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Abstract

Digital twin (DT) technology is reshaping structural engineering by linking physical as-
sets to dynamic and data-driven virtual counterparts. DTs enable monitoring, predictive
analytics, and autonomous decisions across design, construction, operation, and mainte-
nance. Additionally, DTs are updated with real-time streams continuously. This study
focuses on the applications of DTs and the intersection between the Internet of Things
(IoT), Building Information Modeling (BIM), and artificial intelligence (AI). Applications
include structural health monitoring (SHM) and predictive maintenance for bridges and
buildings, in addition to construction safety optimization and stewardship of architectural
heritage. The paper also examines barriers to adoption, including data interoperability,
cybersecurity, upfront cost, and workforce readiness, and discusses standardization
needs. In addition, it highlights educational impacts and pathways for small and medium
enterprises (SMEs) to adopt scalable DT solutions. By consolidating recent advances, the
review shows how DTs can deliver more resilient, efficient, sustainable, and intelligent
infrastructure and outlines the research priorities to overcome remaining gaps and fully
realize their potential.

Keywords: Digital Twin (DT); structures; structural health monitoring (SHM); predictive
maintenance; BIM; Internet of Things (IoT)

1. Introduction

The digital revolution in the architecture, engineering, and construction (AEC) in-
dustry is driven by the integration of data-driven workflows and cyber—physical systems.
Digital twin (DT), as the central technology in this shift, has transitioned from a manufac-
turing idea to a pillar of modern structural engineering [1-5]. While traditional models,
for instance BIM, produce static snapshots, DT is a dynamic and virtual mirror of a phys-
ical asset [6]. The fundamental identification of a DT is its bi-directional data flow. The
physical structure informs the digital model, and the virtual model, in turn, uses auto-
mated control systems to optimize the physical component. This difference is further ex-
plained in detail in Table 1 by comparing DT with BIM.
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Table 1. Digital twin vs. BIM: definition and distinguishing traits.

Concept Concise Definition Differences
Live, lifecycle-spanning digital representation up- Bi-directional data and control; “as-is” state;
Digital Twin (DT) dated from real-time data to support simula-  continuous monitoring; predictive and auton-
tion/ML/reasoning. omous capabilities [6].
Building Infor- Largely static baseline; becomes dynamic

Structured geometry and semantics of a built asset

mation Modeling (as-designed/as-built).

(BIM)

when coupled with sensing/analytics in DT
workflows [7].

In the context of structural engineering, this technology promises to shift the industry
from reactive and prescriptive approaches to an initiative-taking and predictive para-
digm. The traditional methods of structural design, construction oversight, and mainte-
nance often rely on periodic inspections and idealized models that may not accurately
reflect the true, evolving state of a structure under complex, real-world environmental
and operational conditions. DTs address this gap by creating a living, breathing digital
counterpart that mirrors in real time the behavior of the physical structure [8]. This capa-
bility is crucial for managing the entire lifecycle from initial design and construction to
long-term operation and eventual decommissioning of infrastructure [9].

The development of specialized frameworks simplified the integration of DT technol-
ogy in structural engineering to ensure structural integrity through autonomous interac-
tions between physical and digital models [10]. This framework leverages IoT sensors and
actuators to enhance the structural assessment process by facilitating real-time monitoring
and self-adaptive responses [11,12]. Such innovations not only address the gaps in workflow
modeling prevalent in current civil engineering practices but also enable automated deci-
sion-making capabilities, which are crucial for maintaining structural safety and perfor-
mance. The implementation of this framework in a laboratory setting has demonstrated its
potential for real-world applications, highlighting the transformative impact of digital twins
in creating more resilient infrastructures. By offering an initiative-taking approach to engi-
neering challenges and paving the way for more sustainable construction practices, these
technologies promise to redefine the standards of structural integrity [10].

