this confusion and lead to a swift development of DT technology, this study presents a
holistic review of the existing research focusing on the critical components responsible for
developing DT applications in the construction industry. The study identifies five crucial elements:
technologies, maturity levels, data layers, enablers, and functionalities. Additionally, it identifies
research gaps and proposes future avenues for streamlined DT developments and applications in
the AEC sector. Future researchers and practitioners can target data integrity, integration and
transmission, bi-directional interoperability, nontechnical factors, and data security to achieve
mature digital twin applications for AEC practices. This study highlights the growing significance
of DTs in construction and provides a foundation for further advancements in this field to harness
its potential to transform built environment practices.

Keywords: bi-directional interoperability; Building Information Modelling (BIM); Construction 4.0;
digital transformation; digital twin (DT); DT advancements; DT technologies; holistic review

1. Introduction

The Digital Twin (DT hereafter) technology, a game-changing technology in the Industry 4.0 era,
is capturing the interest of both industry practitioners and academics from across industries. DT
offers the ability to generate real-time virtual representations of physical objects through the
integration of live data from sensor devices and operational systems, allowing for ongoing
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monitoring, analysis, and optimization processes throughout the entire lifecycle of the physical asset
[1]. According to a Gartner survey conducted in 2019, 75% of Internet of Things (IoT) organizations
will use or intend to utilize DT technology by 2020. More than 40% of large enterprises globally are
expected to employ this technology in their projects to boost revenue by 2027 [2]. The market share
of DT is increasingly overarching, as mentioned in several market reports; for instance, an increase
of $24.8 billion from 2020 to 2025 at a compound annual growth rate of 39.5% [3], up to approximately
$32 billion between 2021 and 2026 [4], and grow from $8 billion in 2022 at around 25% compound
annual growth rate between 2023 and 2032 [1]. Collaboration between business and technology
executives is vital for developing future-ready organizations, sustaining long-term and profitable
client relationships, and achieving widespread adoption of technology across businesses, which
requires optimizing physical operations, linking digital technologies with physical items, and
merging hardware and software elements.

The term “Digital Twin” is relatively new in the construction industry and represents a cutting-
edge technology that is rapidly revolutionizing the sector. It involves replicating various aspects of
physical products, built assets, processes, or services in a digital space, providing engineers and
practitioners with feedback from the virtual world. DT technology enhances processes and
performance in built environment practices, enabling architecture, engineering, and construction
(AEC) firms to quickly identify and address physical problems, design superior products, and realize
value and advantages more efficiently than feasible [5]. In contrast, Building Information Modelling
(BIM) technology has gained widespread adoption over the past few decades. It provides a mature
3D digital representation of assets, encompassing geometric and semantic information [6-8]. BIM
allows collaboration between various project stakeholders in the AEC sector and extends its adoption
throughout the building life cycle management, including the design phase [9], planning [10],
construction [11], and facility operations and management phases [12, 13]. Recent years have
witnessed an increased adoption and advancements of digital technologies, such as Artificial
Intelligence (Al) agents (such as data analytics, machine learning, deep learning, etc.), the Internet of
Things (IoT), and extended reality (XR) technologies (such as Mixed Reality (MR), Augmented
Reality (AR), and Virtual Reality (VR), and everything in between), in the AEC sector. These
innovations have profoundly influenced the digital transformation of the construction industry. To
effectively compete in this evolving landscape, the growth of BIM needs to be carefully structured to
consider people, processes, and the development of these technologies in an increasingly
interconnected world [14].

1.1. From BIM to Digital Twins in the Construction Industry

Construction 4.0 demands promises of enhanced efficiency, collaboration, and innovation,
which could be relied on by the paradigm shifts of the construction industry’s transition from
conventional BIM to rigorous DT. While BIM methodologies have laid the bases for digitizing
construction processes, DTs offer a more comprehensive and dynamic approach that addresses the
limitations of former technology and aligns with the demands of Construction 4.0 and Industry 4.0.
Even though BIM and DT are essential components of this transition, this evolution is not without its
complexities and challenges. BIM has become well-established in the construction industry, with
numerous standards, application technologies, and flexible, extensively defined frameworks [15].
However, leveraging dynamic real-time data, big data, IoT, and Al poses significant challenges for
BIM. These technologies have been seen as potential solutions to automate processes and incorporate
broader environmental contexts in the construction industry [16]. On the other hand, the emerging
concept of digital twins holds significant potential to extend beyond BIM and enable the digital
transformation of the entire construction life cycle [17]. However, DT remains in its early stages of
development [18]. While digitalization transforms AEC processes and improves efficiency through
digital technologies, notable obstacles still exist. Thus, the strengths of BIM and DT, or harnessing
BIM's fundamental capabilities to extend the capacities of DT beyond those of BIM, might be ways
forward. For example, a study by [19] proposed a framework for adopting BIM to automate and
minimize manufacturing processes, addressing flaws in the digital twin model called BIM Digital
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Object (BDO). Another study [20] mixed the terms by mentioning that digital twin (DT) and BIM are
now employed in the construction sector as a digitization technique. Some researchers, such as [18],
view DT as a crucial 3D representation of assets that facilitates better operation and maintenance
tasks. They also predict that DT's data and information storage capabilities will require object-based
graph networks maintained through cloud services. Other studies [21-24] attempt to combine both
technologies and explore the potential of leveraging BIM to develop DT. However, DT technology
encompasses multiple systems, IoT devices, and networks for data collection and analytics,
introducing complexity that differentiates it from BIM and extends its capabilities.

1.2. Composition of Digital Twins

The development and evolution of the DT concept in the construction sector encompass a range
of critical technologies, components, and core elements that collectively enable the creation and
utilization of dynamic virtual replicas of physically built assets. Several crucial components,
including BIM technology, contribute to the DT technology development, enabling its full potential
to automate and optimize AEC operations. These components evolve alongside advancements in
digital technology, data analytics, and connectivity, shaping how DTs are employed in construction
practices. While the static nature of BIM models often leads to underutilization of data, ineffective
decision-making, and inefficient practices, it serves as a starting point for the advancement of digital
twins in the construction environment. DT technology continues to evolve in the construction sector,
relying on various base components, such as technologies, maturity levels, data layers, and
functionalities, depending on the specific application. In their work, Attaran, et al. [25], [1] highlight
four primary technologies—Internet of Things (IoT), Artificial Intelligence (Al), Cloud Computing,
and Extended Reality (XR)—used for real-time data collection, information extraction, and the
development of digital representations. Another study by Qi et al. [5] presents a 5-dimensional model
for the cutting-edge technology of DT, emphasizing its complex systems and lengthy processes that
have yet to realize their full potential. Song, et al. [22] recently decomposed the complexity and
maturity of DT in terms of the information level derived from collected digital data. They provide a
numerical characterization and representation of information maturity across five levels, including
Digital Mirror, Digital Shadow, Digital Twin, and Cognitive and Autonomous DTs [26]. Hence, the
development and evolution of DT technology in the AEC sector hinges on a multidisciplinary
approach that comprises numerous parameters and components. It is essential to summarize these
fragmented components clearly, reducing confusion and complexity and promoting a better
understanding of DT elements among industry professionals and academia.

1.3. Widespread Adoption of Digital Twins in the Construction Industry

DT technology works as a digital representation that mimics real-world objects using causality,
virtualized sensing, material qualities, and the laws of physics. This technology and its applications
in the AEC sector have garnered significant attention from industry and academia, driven by rapid
digital transformation across various industries. The AEC sector's fast-paced adoption of the
digitalization [27], including DTs, is observing a phenomenal surpass from BIM to DTs because of
their transformative potential and a paradigm shift toward data-driven decision-making. As such,
the widespread expansion in DT applications in the construction industry is beyond BIM's
capabilities, which provide real-time insights, continuous monitoring, and dynamic simulations
throughout an asset's lifecycle. For instance, DTs can support iterative design and simulation through
the project's lifecycle, unlike the BIM’s static representation of the built asset [28]. BIM can be linked
with operations and maintenance information for real-time data-driven applications in the facilities
management (FM) practices during a building’s life cycle, which is usually a costly and time-
consuming approach for large-scale built assets [29].

On the other hand, DTs enable continuous monitoring of assets through numerous embedded
sensors, allowing real-time data collection on various aspects of infrastructure facilities. This
proactive approach of DTs to real-time monitoring and maintenance ensures timely interventions
and minimizes downtime [30, 31]. In the case of the operational optimization [32-34], DTs enable real-
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time optimization of operations by analyzing data streams from sensors and adjusting parameters in
real-time, thus enhancing the performance of building units. During the current era of digital and
green shifts in the built environment, resource consumption, and utilization are better monitored by
DTs, allowing for data-driven optimization of energy, material usage, and water, which supports
sustainability goals by identifying areas for improvement [20, 35]. It could be argued that the
widespread applications of DT technologies in the construction industry are beyond the static BIM
representations by offering continuous monitoring, predictive capabilities, real-time optimizations,
and a holistic understanding of assets throughout their lifecycles. Therefore, the expanding
capabilities of DTs hold great potential for improving information management and decision-making
in construction practices, leading to enhanced efficiency in construction and asset management
operations.