Numerous applications and challenges in DT implementation reflect the potential of
DT technology in structural engineering [13]. According to recent studies, there are forty
identified applications of DTs within construction, encompassing capabilities such as real-
time simulation and lifecycle management. These applications allow engineers to address
complex structural issues with unprecedented precision and efficiency. However, the in-
tegration of digital twins is not without its hurdles; practitioners have identified thirty-
four challenges, ranging from technical constraints to the need for comprehensive data
management strategies. Addressing these challenges requires a concerted effort from in-
dustry stakeholders to refine digital twin frameworks, ensuring they are robust, adapta-
ble, and capable of meeting the evolving demands of modern construction practices [13].

This review will discuss future research directions and the overarching potential of
digital twins to redefine the future of structural engineering, leading to smarter, safer, and
more sustainable infrastructure. It will explore the fundamental components and enabling
technologies that constitute a structural digital twin, including IoT, BIM, Al, and cloud
computing. The paper will then delve into the diverse applications of DTs across various
stages of a structure’s life, from design and construction to operation and maintenance,
supported by specific case studies from the literature. A critical analysis of the implemen-
tation challenges, including technical, financial, and organizational, will be presented. Fi-
nally, this review paper aims to provide a systematic and exhaustive examination of the
current state of digital twin technology in structural engineering.
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This review is uniquely warranted to provide an integrated technical taxonomy that
closes the research gap. The critical literature gap remains in understanding the unified
operational integration across these layers, specifically how multi-layered digital twin ar-
chitectures seamlessly bridge real-time data ingestion with lifecycle decision pipelines.
Despite the growing volume of literature on independent cyber—physical concepts, exist-
ing surveys frequently treat sensor configurations, Building Information Modeling (BIM)
protocols, and predictive algorithms as isolated silos.

To achieve this, the specific objectives and contributions of this review are to:

1. Systematically map out the technical interdependencies between physical IoT sen-
sors, semantic BIM environments, and predictive algorithms.

2. Synthesize current practical deployments across specialized domains, including bridges,
historical structures, and small and medium enterprise (SME) construction workflows.

3. Critically evaluate ongoing challenges regarding interoperability, data synchroniza-
tion, and standard security protocols to establish a structured deployment roadmap.

2. Review Methodology

To ensure absolute transparency, reproducibility, and comprehensive coverage of the lit-
erature, a systematic methodology was employed to identify and filter the referenced studies.

e  Data Sources and Search Engines: Primary literature searches were conducted across
major academic databases, including Scopus, Web of Science, and Google Scholar.

e Search Strings and Keywords: The search configurations used Boolean operators
combining terms such as: (“Digital Twin” OR “Cyber-Physical System”) AND
(“Structural Health Monitoring” OR “BIM” OR “Predictive Maintenance”) AND
(“Bridge” OR “Building” OR “Civil Infrastructure”).

e  Time Span: The literature search focused on peer-reviewed articles, conference pro-
ceedings, and state-of-the-art industry white papers published within a definitive
time span from 2015 to 2026.

e  Inclusion and Exclusion Criteria: Articles were selected based on strict inclusion cri-
teria (focus on multi-layered architectural loops, live sensory data ingestion, or con-
crete digital twin civil deployments). Papers were excluded if they were purely con-
ceptual without framework validation, focused on non-civil engineering applications
(e.g., manufacturing/aerospace), or represented duplicate preliminary studies.

3. Fundamental Concepts and Enabling Technologies

The seamless integration of several core technologies enables the effectiveness of the
digital twin in structural engineering. Data flows from the physical world to the digital
system, is processed and analyzed, and then insights are fed back to inform actions in the
physical world. These components work together to create a closed-loop system.

3.1. The Core Digital Twin Framework

A structural DT is built upon a multi-layered architecture that connects the physical
and virtual entities. Liu et al. describe a comprehensive layered framework for predicting
the impact responses of prestressed steel structures, which is representative of many DT
systems [14]. This framework, found in Table 2, typically comprises:

e The Physical Layer: The real structure and its interfaces with the environment. It in-
cludes the bridge or building itself and its members and components such as girders,
decks, slabs, columns, walls, piers, bearings, supports, joints, connections, restraints,
and expansion joints. From this layer come the raw, measurable responses such as
strain, acceleration, displacement, temperature, humidity, loads, and reactions, as
well as any actuation effects when devices are commanded.
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The Perception Layer: This layer converts real behavior into usable data streams by
handling instrumentation and edge processing. Data acquisition (DAQ) units sample
analog and digital sensors, edge gateways apply denoising, outlier removal, and drift
checks, and precise time synchronization (PTP/NTP or GPS) aligns multi-sensor
feeds. The result is clean, synchronized signals and lightweight features (for example,
RMS, FFT components, or modal peaks) that are ready for downstream transport and
analysis. Good perception design lowers bandwidth, reduces false alarms, and pre-
serves temporal fidelity for modal and event-based studies.

The Transmission Layer: This layer securely and reliably moves those prepared sig-
nals from edge to compute and storage with the latency and throughput the applica-
tion needs. Connectivity may be used by 5G/LTE for high-rate or remote deploy-
ments, LoORaWAN for low-power long-range telemetry, and Wi-Fi or Ethernet on
sites with stable backhaul. Transport is protected by TLS and device identity (certifi-
cates), often broken through gateways that handle protocol translation, buffering, re-
tries, and quality of service. Its output is uninterrupted, tamper-resistant telemetry
that reaches the analytics platforms without gaps.

The Analysis Layer: This layer turns streams into insight by combining signal pro-
cessing, physics, and machine learning. A time-series store holds high-rate histories
for fast queries. For instance, digital signal processing performs filtering, spectral
analysis, and modal identification; physics models such as FEM or reduced-order
models (ROMs) compute expected responses and test “what-if” scenarios. And
AI/ML detects anomalies, diagnoses damage, and estimates prognosis or remaining
useful life. The outputs are actionable deviations versus baseline or physics expecta-
tions. For example, the output can be the identified location/type/severity of faults,
risk-aware RUL trajectories, and simulated outcomes that inform interventions.

The Service Layer: This layer is where insight becomes action for people and control
systems. Dashboards and alerts present KPIs, thresholds, and trends to operators and
engineers; CMMS integration creates and tracks work orders with priorities and due
dates; and control policies (advisory or automated) translate analysis into operational
changes such as temporary speed limits, lane closures, or actuator setpoints. Its out-
puts are concrete decisions, traceable maintenance tickets, and closed-loop control
commands that can alter the physical asset and feed results back into the twin.

Table 2. Structural digital twin multi-layer architecture.

Layer Purpose Components/Examples Outputs
. The asset itself and inter- Bridge/building, members, bound- Real responses (strain, accel., temp.),
Physical . .
faces ary conditions actuation effects [10]
Perception Acquire and pre-process DAQ, edge filtering, time sync Clean, synchronized streams/features
data [15]
Move dat ly/relia- 5G/LTE, LoRaWAN, Wi-Fi; TLS;
Transmission < oo ooce ylrelia / ona i Low-latency, secure telemetry [11,12]
bly gateways
. . Time-series store, DSP, physics ~ Anomalies, diagnosis, prognosis/RUL,
Anal Turn data int ht
nalysis Hm data mto nsig (FEM/ROM), AJML simulations [16,17]
Service Human and automated Dashboards/alerts, CMMS/work or- Decisions, tickets, closed-loop control

actions

ders, control policies [7,18]

A recent full-scale bridge study further illustrates how a structural digital twin can

be organized as a layered and closed-loop SHM platform [19]. Nasim et al. proposed a

hybrid DT framework for bridge infrastructures that combines physics-based finite ele-

ment modeling, drone-based photogrammetry, and wireless IoT sensing within a contin-

uous feedback loop for structural assessment and model updating. Their framework em-
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phasizes that the practical value of a DT lies not only in representing geometry or storing
sensor streams, but in continuously comparing field-measured responses with baseline
model predictions, extracting modal characteristics, and updating the virtual model to
maintain synchronization with the physical asset. The study is especially valuable because
it demonstrates this concept on an operational railway bridge and shows how layered DT
architectures can support anomaly detection, predictive maintenance, and scalable infra-
structure management in real-world conditions [19].