1.4. Research Significance

The increasing complexity associated with DT necessitates a comprehensive understanding of
its major components to enable practical contributions from researchers and practitioners toward its
ongoing development. While a few studies have attempted to address this need by summarizing DT
applications and components, they either focused on a single DT component or took a broad
perspective encompassing multiple industries. For instance, Ozturk, G. B. [36] conducted a
bibliometric analysis of digital twin research in the AECO-FM industry, providing a general overview
of state-of-the-art DT applications. Liu, et al. [34] reviewed DT concepts, applications, and
technologies, with a primary focus on summarizing DT applications across different industrial
phases. Deng, et al. [37] presented a taxonomy of BIM to DT development levels within specific
applications and domains, such as construction processes, building energy performance, and indoor
environment monitoring, thereby limiting the scope of their critical review. In a recent study [38], a
holistic review of DT technologies and their applications in the construction industry was conducted.
The study also aimed to clarify the differences between BIM and DT and provided an extensive
overview of emerging technologies used in DT development, albeit with a significant focus on digital
data modeling and transmission domains. However, the previous review studies have yet to achieve
a comprehensive view of the key components of DT technology and its applications in the
construction industry, which is the primary objective of this paper. Furthermore, the current
advancements in DT technology present significant technological challenges that warrant further
emphasis from a research standpoint.

This study aims to comprehensively examine and summarize the current literature about the
development and application of DT technology in the construction sector. The research focuses on
five significant components: technologies, maturity levels, data layers, enablers, and functionalities. To
ensure a thorough exploration of the existing literature, a step-by-step mixed method is employed,
utilizing keyword-based searches in various databases. The retrieved research articles are then
subjected to content analysis to refine their relevance to the study. Additionally, this paper aims to
contribute to existing research by providing an in-depth perspective on DT applications and the
constituent parts that comprise their capacity. This includes elucidating how modeling, simulation,
monitoring, and visualization tools are integrated with DT to form its fundamental elements.

1.5. Research Questions and Objectives

This systematic literature review primarily focuses on exploring the answers to the following
research questions (RQs):

e (RQ:) What are the key components and elements responsible for developing and evolving the
digital twins’ concepts and applications in the construction industry?

¢ (RQ:2) What are the existing research gaps and future avenues for research on digital twins in the
construction sector?

To answer these research questions, the scope of this study was narrowed down to address the
following research objectives (ROs).
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¢  (RO») To systematically analyze the status of research on digital twin developments.

e (RO To clarify the concepts and enhance understanding of key components and elements of
digital twins in construction.

e (RO:s) To structure the key constituents that help develop digital twins and their applications in
the AEC sector.

¢ (ROs) To identify research gaps in the existing literature and recommend potential avenues for
future research efforts.

2. Materials and Methods for Literature Review

This study employs the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) approach to retrieve pertinent research records. Subsequently, it conducts a systematic
literature review to analyze these records. The primary focus of these steps is to discern the key
components that contribute to the evolution and advancement of digital twin technology and its
applications in the construction sector. These steps are further complemented by the categorization
of research records based on key components encompassing the development and application of DT
technology in the construction sector. As such, the mixed methodology follows a step-by-step holistic
approach [39], incorporating both quantitative and qualitative analyses of available research
materials. This approach addresses previously unanswered review questions while resolving
overlapping and complementing issues. The search process is limited to a specific period from 2010
to 2023, as there were minimal publications on digital twins in the AEC sector domain before 2010.

2.1. Classification and Scope Criteria

This study's primary literature classification criteria are based on pertinent digital twin research
techniques, with the primary goal being to clarify the understanding of the DT concept and its
applications in the AEC industry. The research method deconstructs, classifies, and summarizes the
key components and elements that contribute to the evolution and development of Digital Twins.
These "key components and elements" are essential constituents for DT development and form the
significant contribution of this study. Technologies, maturity levels, data layers, enablers, and
functionalities are identified as these key components and elements. While some other technologies
and tools can enable DT development, such as hardware, devices, cameras, and robots, which aid in
understanding the physical entity, they are beyond the scope of this study. DT use cases and
applications extend to various industries, including manufacturing, automotive, utilities, agriculture,
healthcare, and mining. However, this study focuses explicitly on DT applications in the AEC sector
and how their development contributes to improving overall productivity through digital
transformation.

2.2. Literature Retrieval and Review Process

The choice of literature search method, which enables an impartial and repeatable review,
significantly influences the outcomes of systematic reviews [40]. This is particularly crucial for
emerging topics like DT in the AEC sector, where digital transformation is accelerating. This study
adopts a systematic review approach to provide a rigorous overview of the state-of-the-art research
on critical elements and components of DT development and its applications in the AEC sector.
Similar to previous studies [41],[42],[43], this study aims to explore and understand DT research via
the PRISMA technique. Figure 1 represents a step-by-step process for literature retrieval from
popular scientific research databases, including Web of Science (WoS), Scopus, Taylor and Francis,
IEEE Xplore, Springer, and ASCE Library. The authors employed specific search strings on these
databases to find relevant research on DTs, as Google Scholar is not suitable for systematic reviews
[44].
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Figure 1. A step-by-step PRISMA approach for retrieving, filtering, and finalizing the research articles
based on the research objectives. (Figure source: authors).

Step 1) Literature Retrieval: The meticulous search queries used were as follows: (“digital twin”
OR “digital twins” OR “virtual twin” OR “digital replica” OR “virtual counterpart” OR “cyber-
physical system”) AND (“development” OR “evolution” OR “key technologies” OR “key
components” OR “key elements” OR “applications”) AND (“construction engineering” OR
“construction” OR “construction sector” OR “AEC industry” OR “construction industry” OR
“construction engineering and management”). These queries aimed to retrieve articles published in
the DT research field between 2010 and June 2023, covering a substantial number of articles in this
research area. Initially, the Scopus database was targeted for the search, followed by other databases,
leading to 885 research records. After employing a screening process for titles and abstracts, applying
inclusion and exclusion criteria, and removing duplicate and extraneous documents, 110 documents
were included in the systematic review.

Step 2) Literature Filtering: This step involves thoroughly reading each article, starting from the
abstract and continuing through the introduction and conclusions. This process aimed to identify
publications that define the three classes of digital twins: digital model, shadow, and twin. Statistical
analyses of the current research state are presented through various graphs and tables.

Step 3) Literature Classification: The final step involves determining the five critical
components of DT development and its applications in the AEC sector and classifying the research
records accordingly. These categories encompass the technologies, maturity levels, data layers, enablers,
and functionalities (further elaborated in the findings and discussions section). Table 1 briefly
summarizes the steps involved in reviewing available research on DT developments and applications
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in the construction industry, including search strings, filtering, inclusion and exclusion, and
categorization.

Table 1. Parameters and conditions involved during the literature search for review.

Web of Science (WoS), Scopus, Taylor and Francis, IEEE Xplore, Springer, and
ASCE Library

(“digital twin” OR “digital twins” OR “virtual twin” OR “digital replica” OR

“virtual counterpart” OR “cyber-physical system”) AND (“development” OR

“evolution” OR “key technologies” OR “key components” OR “key elements”

Source Databases

Search String OR “applications”) AND (“construction engineering” OR “construction” OR
“construction sector” OR “AEC industry” OR “construction industry” OR
“construction engineering and management”)
Time-period Restriction 2010-2023
Article Types Journal, Conference Paper, Book Chapter, Review
Language Restriction English
Included Subject Areas Engine.ering, .Computer. S.cience., Energy, Mathematics, Environmental Scie.nce,
Materials Science, Decision Sciences, Business, Management and Accounting
Social Sciences, Earth and Planetary Sciences, Chemical Engineering, Medicine,
. Economics, Econometrics and Finance, Arts and Humanities, Agricultural and
Excluded Subject Areas . . . . . . . .
Biological Sciences, Neuroscience, Chemistry, Biochemistry, Genetics and
Molecular Biology
Work Area/Industry Construction Industry, AEC Sector, Civil Engineering

3. Data Extraction and Current State-of-the-art Analysis

This study adopts a mixed methods approach, combining quantitative and qualitative analyses
to address the research objectives. After analyzing the content of research documents and eliminating
irrelevant literature, 110 papers were included in the systematic review. The objective was to identify
key components and elements contributing to the development and evolution of DT technology in
the AEC domain. The study identifies the following five fundamental components and their sub-
categories, representing the current state of DT technology advancements in the subject matter:

L Technologies are comprised of the Internet of Things (IoT), Artificial Intelligence (AI), Cloud
Computing, and Extended Reality (XR).
II. Maturity Levels are comprised of Pre-Digital Twin, Digital Twin, Adaptive-Digital Twin, and
Intelligent-Digital Twin.
11 Data Layers are comprised of the Data Acquisition Layer, Data Transmission Layer, Digital
Modeling Layer, Data/model Integration and Fusion Layer, and Service Decision-Making

Layer.

1V. Enablers are comprised of the Physical Entity, Virtual Model, Data, Smart Service, and
Connection.

V. Functionalities are comprised of Simulation, Visualization, Prediction, Optimization, and
Monitoring.

These key components are classified based on their significant contribution to the rapid
advancement of DT capabilities and their potential to revolutionize the construction industry,
addressing critical challenges. Table 2 further provides a summary of some of the eligible articles
corresponding to each identified component and its sub-category.
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Table 2. Summary of some research articles corresponding to each identified vital component of the

DT development.