Chiachio et al. introduced a structural digital twin framework specifically tailored for
structural applications, enabling autonomous interactions between physical and digital com-
ponents, which is a critical advantage over traditional methodologies [10]. This framework
addresses a notable gap in current civil and structural engineering practices by seamlessly
integrating workflow modeling into the digital twin paradigm. By utilizing IoT sensors and
actuators, this approach allows for real-time monitoring and self-adaptive responses, thereby
facilitating automated decision-making processes to uphold structural integrity [10].

Sun et al. proposed a hybrid monitoring methodology in which a digital twin for bridge
SHM is established by integrating the physical entity, finite element models as the mechan-
ical twin, bridge information modeling (BRIM) as the information twin, and IoT systems
[20]. Their framework is particularly important because it enables the conversion, expan-
sion, and fusion of monitored data, allowing spatially discrete measurements to be extended
to full-field virtual sensing and heterogeneous information to be visualized in a unified en-
vironment. This study further demonstrates how model-data integration can improve data
management, response reconstruction, and damage identification in bridge digital twins.

While these frameworks demonstrate the versatility of structural DTs, their practical
implementation highlights distinct architectural differences and individual limitations.
Furthermore, discrepancies reported across the literature regarding system accuracy and
damage localization performance often stem from heterogeneous factors: variations in
sensor synchronization accuracy (e.g., microsecond-level GPS time-stamping versus de-
layed network time protocols), the discrete placement density of monitoring arrays rela-
tive to stress-concentration zones, and localized micro-environmental fluctuations (such
as thermal gradients and moisture cycles) that are often oversimplified or omitted during
initial model baseline calibration. Hybrid architectures that fuse finite element modeling
(FEM) with wireless IoT data provide high mechanical fidelity but are bounded by the
steep computational expense of running real-time, non-linear simulations on complex in-
frastructure. Conversely, purely data-driven architectures rely exclusively on high-fre-
quency stream filtering and edge analytics; while computationally lightweight and scala-
ble, they lack the underlying physics constraints necessary to accurately diagnose unprec-
edented structural failure modes.

3.2. The Role of the IoT and Sensing Technologies

IoT sensors are the sensory organs of the digital twin, providing real-time data that
animates the virtual model. The type and placement of sensors are critical for accurate
representation. Liu et al. emphasizes that effective implementation of a structural digital
twin (SDT) necessitates careful planning of sensor placement, data acquisition, and ana-
lytic models, ensuring that the system aligns with specific business objectives and expec-
tations [15]. Advanced SHM sensor techniques such as electric resistance strain gauges,
fiber Bragg grating strain gauges, accelerometers, and pressure transducers are commonly
employed to offer detailed insights into the current state of infrastructure [15].

Distributed sensing represents a significant advancement in this area. Bado et al.
highlight that by integrating geometric data with semantic and operational information,
digital twins can accurately simulate and assess the structural health of assets over their
entire service life [21]. This comprehensive approach not only supports infrastructure
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managers in decision-making but also enhances the reliability of maintenance strategies
by mapping temperature, strain, and vibration distributions with high accuracy. As the
deployment of distributed sensing becomes more feasible, the ease of installation and high
sampling frequency further empower digital twins to deliver real-time insights, ulti-
mately refining the resilience and sustainability of infrastructure systems [21].

Furthermore, the application of fiber-optic sensors (FOSs) in conjunction with deep
neural networks demonstrates the high precision achievable. Hielscher et al. developed a
neural network-based digital twin for reinforced concrete bridges that transforms strain
outputs into comprehensive digital twin visualizations, enabling real-time structural an-
alytics [22]. The model’s precision is evidenced by its ability to maintain an average error
of less than 2 kNm for bending moments, and an absolute error below 0.15 mm for deflec-
tions, highlighting its capability to enhance accuracy in structural assessments [22]. Table
3 lists the major sensing options with placements, measurements, and DT value.

Table 3. SHM sensing modalities for DTs.