No Key Components

Description

Corresponding Literature

I Technologies

11 Maturity Levels

111 Data Layers

v Enablers

A\ Functionalities

The core technologies that help develop the
interaction of DT with real-world physical
entities are: the Internet of Things (IoTs), Artificial
Intelligence (Al), Cloud Computing (CC), Extended
Reality (XR)

The basic levels of DT maturity have specific
purposes and scope to help in decision-making
throughout the system’s lifecycle: Pre-Digital
Twin, Digital Twin, Adaptive-Digital Twin,
Intelligent-Digital Twin

Data is the core of DT integration and fusion of
the virtual model, and data flows in layers
between systems: Data Acquisition Layer, Data
Transmission Layer, Digital Modeling Layer
Data/model Integration and Fusion Layer, Service
Layer

Five fundamental entities are responsible for
promoting and enabling the DT functioning;:
Physical Entity, Virtual Model, Data, Smart Service,
Connection

A variety of functionalities are carried out with
DT employment; however, the crucial ones for
the AEC sector applications over the product
lifecycle are: Simulation, Visualization, Prediction,
Optimization, Monitoring

[45], [1], [25], [46], [21], [47],
(48], [49], [50], [51], ([52],
(53], [54], [55], [56]

(2], [571, [33], [22], [26], [58],
[34], [59], [60], [61], [62]

[63], [64], [65], [66], [35],
[67], [68], [69], [70], [71],
[72], [56]

(73], [22], [38], [74], [3], [75],
[45], [76], [77]

[32], [78], [79], [65], [66],
[35], [20], [23], [36], [68], [5],
[71], [17], [76]

The widespread adoption and integration of digital technologies, such as Al, IoT, big data

analytics, machine learning, additive manufacturing, robots, and digital twins, have given rise to the
current era of Industry 4.0 [80]. During its evolution, DT technology has played a crucial role in
shaping the future of autonomous construction operations, fostering efficiency, flexibility, and
sustainability [81]. Notably, NASA's adoption of DT-based solutions for the development of complex
vehicles and aircraft has led to various definitions of the technology applied across industries. Tao,
et al. [82] has reasonably explained the evolution of DT technology over the past few years, starting
from the early concept of Grieves up to the 5-D DT model, as shown in Figure 2.

o P

* DTS was

012

* A DT concept * NASA * Grieve

was * Subtype models d_eﬁned "'fe * DT was listed as a offgred 2 * Siemens prgposed at * A5-D DT model
(p;rgposed by for mirrored ?;%:;2' '{wm key technology by Wh';pap er adopted Be'_ha"g was proposed at
feves spaces were P NASA and the US on Industry 4.0 niversity Beihang

differentiated Air Force DT University

= =

Figure 2. Evolution of the Digital Twins concept over the past few years as evaluated from the existing
studies [78, 82-84]. (Figure source: authors).

In the context of the AEC sector, understanding the classification of DT into different classes
based on integration and connectivity levels between physical and digital representations is essential.
Kritzinger, et al. [58] proposed three sub-classes for DT, providing a clearer understanding: the
Digital Model (DM), similar to BIM competencies in the construction industry; the Digital Shadow
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(DS), where real-time data is automatically transmitted from the physical asset to its digital
representation; and the Digital Twin (DT) as a DM with bidirectional automatic data exchange
between the physical asset and its digital counterpart. While the original three-dimensional digital
twin model defined by Grieves [83] remains prevalent, expanding application requirements have
given rise to new trends and demands. DT has extended its reach beyond military and aerospace
domains into civilian sectors [85], leading to diverse service demands from various fields and
businesses with different objectives. DT has been characterized in multiple ways, such as a “digital
representation” [86], “realistic model” [87], “virtual prototype” [59], “structure of inter-connected
digital replicas” [4], and “dynamic virtual model” [88] that captures the characteristics and behavior
patterns of a system in the physical world. DT technology, coupled with other emerging technologies
like Sensors, IoT, AI, ML, and XR, can sense real-life experiences in the physical world. Several studies
have summarized DT definitions in various industries, including AEC practices, to clarify further
and highlight the concept as presented in Table 3.

Table 3. Definitions of the digital twin concept from the literature to help clarify it from various
perspectives and applications.

Corresponding Year Key Point in the

DT-Definiti
Study Study ehnition

A digital twin is a comprehensive simulation of a
vehicle or system, integrating multi-physics multi-
) ) scale aspects and leveraging the best available
[89] 2010 Integrated simulation .
physical models, sensor updates, and past
operational data to mirror the life of its real-world
counterpart.
A Digital Twin is a simulation of an as-built system
Ultra-high-fidelity that seamlessly mirrors its real-life counterpart by
[78] 2012 . . . .
model incorporating models, sensors, and other intelligent
devices.
Digital Twin is a life management and certification
paradigm integrating as-built vehicle states, as-

High-fidelity experienced loads and environments, and another

90 2014
(0] modeling

vehicle-specific history into models and simulations.
This approach enables high-fidelity modeling of
individual aerospace vehicles throughout their
service lives.

The Digital Twin comprises a physical entity existing

. . . in the real environment, a virtual representation
Lightweight virtual

84 2015
[84] model

existing in the digital domain, and information
connectors bridging the real and virtual
counterparts.
The term “Digital Twin” typically refers to highly
(87] 2015 Realistic model realist.ic models of the' current pr?cess state and their
behaviors as they interact with the real-world
environment.
Functional The Digital Twin is a virtual representation of a
[91] 2016 description of a component, product, or system that benefits the
product entire lifecycle of the entity.
Digital twins are virtual substitutes for real-world
objects, embodying virtual representations and
[92] 2016 Virtual substitutes communication capabilities. These smart objects
function as intelligent nodes within the Internet of

Things and services.
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(93]

(86]

[59]

[97]

[100]

[101]

2016

2017

2017

2017

2018

2018

2018

2019

2019

2020

2021

2021

2021

Advancement in
modeling, simulation,
and optimization

Multi-disciplinary
replica

Virtual equivalent

Digital representation

of an asset

Virtual product data

Product mirror and
Digital counterpart

Multi-level digital
layout

Updated virtual
instance

Data mapping

Virtual entity

Twin of physical

entity

Mirror world

Real-time digital
representation

10

Digital twin represents one of the imminent major
advancements in modeling, simulation, and
optimization technology.

The Digital Twin serves as a virtual representation of
a production system, capable of synchronization
with the actual system through real-time data sensed
from connected smart devices.

The Digital Twin is a set of virtual information
constructs that fully describe a physical product.

A Digital Twin is the digital representation of a
distinct asset (such as a product, machine, service, or
intangible asset) encompassing its properties,
condition, and behavior using models, information,
and data.

The components of a complete Digital Twin include
a physical entity, a virtual counterpart, a connection
linking the physical and virtual counterparts, as well
as data and services.

The Digital Twin is a digital counterpart of a
physical object.

The Digital Twin of a physical entity encompasses
layers of data, including information about the
product itself, the processes involved, and the
resources within its operational environment.

A digital twin is a virtual representation of a physical
system (twin) that continuously updates its
performance, maintenance, and health status data
throughout its entire life cycle.

Digital Twin refers to a virtual object or a collection
of virtual entities defined within the digital virtual
space, establishing a mapping relationship with real-
world objects in the physical space.

A cyber-physical system comprises of both a
physical entity and a cyber entity in the form of a
Digital Twin.

Digital Twin is an innovative concept that strives to
create a virtual counterpart of a physical entity in the
digital world.

Digital Twin is an approach that establishes a
bidirectional connection between a physical system
and its virtual representation, enabling the
utilization of Artificial Intelligence and Big Data
Analytics.

Digital Twin is a real-time digital representation of a
physical building or infrastructure. Typically, on-site
sensors continuously monitor changes within the
building and its environment, providing data to
update the BIM model with the latest measurements
and information.

doi:10.20944/preprints202311.0244.v1

Unlike other industries, the AEC sector has experienced a reported 1% annual growth rate over
the past two decades, with digitization and innovation being key drivers to enhance productivity
[102]. Yet, the adoption of digital twins in research academia was initially slow until the middle of
the 2020s, based on the yearly trend of retrieved publication records. However, since 2017, there has
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been a significant surge in academic articles on the topic of DT, indicating a rapid embrace of the
concept by academics and practitioners across industries. Figure 3 illustrates the total number of
articles returned using the search string explained in Step 1 of the literature retrieval process,
compiled from various databases. Moreover, after applying inclusion and exclusion criteria, Figure
3 compares the final documents using the (TITLE+ABSTRACT+KEYWORDS) strategy to refine the
search results further, focusing on relevant articles. Notably, DT applications in the AEC sector are
still in their early stages. They have yet to mature throughout the entire lifecycle of built assets,
including the design, construction, operations, and maintenance phases. Until 2019, literature on DT
concepts and paradigm shifts in the AEC sector remained scarce. However, the unexpected surge in
DT adoption within the AEC industry by research and practice reflects the technology's transition
from infancy to rapid development. The AEC sector increasingly embraces digital transformation to
enhance productivity and remain competitive among other innovative industries.
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Figure 3. Summary of the number of total papers retrieved about the Digital Twin research using the
defined literature-search strategies. (Figure source: authors).

Figure 4 provides a status analysis of publication records, highlighting the top journals that
published the most digital twin research among articles initially obtained using the search string.
Approximately 16% of the initially retrieved publications were published in the Automation in
Construction journal, known for its leadership in publishing articles focused on employing digital
technologies in the AEC sector. This journal also contributed the most significant percentage of
finalized articles, accounting for nearly 25% of all publications. Other top journals with a relatively
higher number of relevant publications include the Journal of Cleaner Production, Journal of Building
Engineering, Advanced Engineering Informatics, IFAC-PapersOnLine, Energy and Buildings, International
Journal of Construction Management, and Construction Management and Economics.
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Figure 4. The number of total research papers appeared in major journals using the defined literature-
search strategies. (Figure source: authors).

Figure 5 presents an analysis of the distribution of retrieved research records among different
disciplines and research domains within the subject matter. Most publications, approximately 34%
of the retrieved results, are found in Engineering, followed by Decision Sciences at 19%, Computer
Science at 11%, Energy at 9%, and Business Management and Accounting at 7%. Due to its ability to
integrate with the systems throughout the asset's life cycle, DT technology plays a crucial role in
decision-making for various aspects of built assets, such as planning, scheduling, energy,
sustainability, and cost management. Additionally, DT research has primarily focused on the
engineering and computer-centric domains compared to the social sciences and general management
domains. This trend can be attributed to the resources and techniques established in these disciplines,
which are well-suited for digitalization and automation.

Earth and Planetary Construction Building Technology
Sciences 1% Others
1% 4%

Materials Science
2%

Social Sciences
3% Engineering
34%
Business,
Management and
Accounting
7%

Environmental Science
9%

Energy

Decision Sciences
19%

Computer Science

11%

Figure 5. Distribution of retrieved research papers among different research disciplines. (Figure

source: authors).


https://doi.org/10.20944/preprints202311.0244.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 November 2023 doi:10.20944/preprints202311.0244.v1

13

4. Findings and Discussions

This study identifies five key elements and components from the literature that contribute to the
development and evolution of DT technology and its applications in the construction sector. The
explicit representation of these key elements and components can be seen in Figure 6, demonstrating
their significance in facilitating the advancement of DT and its increasing use in the AEC sector.

\_ + Internet of Things (IoTs)

+ Simulation
+ Visualization + Artificial Intelligence (AI)
+ Prediction + Cloud Computing

+ Optimization + Extended Reality (XR)

* Monitoring

) The Physical ~

Physical Entity + Pre-Digital Twin

+ Virtual Model + Digital Twin
+ Data + Adaptive-Digital
* Smart Service Twin
+ Connection + Intelligent-Digital
Twin

DATA LAYERS

3

+ Data Acquisition Layer

+ Data Transmission Layer

+ Digital Modeling Layer

+ Data/model Integration and
Fusion Layer

+ Service Decion-making Layer

Figure 6. Identified key components of the DT technology development and evolution for
applications in the AEC sector. (Figure source: authors).

4.1. Technologies

According to research by Attaran et al. [1], DT combines four fundamental technologies (Figure
7) to collect and store real-time data, gather critical information to provide insightful data, and
produce virtual representations of physical objects.

IoT can provide real-time data on the asset
while simultaneously providing the capability
to filter that data

Internet of
Things (loT)

planning and data-backed decision-making,
Extended
Reality (XR)
(65))
Bupndwon
sum eybip Jo
suonesado sy} Aq pajeseush ejep jo sjunowe

" The Physical

and automated monitoring

obie| Bupioys 10} wiopeld e sepiroid 9O

Artificial

Al can assess data from sensors on a
building's physical systems or components

Figure 7. Core technologies encompassing the Digital Twin applications in the construction industry.
(Figure source: authors).


https://doi.org/10.20944/preprints202311.0244.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 November 2023 doi:10.20944/preprints202311.0244.v1

14

4.1.1. Internet of Things (IoT)

This study highlights the Internet of Things (IoT) as a crucial component at the core of every DT
application across various industries, serving diverse use cases. IoT facilitates the connection of a vast
network of objects, people, and their interactions. By 2027, more than 90% of IoT platforms are
projected to possess Digital Twinning capabilities, collecting data from real-world objects to create
digital replicas for analysis, manipulation, and optimization [1, 25]. The real-time virtual
representations are continuously updated with data. Integrating IoT and DT in Construction 4.0
applications revolutionizes various data exchange processes in the AEC sector. IoT contributes to
expanding data volume, while DT utilizes this data to create digital representations, enabling
analysis, manipulation, and optimization. This integration leads to advancements in predictive
maintenance, fault detection, and other aspects during the facility management phase of built assets,
offering better visibility, predictive maintenance, and machine behavior analysis.

The profound integration of big data and IoT with DTs has established an efficient network for
two-way data transmission between physical and digital objects, enhancing automation flexibility,
manufacturing efficiency, and productivity throughout the building's lifecycle. Regarding smart
building applications in the AEC sector, IoT plays a fundamental role in unlocking the potential of
smart buildings by connecting sensing and actuating devices, enabling information sharing and
innovative applications. It leverages standard protocols and the convergence of devices, sensors, and
actuators, which contributes to creating DTs for intelligent building analytics and decision-making.
Furthermore, integrating BIM-based DT capabilities with IoT data sources provides a comprehensive
view of assessing the performance of building units [70]. DT high-dimensional models offer high-
fidelity representations, while IoT data provides real-time updates from construction processes and
operations, including sensor data such as positioning and physical measurements [103]. Accessing
both data sources is possible through interfaces, APIs, customized plugins, and open standards. This
integration empowers stakeholders to make informed decisions and enhances project efficiency and
performance. Thus, integrating IoTs with DTs holds promising revolutions in the construction sector
in which the former provides real-time data that enriches the accuracy and functionality of the latter.
However, varying data formats and protocols on a daily basis in the digital world could cause
challenges in this integration, and seamless scalability and efficient data management become vital
concerns.

4.1.2. Artificial Intelligence (AI)

The rise of DTs aligns with the growing trend of digitization and data-driven decision-making
in the construction industry. This study explores the industry's increasing focus on data-centric
approaches facilitated by technologies like Al and ML, resulting in the development of smart
buildings and cities that optimize performance, sustainability, and user experience. The fusion of Al
with DT applications amplifies the potential of both technologies in the construction sector. AI and
DT technologies have become crucial elements in the ongoing digital transformation of the
construction sector [22]. Al, which simulates human intelligence, constitutes a core component of
DTs, providing advanced analytical tools to analyze data and offer valuable insights [50]. Al-driven
DTs can decode complex AEC processes and systems, facilitating decision-making and monitoring.
They can make predictions and provide suggestions to mitigate potential problems. Al encompasses
various disciplines, including robotics, image recognition, and language recognition, and leverages
techniques such as neural networks, machine learning, deep learning, and expert systems to assist
DTs in automatically analyzing data, predicting outcomes, and offering suggestions [49].

In the context of the AEC sector, Al implementation is still in its early stages but holds great
potential to revolutionize building construction and maintenance. Its application focuses on creating
intelligent buildings that respond to human and organizational needs, while machine learning
algorithms can analyze sensor data from a building's components, enabling quick problem diagnosis.
Digital twins, with the aid of Al will continue to evolve, efficiently processing vast amounts of data.
Al's capabilities enable accurate predictions and proactive responses to unexpected circumstances
during development or after project completion, enhancing reliability, performance, and cost control
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throughout the lifecycle of structures and systems. Additionally, autonomous robots can perform
repetitive tasks accurately, reducing labor costs [104]. These technologies present opportunities to
improve project planning and execution, minimize operational risks, and provide predictive insights
for construction activities. In the context of the fourth industrial revolution, particularly in the
construction industry, Al connects the physical and virtual worlds, contributing to developing the
DT maturity [80]. Sophisticated AI/ML algorithms effectively learn from big data, enhancing
productivity through quick and accurate data analysis. As a result, Al has garnered significant
attention across industries, including AEC. It is a fact that Construction 4.0 practices rely primarily
on the availability and quality of the data; thus, the accuracy and efficacy of Al-driven DTs depend
heavily on the data integrity that is being ingested. Therefore, the successful integration of both
technologies hinges upon a rigorous understanding of both creating and utilizing high-quality data
to revolutionize construction industry practices.

4.1.3. Cloud Computing (CC)

This research underscores the significant role of Cloud Computing (CC) technology in the
development and evolution of DT technology, especially within the construction sector's
Construction 4.0 revolution. CC enables efficient storage and access to real-time data collected
through IoT sensors deployed on built assets. The continuous data collection and storage over the
internet are key advantages of CC, which have resulted in significant cost reductions in design,
emulation, scheduling, analytics, and simulation services within the built environment [100]. The
combination of CC and IoT has facilitated remote monitoring and training of specific construction
and maintenance processes, with high-fidelity virtual representations adapting to real-time changes
in the physical environment. Edge computing can be employed for data preprocessing before
transmission to the cloud server to handle the massive volumes of data generated by DT-based
devices in smart buildings [70]. This preprocessing step helps manage the data efficiently and ensures
a seamless flow between physical devices and cloud servers.