Modality

Placement Measures Benefit

Electrical resistance strain

gauges

Girders, decks, col- . Crack initiation/trends; load
Local strain
umns paths [15]

Fiber Bragg gratings (FOSs)

Tendons, rebar, long . . . Dense coverage; drift-resistant;
Distributed strain/temperature . )
spans multiplexing [21]

Modal ID, damage localization

Accelerometers Decks, towers, floors  Vibration/ambient response [15]
Th 1 effects, ti

Thermo-hygro sensors Enclosures, bearings Temperature/humidity ermate eC[ZS 1]C ompensation
Load redistributi load

Pressure/load cells Bearings, cables Loads/reactions oad redistribution, overloa

flags [21]
High- ision DT inf
FOS + DNN (bridge example) RC bridges Strain — responses igrrprecision 1 ference

(deflection, moments) [22]

3.3. Integration with BIM

BIM creates a comprehensive digital representation of physical structures. It allows
stakeholders to effectively manage and visualize the entire lifecycle of a project. For many
structural DTs, BIM is the foundational geometric and semantic backbone. While a tradi-
tional BIM model is a rich, static repository of a building’s physical and functional char-
acteristics, it becomes the initial, as-designed state of the digital twin. Girmay Mengesha
Azanaw states that incorporating BIM alongside digital twin technology significantly en-
hances design coordination and collaboration within structural engineering projects [7].

These models can be continuously updated with real-time data when paired with
DTs to enable predictive analysis and proactive maintenance strategies. This integration
underscores the importance of establishing standardized data integration protocols,
which are crucial for maximizing the efficacy of these technologies in monitoring struc-
tural health. The evolution of digital twins with sensor inputs underscores the importance
of continual data flow in optimizing structural performance and preemptively addressing
maintenance needs [23]. As a result, the implementation of digital twin-BIM technologies
not only facilitates superior asset management but also sets a precedent for innovative,
data-driven solutions in the broader field of structural engineering [23]. Figure 1 explains
the two-way exchange between BIM and the live twin. BIM-to-DT flows provide identity,
geometry, and semantics for analysis; DT-to-BIM flows push back change sets and condi-
tion states, keeping BIM “as-is.” It motivates why asset IDs and data alignment (the digital
thread) matter for lifecycle management.
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2

. . Change sets, condition states, KPIs
registry & maintenance / U

2 =/

Figure 1. BIM and DT integration closed loops.

3.4. The Power of Integrating Machine Learning (ML) and Artificial Intelligence (Al)

The integration of deep learning (DL) with digital twin (DT) technology represents a
significant stride towards advancing Construction 4.0, with implications for both automa-
tion and enhanced decision-making capabilities within structural engineering [24]. Con-
struction 4.0 is a concept in which digital tools like BIM and digital twins, IoT sensors,
robotics, automation, and Al are integrated across the project lifecycle to create connected,
data-driven, and highly automated construction processes, with the goals of improving
productivity, safety, quality, and sustainability. By leveraging cognitive abilities, this syn-
ergy allows for the detection of complex actions and the optimization of dynamic pro-
cesses, thereby streamlining operational workflows and improving real-time decision
support. Al and ML are the cognitive engines of the digital twin, turning vast streams of
data into actionable intelligence. They enable prediction, optimization, and autonomous
decision-making that distinguish a digital twin from a simple monitoring system. Re-
searchers are utilizing multiple back-propagation artificial neural networks (BP-ANNs) to
enhance the “cognitive” layer of the DT and reconstruct structural responses under vehic-
ular loading, which reduces the requirement for exhaustive baseline data and precise
damage localization [25].

Specific applications are numerous; for instance, Liu et al. demonstrated the applica-
tion of DT in predicting the impact responses of prestressed steel structures by integrating
machine learning (ML) with high-fidelity DTs [14]. This approach not only improves the
understanding of how key structural components respond to various impacts but also
facilitates data-driven strategies for maintenance and resilience. Similarly, Zhu and Wang
showcased the innovative fusion of digital twins with random forest algorithms to trans-
form the safety analysis of prestressed steel structures [26]. This method allows for real-
time extraction and analysis of critical design and mechanical parameters, enhancing the
accuracy of structural safety assessments and underpinning an intelligent control strategy
for maintaining structural safety. The current state-of-the-art approaches are transitioning
from purely data-driven black-box models to Physics-Informed Neural Networks
(PINNS), which embed structural mechanics and governing physical laws directly into
the learning process to improve predictive reliability [27].