As a core component of the DT, CC goes beyond the information flows defined by BIM
standards, as it incorporates object-based graph networks stored using cloud services for data and
information storage [105]. This integration enables AEC stakeholders to capture and analyze real-
time information from various sources, including sensors, IoT devices, and other data sources. The
cloud's storage and processing capabilities are critical in creating accurate digital replicas of physical
assets, forming the foundation of digital twins. Moreover, the computational resources provided by
cloud-based digital twins enable complex simulations, data analytics, and artificial intelligence
algorithms for predictive and prescriptive analysis [65]. Beyond efficient processing, cloud-based
digital twins also support collaboration and information sharing across distributed teams. AEC
professionals can access and update digital twin models from anywhere, facilitating seamless
collaboration and decision-making. The construction stakeholders usually leverage cloud
infrastructures to securely store and access vast amounts of real-time data from IoT sensors and
various sources and analyze and update digital twins remotely, fostering collaboration and enabling
real-time decision-making. Several examples of cloud databases used in AEC applications include
Internet my openHAB cloud, Google Cloud Platform, web database, BIM cloud database, Azure
Microsoft, Alibaba cloud server, and Amazon Web Services (AWS) DynamoDB, among others [106].
However, data privacy and security and the continuous reliability of cloud infrastructures are crucial
for maximizing real-time analytics through cloud-enabled DTs.

4.1.4. Extended Reality (XR)

Extended Reality (XR), encompassing Virtual Reality (VR), Augmented Reality (AR), and Mixed
Reality (MR), merges the physical and virtual worlds to enhance our perception of reality. This study
identifies XR as an enabling technology for creating DTs, representing physical objects, and providing
valuable insights. For instance, in conjunction with DT, VR allows industry practitioners to immerse
themselves in data and find feasible solutions. Similarly, AR empowers connected workers in
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Construction 4.0 by providing visualizations, reducing errors, and saving time [32]. These immersive
technologies complement DT by rendering digital data with a sense of reality.

In the construction industry, which has been traditionally limited in digitalization, the
development of XR brings about the need for new methodologies and technologies to empower users
with intuitive interfaces for accessing and displaying DT data. During design and construction
operations, operators can overlay 3D and BIM models onto physical objects using AR or MR devices,
accessing real-time data feeds and historical maintenance information in context. As XR technologies
continue to advance, they are crucial in calibrating building energy efficiencies, performing pose
estimation during the construction stage to enhance safety measures, employing object recognition
using XR camera devices, and identifying user locations [21]. These applications of XR contribute to
the evolution and effectiveness of DT technology within the construction sector. Trained and skillful
labor is a crucial problem in the construction industry [12, 30], which can be solved by leveraging
interactive training scenarios within XR-enabled DTs before the execution of any stage of the AEC
project. This can help equip construction workers and design teams with realistic experiences to
familiarize themselves with project environments and procedures to enhance overall productivity.
As mentioned earlier, the accuracy of the data sources from sensor devices and BIM/DT models
remains a concern. Limitations in the hardware capabilities also hinder the successful integration of
XR devices with DTs, which demand seamless mutual alignments.

4.2. Maturity Levels

4.2.1. Pre-Digital Twin

In the construction industry context, the Pre-Digital Twin represents the initial stage of virtual
prototyping used in upfront engineering. It is a virtual model of the envisioned system, created before
the physical prototype is developed. The primary objective of the Pre-Digital Twin is to identify and
address technical risks during the concept design and preliminary design phases, acting as a valuable
tool for decision-making and risk mitigation [59]. It is worth noting that, like other model-driven
approaches, virtual prototyping at this level involves creating a system model early in the design
process. However, unlike the final DT system, a virtual prototype is often not utilized to derive the
solution to the given problem [25]. Instead, it can be considered an extendable prototype, with the
latter potentially contributing to the final system. By establishing the Pre-Digital Twin level,
construction projects aim to minimize or mitigate specific technical risks and identify potential issues
in the early design stages before the physical prototype is even developed. However, at this stage,
the utilization of digital twins is limited, and their capabilities are not fully harnessed. Challenges
may arise related to data integration, interoperability, or the lack of comprehensive digital twin
platforms. The focus is primarily on understanding the concept, testing feasibility, and exploring
possibilities for future adoption.

4.2.2. Digital Twin (DT)

In the construction industry context, the second level of DT maturity, the Digital Twin, plays a
crucial role in monitoring and managing physical assets. This level involves gathering performance,
status/condition, and maintenance data from the physical twins of the built asset and updating the
corresponding digital models. As a result, it enables informed decision-making throughout the entire
lifecycle of the built asset or project [1]. It is important to note that at this level, it becomes possible to
analyze the behaviors of physical twins in various situations by acquiring condition and maintenance
data directly from the physical assets. The digital twin at this level incorporates the collected data
into its virtual system model, faithfully representing the real-world asset [34]. These updates from
the physical system support decision-making processes related to conceptual design, technology
specification, preliminary design, and development. The data collected from sensors installed in the
physical world during construction operations or in the case of smart buildings, along with
computational elements in the physical twin, encompasses crucial information such as
status/condition and targeted performance. This data is then transmitted back to the digital twin,
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enabling it to update its model and maintenance schedule for the physical system. This bi-directional
interaction between the digital and physical twins presents ample opportunities for the physical asset
to benefit from the knowledge acquired from one or more digital twins, ultimately resulting in
improved real-time performance of the digital models.

4.2.3. Adaptive-Digital Twin

The third level of DT maturity, the Adaptive-Digital Twin, within the construction industry
context, utilizes machine learning to provide real-time planning and maintenance support, as evident
from the literature analyses. It incorporates a virtual system model of its physical counterpart and
employs an adaptive user interface (UI) to synchronize real-time data from the physical entity with
the virtual model. This level of DT builds upon the previous-level Digital Twin and utilizes machine
learning algorithms based on neural networks to create an adaptive user interface that caters to user
preferences under various conditions [1]. Through neural network-based supervised machine
learning algorithms, this level captures the preferences and priorities of users or practitioners in
different contexts, which are continually updated through real-time data extracted from the physical
twin, enabling the twin to adapt to changing conditions. For instance, the adaptive digital twin can
continuously monitor and analyze real-time data from sensors embedded within a building's
infrastructure during construction [52]. This data is then utilized to dynamically adjust construction
processes, optimize resource allocation, and identify potential issues in real-time. The adaptive
digital twin facilitates proactive decision-making, enhances productivity, and improves construction
project outcomes by integrating data from various sources, such as environmental conditions, worker
safety metrics, and equipment performance.

4.2.4. Intelligent-Digital Twin

The fourth maturity level of digital twins in the construction industry is known as the intelligent
digital twin. This advanced level incorporates all the features of the previous three types of digital
twins while providing a more sophisticated analysis of the corresponding real-world object, as
evident from the literature analyses. The intelligent digital twin builds upon the capabilities of the
adaptive digital twin by integrating reinforcement learning through machine learning techniques and
supervised machine learning methodologies, enabling real-time updates of physical and digital
elements [59]. Moreover, it possesses the capability of unsupervised machine learning to identify
objects and patterns within the operational environment. It also incorporates reinforcement learning
to adapt to uncertain and partially observable surroundings by learning from system and
environment states. This high level of autonomy allows the digital twin to conduct an in-depth
analysis of performance, maintenance, and monitoring data from the real-world counterpart at a
more detailed level. During this level, a vast amount of data is collected from sensors, construction
equipment, and worker activities [30]. Advanced Al technologies are utilized to process this data and
autonomously optimize construction processes, predict maintenance needs, and proactively identify
potential risks or bottlenecks. By combining real-time data with predictive analytics, the intelligent
digital twin enables adaptive decision-making, enhances efficiency, and maximizes construction
project performance. However, the dynamic nature of the heterogeneity and complexity of
construction environments demands the development of agile and resilient algorithms capable of
real-time adaptation in creating unified and adaptable digital twins.

4.3. Data Layers

The development and evolution of DTs in the construction sector applications involve several
interconnected data layers, which are comprehensively studied by Tuhaise et al., [38]. Table 4
summarizes the data layers collected from the literature.
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Table 4. Data layers encompass the development and evolution of DTs in the construction sector by
handling vast amounts of data from different sources.
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4.3.1. Data Acquisition Layer

The data acquisition layer is the foundation for achieving a comprehensive perception of
maintenance decision-making environments. In the physical space, the collection and interaction of
raw data occur. By leveraging embedded network devices and interconnected communication
technologies, the data acquisition layer establishes a network that enables the full-factor perception
of the maintenance decision environment. This network facilitates the perception and collection of
operational status parameters and operational environment information from the target equipment,
enabling the formation of a virtual mapping between physical devices and their corresponding
digital twins [38]. To collect dynamic data from the physical environment, the data acquisition
process depends on the intended functionality of the digital twin.

In the context of the AEC sector, IoT sensors and technologies play a crucial role in data
acquisition from the physical environment. Therefore, sensor data can be obtained from existing
building monitoring systems forming the data acquisition layer. For example, in a study by [109], a
Restful API was employed to collect data from the hard-wired sensors of a Building Management
System (BMS). This data included temperature readings, outdoor temperature measurements,
temperature-sensitive airflow transmitters, and pressure values. Another study by Cheng J.C.P. et al.
[107] obtained sensor data from a direct digital control (DDC) system within an IoT sensor network
consisting of temperature, humidity, flow rate, and pressure sensors. Besides, mechanical data can
also be collected using IoT sensor technologies in various applications. For example, in the case of a
suspension bridge, temperature sensors were employed to measure the temperature of the chain
links, while displacement transducers were used to monitor the displacement of the saddles [108].
Nevertheless, interoperability issues among diverse sensor systems, the sheer volume of data
generated from multiple sources, and varying data formats lead to difficulties in aggregating and
integrating data into a cohesive structure for analysis and decision-making.

4.3.2. Data Transmission Layer

Data transmission in DT applications involves processing and transporting raw data from the
data acquisition layer. The collected data is typically transmitted through various wired and wireless
technologies. In recent emerging advancements in the AEC sector, Wi-Fi, a widely utilized short-
range wireless technology, has been applied to numerous applications. These include managing
automated heating for smart homes, real-time synchronization for planning, scheduling, and
execution in on-site construction, smart modular integrated construction systems, IoT-based smart
maintenance of building facilities, and safety risk analysis during the prefabrication of building units.

The transmission of sensor data from BMS or other data processing systems adopted in the built
environment often relies on internet-based communication and protocols such as BACnet (Building
Automation and Control Networks) [109]. These protocols facilitate data exchange among various
equipment, devices, and sensors. Specific communication layer protocols defined by organizations
like IEEE (Institute of Electrical and Electronics Engineers) and IETF (Internet Engineering Task
Force) are employed as industry standards to ensure effective data transmission. These protocols can
be categorized into file transfer and messaging protocols, which are well-suited for web applications
and IoT frameworks. Another widely utilized transmission protocol is HTTP (Hypertext Transfer
Protocol). This web messaging protocol supports request/response RESTful web architecture and
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employs the Universal Resource Identifier (URI) to transmit data from servers to clients, who receive
it via specific URIs. In the study by Hosamo et al. [109], a specific URL from the sensor data API was
employed for data transfer to the BIM model. Jiang et al. [116] utilized HTTP and socket protocols in
their research, with the socket protocol being a standard method for data transfer between machines.
Furthermore, Lee et al. [110] employed an Azure blockchain platform as an IoT hub to receive GPS
data from IoT sensors, which was subsequently transmitted to the as-built BIM model.

4.3.3. Digital Modeling Layer

This layer involves creating a virtual representation of physical entities through digital
modeling, which converts physical entities into digital forms efficiently processed, analyzed, and
managed by computers. Various measurement techniques, such as laser scanning, laser tape
measurement, MR, and photogrammetry, collect relevant information about the physical
environment, including geometric structure, functionality, state, time, location, process, and
performance. These measurements generate a virtual replica that accurately reflects the physical
entity.

In the AEC sector, Autodesk Revit has commonly employed software for the 3D modeling of
buildings, as highlighted in multiple studies [31, 70, 107, 109]. Other software tools, such as Autodesk
Navisworks, Solidworks, 3D Max, Sketchup 3D, and Rhinoceros6, are also utilized for creating 3D
geometric models [66]. Autodesk Civil 3D and Autodesk Revit are employed for road infrastructure,
with the former used for generating road models and the latter for sensor modeling within the BIM
framework. Geometry models at the system, building, and city levels are developed using Autodesk
Revit and AECOsim building designer [106]. Sometimes, game development software creates virtual
entities for digital twin applications. For example, human avatars were modeled using the Unity
game engine and Autodesk 3D Max. Geometric data was imported into Unity 3D to develop 3D
models, and a VR environment was constructed using the Unity 3D platform, Oculus Rift S VR
headset, and Oculus Touch Controllers [65]. Furthermore, BIM components specific to the
construction site can also be incorporated into the VR environment to model virtual assets for creating
DTs for particular purposes. Nonetheless, the development of advanced software tools that enable
the creation of detailed and dynamic virtual representations of construction projects and integrating
sensor data into these models through real-time monitoring is crucial for the AEC sector to embrace
the full potential of DTs.

4.3.4. Data/Model Integration and Fusion Layer

This layer in DT applications involves a series of stages to transform digital twin data into
valuable information. These stages encompass data storage, data/model integration and fusion, data
processing and analysis, and data visualization. Big data storage technologies are utilized for digital
twin data's high volume and multi-source nature. Cloud-based computing platforms are commonly
employed for their accessibility, scalability, high performance, and management capabilities. Data
fusion techniques achieve the integration of various digital twin data from physical and virtual spaces
[5]. This includes integrating sensor data, such as environmental, mechanical, image, and video, into
BIM models to represent real-time status. Customized APIs are developed to facilitate data
integration in 3D modeling software platforms.

Advanced technologies are employed to process and analyze digital twin data. Simple data
analysis techniques involve comparing measured values against target values/thresholds, visibility
analysis, numerical models, and rule-based reasoning. Additionally, Al techniques, including
machine learning and deep learning algorithms, are extensively applied for data analysis [38].
Machine learning emerges as the most frequently utilized technique in most previous studies. Data
visualization plays a crucial role in digital twin applications. Therefore, 3D modeling software
platforms are used for visualizing temporal sensor data. Autodesk Forge and some gaming
environment platforms are extensively employed in some studies to visualize sensor data within BIM
models because of their powerful visualization capabilities. Following the steps in this layer, the
processed digital twin data is then made available to end users through various visualization forms.
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Common visualization methods include trend graphs, pie charts, line graphs, real-time status
Kanban, thermal comfort charts, S curves, and cumulative sum control charts [65]. Monitored
parameters such as pedestrian count and sensor readings for ambient temperature and humidity are
frequently displayed on visualization platforms.

4.3.5. Service Decision-Making Layer

The Service Decision-making Layer in DT applications facilitates dynamic and intelligent
predictive maintenance decisions driven by data. It encompasses optimization objective selection,
mathematical problem modeling, and intelligent optimal decision-making calculations [31].
Choosing optimization objectives refers to selecting digital device components (such as sensors,
robotics, or IoT devices) that require predictive maintenance decisions based on real-time data
gathered about their condition. The main elements are typically chosen to represent the current
condition of the equipment installed during the construction phase or in the assets of intelligent
buildings.

For instance, in the case of industrial IoT sensors, the core sensor node's primary function is to
sense temperature data, and its sensing module may be selected for routine predictive maintenance.
This layer provides a wide range of services tailored to specific contexts in construction sector
applications, with real-time monitoring of assets and activities being a prevalent service offered. DTs
have been utilized in various construction sector operations, including monitoring suspension
bridges, building facades, facade brightness, pedestrian trends and time, construction site activities,
compaction progress and quality, intelligent objects, machine and worker operations, construction
progress, and room occupancy [1]. The intelligent optimal decision-making calculation in this layer
relies on selecting the corresponding Al algorithm to train the processed data from the previous
layers, obtain prediction results, and make maintenance decisions. As this layer holds the core data
management objectives for DT employment, some challenges revolve around transforming collected
data and model insights into actionable decisions, enhancing project efficiency and resource
allocation in the construction businesses. Deploying advanced analytics and more robust yet aligned
Al algorithms could help better interpret and analyze the integrated data in DTs, generating valuable
insights for project managers and stakeholders. Additionally, establishing holistic strategies for
integrating real-time data simultaneously from multiple layers can lead to informed decisions on
various aspects of the construction processes.

4.4. Enablers

A five-dimensional digital twin model of the enabling technologies and entities is rigorously
prepared by Qinglin et al. [5]. The model presents (Figure 8) the clarities and understanding of all the
different parts of the objects or complex systems of the DTs and enables the DT technology's
functionalities for various construction sector applications.
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Figure 8. Five-dimensional model of Digital Twin technology that enables the functionalities. (Figure
source: authors).

4.4.1. Physical Entity

In the context of the DT concept, a physical entity refers to a real-world object or system existing
in the built environment, such as a building, infrastructure, equipment, or tangible component. The
representation of these physical entities in a digital format forms the foundation for DT, enabling the
simulation of their behaviors. Functionally and structurally, the physical world can be categorized
into three levels: unit, system, and system of the system (SoS) levels [117].

The digital twin, comprising the virtual representation of a physical entity, provides valuable
insights, analysis, and predictions about its performance and behavior. For instance, BIM is a digital
representation of a building or infrastructure project in the construction sector and a precursor to a
digital twin [37]. BIM models encompass architectural elements, structural components, and
mechanical and electrical systems. BIM forms the basis for creating a digital twin during the
construction and operational phases. Additionally, bridges or high-rise buildings can be equipped
with sensors to monitor their structural health [22, 23]. The data collected from these sensors is fed
into the digital twin, enabling real-time monitoring and analysis of the structure's integrity. This aids
in anomaly detection, predicting maintenance needs, and enhancing overall safety and reliability.
However, developing and enhancing DT involves an extensive process due to the physical world's
intricate attributes and explicit and implicit connections. Virtual models representing physical
entities may require gradual improvement to accurately correspond to their real-world counterparts
[77]. This necessitates a comprehensive understanding and perception of the physical world.
Additionally, digitizing physical entities reveals implicit associations that contribute to the evolution
and control of the physical world [58]. Therefore, achieving an accurate representation of physical
entities through high-fidelity models is crucial, requiring critical attention to precise measurements
of parameters and technologies at micro/nano-level precisions to synchronize virtual models with
real-world entities.