Despite the expanded integration of these AI/ML models, their deployment in prac-
tical structural twins faces stringent training data requirements, rigorous model valida-
tion procedures, and clear operational limitations. To prevent predictive drift and false
alarms, deep architectures require vast, multimodal training datasets that encompass bal-
anced distributions of both pristine states and structural damage scenarios. In terms of
practical implementation, the primary limitations include the extreme computational la-
tency encountered when executing large neural networks on low-power edge gateways,
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the lack of interpretability inherent in data-driven “black-box” models which impedes en-
gineering trust, and the vulnerability of the predictive engines to sensor drifting or packet
loss, requiring automated data-cleansing and data-imputation protocols to maintain de-
cision-making continuity. Because structural damage data from operational assets is in-
herently scarce, models must often rely on synthetic data generated via validated high-
fidelity FEM simulations, introducing structural-domain-gap challenges. Consequently,
model validation cannot depend solely on standard statistical metrics (e.g., R? or Root
Mean Square Error); it demands split-sample cross-validation using blind experimental
data, combined with long-term field benchmarking to verify the model’s robust sensitivity
under varying ambient noise levels.

Cloud-based platforms further amplify this capability. Dang et al. proposed a cloud-
based digital twinning framework for structural health monitoring that integrates deep
learning [17]. These frameworks leverage cloud computing to seamlessly link structural
components with digital models, enhancing the interaction between physical structures
and human interventions. By utilizing advanced algorithms and a user-friendly interface,
they enable precise damage detection, achieving an impressive accuracy rate of 92% in
case studies involving both model and real bridge structures [17]. Figure 2 outlines the
core analytics tasks, anomaly detection, diagnosis, prognosis (RUL), impact prediction,
and safety factor analysis, along with inputs and outputs. It shows how physics and ML
complement each other and where to introduce more advanced models over time.

AI/ML Tasks in the DT

|

|

A 4

|

'

Anomaly detection

Damage diagnosis

Prognosis (RUL)

Impact response
prediction

Safety factor analysis

. 2

. 2

y

. 2

L 2

Input: Denoised
streams, features
(FFT, modes)
Output: Alerts;
adaptive thresholds

Input: Multimodal
features + physics
priors

Output: Location/
type/severity

Input: Tempaoral
degradation patterns
Output: Remaining
useful life; risk
trajectories

Input: Events +
structural parameters
Qutput: Remaining
useful life; risk
trajectories

Input: EDesign/
mechanical params
Output: Safety-
influencing factors;
controls

Figure 2. AI/ML tasks in digital twin.

Sarasin et al. further highlighted the role of Al-enabled and physics-based digital
twin architectures in SHM through a framework developed for next-generation landing-
gear systems. Their study proposed an SHM-based DT architecture that integrates high-
fidelity FE models, sensor data, connectivity, Al, and physics-informed AI simulation
models within an MBSE environment to support fatigue analysis and condition-based
maintenance. The framework is significant because it shows how DT-SHM systems can
be designed from the early development stage to support predictive maintenance, reduce
downtime, and improve reliability in safety-critical structures [28].

3.5. Data Management and Interoperability: The Digital Thread

DT is increasingly valued as an emerging technology for its potential to optimize
asset operation and maintenance in bridge management. However, existing DT applica-
tions and traditional bridge management systems typically rely on standalone BIM or GIS
platforms, with limited integration between BIM and GIS [29].

https://doi.org/10.3390/app16136524


https://doi.org/10.3390/app16136524

Appl. Sci. 2026, 16, 6524

9 of 22

By seamlessly connecting data across the design, construction, and operational
phases, DTs can offer real-time insights that enhance decision-making and performance
optimization. This interconnected approach addresses a critical challenge in maximizing
the potential of digital twins, as it ensures that the flow of information is continuous and
coherent throughout the entire process [30]. The concept of the “digital thread” is critical
for a coherent DT. It refers to the seamless flow of data across the entire lifecycle of a
structure from design and construction to operation and maintenance. Iranshahi et al.
stated that the integration of DT in structural engineering projects with the digital thread
presents a transformative opportunity for advancing lifecycle management [30].

Recent work has also emphasized that the effectiveness of digital twins depends not
only on sensing and simulation capabilities, but also on the standardized management,
exchange, and contextualization of as-built and as-is data within an interoperable digital
environment. Bornholdt et al. demonstrated this in a digital twin-based SHM framework
for dikes, where a standard-compliant BIM model, linked with sensor streams through a
customized webform and communication protocols based on the OGC SensorThings API,
enabled model-based visualization and condition assessment. Their study further high-
lighted the need to structure DT workflows around requirements such as integrating ge-
ometry, material and condition data, filtering and aggregating sensor inputs, localizing
damage in relation to structural elements, and providing customizable visualization for
stakeholders. This contribution is important because it shows that interoperability is not
merely a software concern, but a foundational requirement for scalable predictive mainte-
nance and resilient infrastructure management across different structure types [31].

However, due to the heterogeneity of data sources and models, achieving this seam-
less flow is a significant challenge. Bordeleau et al. suggest that incorporating Model-
Driven Engineering (MDE) techniques into Dt offers promising solutions [32]. MDE facil-
itates the management of heterogeneous models that are crucial for accurately reflecting
the complexities of real-world construction projects. This approach ensures that DTs re-
main synchronized with their physical counterparts to enhance the precision and reliabil-
ity of simulations and analyses.

3.6. Emerging Frontiers: Edge-Al and Vision-Based Digital Twins

The traditional DT frameworks heavily rely on centralized cloud-based processing.
Recently, to manage the massive high-frequency data streams required for modern SHM,
the field has been rapidly shifting toward a decentralized and intelligent architecture. Two
technological synergies primarily drive this evolution:

e Edge Computing and Real-Time Processing: To overcome the inherent latency and
bandwidth bottlenecks of cloud-only systems, modern DTs are adopting Edge-Al By
moving computational tasks such as signal denoising, FFT-based feature extraction,
and initial anomaly detection directly to the sensor gateway, the system can trigger
near-instantaneous safety alerts for dynamic events such as seismic shifts or vehicle
impacts. This decentralized approach significantly reduces the data volume trans-
mitted to the cloud while preserving the high temporal fidelity essential for modal
analysis. This technology has been considered in recent research as a novel solution
for structural damage monitoring and detection [33]. Due to high installation costs
and complexity, traditional wired systems are limited. On the other hand, existing
wireless systems still face cost, synchronization, and reliability issues. Furthermore,
cloud-based methods struggle to meet real-time and bandwidth constraints for ex-
treme event detection in edge environments. To resolve these barriers, the SHM sys-
tem based on edge computing can achieve less than 1% accuracy loss and 35% reduc-
tion in power consumption [34].
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e Vision-Based and Non-Contact Sensing: To monitor critical bridge components,
modern IoT-driven systems are now incorporating cloud-based computer vision for
long-term health assessment by providing a non-contact alternative to traditional dis-
placement sensors [35]. The integration of computer vision (CV), unlike traditional
physical sensors, is transforming how DTs maintain “as-is” geometric accuracy. En-
gineers can now automate the detection of surface cracks or corrosion using high-
resolution cameras and Unmanned Aerial Vehicles (UAVs). This technology pre-
serves the structural features of crack edges and enhances the image contrast. This
provides a high-quality data foundation for the detection network. It also reduces
parameter count and computation [36].

4. DT Applications in Structural Engineering

Integrating DT technologies into structural engineering enables a vast array of appli-
cations that are revolutionizing practices. These applications span the entire lifecycle of a
structure and offer tangible benefits in safety, efficiency, and cost-effectiveness. Figure 3
maps representative DT use cases to each lifecycle phase, including design, construction,
operations, maintenance, and end of life (EOL). With clear, measurable benefits such as
Operating Expenditure (OPEX).