4.4.2. Virtual Model

The integration of virtual entities and the digital world plays a vital role in the development and
applications of DTs in the built environment. In the DT concept, a virtual entity or virtual model
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refers to the digital representation of the physical entity or environment. It is a computer-generated
model that simulates the characteristics, behavior, and interactions of the physical entity or
environment in a virtual space. The virtual entity/world is a critical component of digital twins in the
built environment, especially within the construction sector, as it provides a platform for simulating
and visualizing the behavior and performance of the physical entity.

Virtual models within DTs aim to accurately replicate physical entities, encompassing their
geometries, properties, behaviors, and rules [77]. Geometric models describe the physical entity's
shape, size, tolerance, and structural relations in three dimensions [5]. Physics models simulate
physical phenomena such as deformation, delamination, fracture, and corrosion based on properties
like speed, wear, and force [47]. Behavior models capture the entity's behaviors, state transitions,
performance degradation, coordination, and responses to external changes [1]. Rule models endow
DTs with logical abilities, including reasoning, judgment, evaluation, and autonomous decision-
making, by employing rules extracted from historical data or provided by domain experts [34].
Virtual models play a crucial role in construction projects' design and prototyping stages.
Practitioners can create and manipulate digital representations of buildings, infrastructure, or
components to explore different design alternatives, test structural integrity, assess aesthetic aspects,
and evaluate performance attributes. This allows for iterative design improvements and reduces
costly errors during the construction phase. Nowadays, by integrating virtual representations of
various physical entities, clashes or conflicts between different systems can be detected and resolved
virtually. This helps identify and rectify design inconsistencies or clashes before actual construction
begins, leading to cost and time savings.

4.4.3. Data

In the DT concept, data is crucial in comprising digital twins in the built environment,
particularly in the construction sector. Data refers to the information collected, generated, and
processed from various sources related to the physical entity and its environment, including sensor
data, operational data, maintenance records, performance metrics, and other relevant data points.
The data entity forms the foundation for analysis, prediction, and decision-making in digital twins,
encompassing multi-temporal scale, multi-dimensional, multi-source, and heterogeneous data [65].

Physical entities contribute static attribute and dynamic condition data, while virtual models
generate simulation-based data. Data collection in DT applications within the AEC sector involves
various sources, such as hardware, software, and networks [85]. Hardware-based data acquisition
employs identification technologies like barcodes, QR codes, RFID, cameras, sensors, and IoT
technologies for real-time perception of static attributes and dynamic status data. Software-based
data collection leverages software APIs and open database interfaces, while network data is obtained
through web crawlers, search engines, and public APIs. For example, sensors embedded in buildings,
infrastructure, or construction equipment can collect data on energy consumption patterns, enabling
energy efficiency analysis and identifying potential optimizations [71]. Moreover, by integrating data
from various sources, such as sensors, maintenance records, and operational data, the digital twin
can analyze data to identify performance deviations, potential issues, and optimization opportunities
[6, 7, 32]. Data management, including collection, transmission, storage, and fusion, plays a
significant role in digital twin technology, as it is the fundamental component and requires a single
source of truth and high data quality.

4.4.4. Smart Service

The smart service is a crucial component of DT technology and plays a significant role in digital
twins across industries, specifically in the construction sector. It refers to integrating advanced
technologies, such as Al, machine learning, data analytics, and automation, to provide intelligent
functionalities and capabilities within the digital twin. These smart services enhance the value and
effectiveness of digital twins in various applications, aligning with the Everything-as-a-Service (XaaS)
paradigm [5]. Third-party services like data services, knowledge services, and algorithms services
are necessary to develop a functioning DT.
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The integration of multiple disciplines within the DT services enables advanced monitoring,
simulation, diagnosis, and prognosis. Monitoring relies on computer graphics, image processing, 3-
D rendering, graphics engines, and virtual reality synchronization [32]. Simulation encompasses
various domains such as structural mechanics (e.g., fluid dynamics, solid mechanics,
thermodynamics, and kinematics), electronic circuits, control systems, processes, and virtual test
simulations [81, 92, 118]. Data analysis forms the basis for diagnosis and prognosis, involving
statistical theory, machine learning, neural networks, fuzzy theory, and fault trees [75, 85, 99]. For
instance, an intelligent service in the digital twin can simulate different construction scenarios and
optimize task sequencing to minimize project duration and costs [119]. Smart services enable real-
time monitoring and control of the physical entity within the digital twin by integrating sensors, data
analytics, and automation. This allows the digital twin to continuously monitor and manage the
physical entity's performance, energy consumption, and operational conditions.

4.4.5. Connection

Connections are critical enablers that play a vital role in digital twins, effectively integrating
digital representations with their real-world counterparts in the built environment. These
connections facilitate advanced simulations, operations, and analyses. Information and data
exchange among all previous DT enablers, i.e., physical entities, virtual models, services, and data,
are enabled by these connections. A recent study [5] has identified six key connections in a DT: the
connection between physical entities and virtual models, the connection between physical entities
and data, the connection between physical entities and services, the connection between virtual
models and data, the connection between virtual models and services, and the connection between
services and data. These connections foster collaboration among the different components of the DT,
helping to develop the DT concept.

For instance, connections between temperature sensors, HVAC systems, and energy
management platforms can be established in developing a DT for smart building analytics. By
synchronizing collected data, a comprehensive view of the physical entity can be provided,
optimizing energy consumption in the building [71]. During the construction, connections between
sensors embedded in construction equipment or materials can be established, providing continuous
data feeds to the digital twin for analysis and decision-making. Moreover, integrating different
systems within the digital twin ecosystem, including BMS, BAS, and SHV,, is vital for helping O&M
operators prepare strategies for optimized maintenance of building facilities [113]. Thus, an
interconnected view of the physical and digital entities, established through connections between
various components and systems, enables stakeholders to make informed decisions and enhance
performance in the built environment.

4.5. Functionalities

4.5.1. Simulation

The simulation function of DT applications in the AEC sector has revolutionized built
environment practices during the current digital transformation era. It allows for virtual
representation and analysis of physical assets, enabling stakeholders to evaluate and optimize
various aspects of the built environment before construction begins. While high-fidelity simulations
have proven successful in smaller-scale mass manufacturing industries [17, 48, 58], expectations and
requirements differ when considering larger structures like buildings, infrastructure, or city districts.
Thus, simulation precision varies across domains and use cases, necessitating adaptable platforms
for hosting DTs.

In sensor-data-based simulations within a DT, sensors' quality, accuracy, and precision
significantly impact the simulation process. The costs of implementing on-site sensing versus the
required precision for each use case are influenced by sensor characteristics. For instance,
practitioners can use simulations linked to the DT to predict the performance of the physical twin in
real-world conditions, contrasting with relying solely on ideal or worst-case scenarios during the


https://doi.org/10.20944/preprints202311.0244.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 November 2023 doi:10.20944/preprints202311.0244.v1

26

design process [1, 25]. Incorporating data from the physical twin into the DT enhances system models,
facilitating improved operation in the real world. Moreover, DTs can simulate the energy
performance of buildings to analyze their energy efficiency, considering several factors and different
scenarios. This helps designers identify the most energy-efficient solutions, reducing environmental
impact and operational costs [57, 71]. In the case of structural analysis and safety assessment [111,
120], DTs can simulate the behavior of buildings and infrastructure under various load conditions,
earthquakes, or extreme weather events. This enables engineers to evaluate the structural integrity,
identify potential weaknesses, and optimize designs to enhance safety.

4.5.2. Visualization

The visualization functionality of DT applications in the AEC sector has become a powerful tool
in the current digitalization era, allowing stakeholders to visualize and interact with virtual
representations of physical assets. It enhances communication, understanding, and decision-making
throughout the project lifecycle, enabling the representation of system operation and maintenance
statuses in surreal forms [121]. Traditional visualization methods often rely on two-dimensional or
static tools like tables, charts, graphs, and file printing. However, the visualization capabilities of DT
technology are more advanced, primarily employing either 3D or higher dimensional and dynamic
elements, such as images, videos, and virtual and augmented reality. By leveraging virtual simulation
capabilities, DT offers faster verification of analysis results compared to traditional approaches,
eliminating the need for physical execution processes or third-party simulations [5, 38].

Among the various fundamental enabling technologies for visualization in DTs, 3D or higher
dimensional platforms, gaming environments, AR, and VR are most famous for their extensive usage
in the built environment. Common 3D modeling software and gaming environment platforms
provide intuitive interfaces for interacting with digital models and enable real-time exploration of
virtual environments. VR devices allow users to interact in real-time through sensorimotor channels,
enhancing the visualization experience and facilitating better understanding and decision-making
processes. Similarly, the AR technology of the DT overlays digital information onto a user's view of
the physical environment using an interface, typically through a camera image. By blending virtual
and real-world data, AR enables contextual visualization, making it particularly useful for on-site
construction applications. Profound visualization capabilities are also utilized by integrating various
BIM data into a DT, through which stakeholders can visually detect clashes or conflicts between
different components or systems. For instance, architects can examine the placement of ductwork and
electrical systems to ensure they do not interfere with structural elements, reducing costly rework
during construction.

4.5.3. Prediction

In DT technology, prediction functionality has emerged as a valuable tool during the current era
of digitalization, playing a crucial role in forecasting assets' future behavior and health status.
Leveraging historical data and real-time inputs enables stakeholders to forecast and anticipate future
performance, risks, and outcomes of built environment projects. Enabling technologies, particularly
those associated with the IoT, facilitate prediction in DT applications by utilizing big data. Handling
large amounts of data presents significant value potential for the DT deployment [103]. Prediction
techniques on big data often rely on ML or Data Mining (DM), where ML reproduces known
knowledge and DM discovers new patterns and implicit knowledge within the data itself. ML has
been proposed as a top layer for smarter BIM-based building management, while the need for fusion
and interoperability between data analysis and DTs has been emphasized to enhance the DT self-
reliance [103].

Predictive maintenance is a prominent application of DTs in academic research and industry
practice. DTs can analyze sensor data, historical performance, and maintenance records to predict
equipment failures or deterioration. By forecasting maintenance needs, facility managers can
proactively schedule repairs, optimize resource allocation, and minimize downtime, improving
operational efficiency and reducing costs [107, 109]. Additionally, prediction plays a significant role
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in sustainability and energy management. DTs can analyze data on energy consumption, weather
patterns, and occupant behavior to predict energy usage and identify opportunities for energy
optimization. For example, an intelligent DT can forecast the energy performance of a building under
different scenarios, enabling designers to make informed decisions regarding energy-efficient
systems and renewable energy integration [72]. However, the reliability of the source data is a critical
concern; therefore, verifying the validity of predictions and their impact on physical actuation
requires careful consideration.

4.5.4. Optimization

The optimization feature of DT applications is a powerful tool that enables AEC stakeholders to
analyze and improve various aspects of the built environment, leading to enhanced performance,
efficiency, and sustainability. The optimization process relies on simulated predictions to guide
decision-making. The manufacturing industry aims to optimize the entire process by intelligently
allocating resources, as seen in experimental test-beds optimizing assembly algorithms [17, 58].
However, the operation stage incurs significant costs in the built environment and energy sectors.
Balancing energy and resource consumption becomes the primary challenge.

The design and construction process of infrastructure and buildings significantly impact
lifecycle operation costs. Therefore, construction optimization goals often differ from operational
objectives, leading to a rift in the lifecycle [86]. This sets the built environment apart from the
manufacturing industries. Al can add value to negotiation-intensive management approaches by
advising on optimized duration, sequencing, and other factors. The more complex the construction
site becomes in terms of people, vehicles, and materials, the more challenging optimization becomes.
The semantic DT enables proactive modeling, tracking, and optimization of construction processes
and their associated resources, both on- and off-site [8]. In the DT literature, there could be two types
of process models for optimal operations: those focusing on optimizing construction processes and
those focusing on optimizing equipment operations. The iterative optimization type also plays a
crucial role in achieving good design throughout the conceptual and detailed design phases [121].
The DT technology then enables tracking of historical product design footprints and improvements,
facilitating iterative design optimization between static configurations and dynamic execution.

4.5.5. Monitoring

The monitoring feature of DT applications has become an essential tool as it allows stakeholders
to continuously monitor and assess the performance and condition of physical assets in real-time.
This enables proactive maintenance, improved operations, and enhanced decision-making in the
built environment. Monitoring aligns with building automation systems, where specific conditions
trigger actions or actuation [122]. Real-time remote monitoring is also prevalent, allowing sensor data
to be visualized, analyzed, and compared. Monitoring relies on a sensor network to select and filter
relevant data for day-to-day operational management. This data needs to be conveyed in a machine-
interpretable format and utilized for decision-making by remote agents, such as Al systems or
humans, within the virtual counterpart of the DT.

For example, photogrammetry, laser scanning, handheld mobile devices, and aerial drones are
used to capture site data and automate BIM during construction, enabling on-site scanning and data
reflection within the BIM model [123]. However, challenges persist regarding data validation,
interpretation, and effective real-time processing to facilitate responses [116]. Construction site safety
is a critical aspect that requires practical monitoring tools, as safety risks vary in space and time.
Conventional BIM platforms are commonly used for these purposes, but they often lack safety
planning object libraries that can relate to temporary site structures, making safety management
challenging in complex spatio-temporal contexts [103]. Modern site monitoring equipment,
combined with ML-based DTs, has the potential to predict and classify safety events automatically,
thereby enhancing safety management reliability.
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5. Summary and Future Recommendations

While reviewing the available literature on the key elements and components of the DT
technology development and evolution and its applications in the construction industry, identified
research gaps and corresponding future research avenues are discussed in this section.

e Semantic data modeling for better integration and interoperability: The integration and fusion of
diverse data sets, including BIM models, sensor data, and other systems, present challenges in
data integration and interoperability. Future research should focus on semantic data modeling
to enable standardized Digital Twin data, facilitating seamless and bi-directional integration of
heterogeneous data sets. The rich data models preserving high-quality data integrity for
different applications, data sets, assets, and processes should be developed rigorously.

e Advanced technologies for storing and processing big data: Digital twins of the digitalization era have
led to an increase in dynamic and real-time data, posing challenges in storing, processing, and
managing big data. Future research should explore advanced technologies for storing and
processing smart big data while addressing issues related to raw data. The new improvements
in data accuracy, intelligence levels, and decision-making in construction projects and assets
management functions should be developed comprehensively.

e XR environments for DT applications: XR technologies (VR, AR, and MR) offer opportunities for
visualizing and interacting with digital twin data in immersive environments for specific
applications in the construction industry. Future developments should focus on enhancing the
visualization of temporal, multi-temporal, and spatio-temporal data in a 3D virtual model and
finding innovative ways to visualize abstract parameters collected by IoT sensors.

e Real-time monitoring, prediction, and feedback control: Further research is needed to achieve ideal
digital twins that incorporate high-precision real-time monitoring and prediction capabilities
within the built environment, especially in the sustainability and net-zero paradigms. Future
studies should focus on enabling automated two-way feedback control for adjusting building
parameters when necessary. An intelligent exploration of the integration of technologies such as
Al AR, and advanced analytics to enhance the capabilities of digital twins is also needed.

e Cloud computing and IoT-based services for city-level digital twins: As digital twins evolve, future
research might need to explore practical applications at the city level, integrating heterogeneous
sub-assets like smart buildings, smart utilities, transportation infrastructure, and people. Future
research efforts need to develop comprehensive and interconnected city digital twins by
leveraging cloud computing and IoT-based services enhancement.

e Security and privacy considerations: Data transmission in digital twins involves sensitive and
confidential information, making it prone to possible cyber-attacks and security threats. In
future research efforts, addressing security requirements and developing secure transmission
protocols for digital twins' network and communication layers is crucial for DT applications in
the construction sector. Additionally, privacy-preserving networks and context-aware privacy
policies should be investigated to protect data privacy.

6. Conclusions

The advent of digital twins comprises several vital components and elements that develop and
evolve this technology for its different applications in the construction industry. These components
are crucial to growing the DT concept and can potentially improve performance and productivity in
the construction industry through intelligent decision-making. Therefore, this study explores the key
components and elements of DT technology development based on the available state-of-the-art. A
step-by-step literature search using relevant keywords yielded 110 research articles mainly focused
on DT development in the AEC sector based on key emerging technologies. Quantitative and
qualitative analyses of the research records provided an extensive outlook on the key constituents of
DT technology and its applications in the construction sector.

Five key components, namely technologies, data layers, maturity levels, enablers, and
functionalities, are identified as the core elements of the DT concept. Al, IoT, XR, and cloud
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computing are identified as the core emerging technologies that build the DT technology to be
intelligently employed to automate operations during different stages of the built asset. Data
acquisition, transmission, modeling, integration, and service are critical activities when digital data
is handled during the DT concept employment to convert the physical world into a meaningful
virtual entity. Maturity levels of DT technology were also discussed to highlight the quality and
usability of the DT at different stages of its composition. A few essential items enabling DT
employment are a physical entity, virtual model, data, service, and connection. The last building
block of the DT, i.e., functionalities, is divided into simulation, visualization, prediction, monitoring,
and prediction. The applications of DT technology are comprehensively analyzed to review the
implementation of these key components and their contribution to DT evolution. After an intensive
review of the available research, DT has been identified as a core of intelligent operations in the AEC
industry during the current Construction 4.0 age that might automate processes and systems in real-
time and accelerate them to deliver appropriate feedback.

DT technology is found to have an overarching impact on the construction industry operations
throughout the lifecycle of the building asset, whether it is a conventional building component or a
smart building of a sustainable future. Finally, this review study has identified some research gaps
compromising the DT evolution to offer fully autonomous operations across industries. For example,
the lack of profound bi-directional communication between the physical entity and the virtual model
compromises data integrity and the support for practical decision-making. A few future research
avenues corresponding to identified research gaps were also offered; for instance, a need for Al-based
two-way communication between systems to have an iterative process is recommended. This study
contributes to the body of knowledge by systematically classifying the key elements that comprise
the development of DT technology for its applications, specifically in the construction sector. This
can assist current and upcoming research efforts as well as industry practitioners in developing a
clearer understanding of the primary technologies behind the DT concept and advancements based
on that understanding.
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