Lifecycle applications of DTs

A 4 A 4 Yy h 4 A 4
Design Construction Operations Maintenance End-ol-Lile
Virtual prototyping, Site/equipment Predictive .
protoLyping. e/equip . - - Decommission
performance monitoring, safety SHM, anomaly scheduling, risk- . .
. . . . . ; planning, materials
simulation, 4D analytics. progress alerts, baselining based inspection, recovery
sequencing verification what-if retrofits -

v

v v v v

Fewer RFTs/clashes:
design—huild
fidelity

Early defect
detection; fewer
unplanned outages

Safer LOL;
circularity insights

Lower OPLEX;
longer service life

Reduced incidents;
schedule adherence

Figure 3. Digital twin application over the lifecycle of structures.

4.1. Structural Health Monitoring (SHM) and Predictive Maintenance

SHM is one of the most prominent and impactful applications of DTs. Engineers can
detect anomalies, assess damage, and predict remaining useful life by continuously com-
paring real-time sensor data with the expected behavior simulated by the digital model.
Liu et al. detail the application of structural health monitoring (SHM) for structural digital
twins, utilizing advanced SHM sensor techniques to offer detailed insights into the current
state of infrastructure [15]. This approach allows for real-time data processing and analy-
sis. It provides critical information to preemptively address structural deficiencies and
extend the lifespan of engineering assets.

An intelligent BIM-DT framework for real-time SHM integrated with wireless IoT
sensing and digital signal processing was introduced by Hu et al. [18]. This framework
enhances existing BIM-based SHM systems by leveraging IoT for continuous sensor data
collection and applying DSP techniques to refine sensor inputs, thereby improving the
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accuracy of structural analysis and visualization. Tested on a prototype structural frame,
this approach demonstrated a high update frequency for digital twins, showcasing its po-
tential to transform civil infrastructure asset management through enhanced real-time
monitoring capabilities [18].

The application extends to specific structure types with high precision. Hielscher et
al. demonstrated a neural network-based digital twin for reinforced concrete bridges that
provides exceptionally reliable baseline data, fostering trust in predictive maintenance
strategies [22]. With a predictive mean absolute error under 1 pe during testing, these
digital twins optimize the monitoring of structural integrity and facilitate proactive deci-
sion-making, ensuring sustainable and resilient infrastructure management in dynamic
environments [22].

Xu et al. also demonstrated that digital twins can improve SHM by enabling time-
evolving reliability estimation under changing environmental conditions. Their framework
used installed SHM measurements to update a digital twin model in real time and account
for temperature variations, transducer performance, and noise, thereby supporting more
accurate probability-of-detection assessments than static MAPOD approaches. This work is
important because it shows that DTs can support not only damage detection, but also con-
tinuous performance verification of SHM systems throughout their service life [37].

Crucial to long-term predictive maintenance within the DT framework is the explicit
accounting for slow-acting degradation processes, such as concrete carbonation, reinforce-
ment corrosion, and microstructural material decay. Concrete carbonation alters the inter-
nal chemical baseline, lowering the pH and destroying the passive protective layer around
the reinforcing steel, which subsequently triggers localized or generalized reinforcement
corrosion. These electrochemical changes cause sub-surface volumetric expansion, lead-
ing to concrete spalling, microstructural degradation, and a progressive reduction in the
effective cross-sectional area of load-bearing steel rebars. In future digital twin systems,
these degradation processes must be integrated not merely as static environmental multi-
pliers, but as time-dependent, coupled multi-physics modules. Real-time inputs from spe-
cialized non-destructive sensors (such as relative-humidity probes, embedded corrosion-
rate sensors, and electrochemical impedance spectroscopy arrays) can continually update
the microstructural state variables within an information twin environment. By directly
feeding these live corrosion rates into parallel reduced-order mechanical models, future
DTs can dynamically adjust local stiffness matrices and element capacities, enabling
highly accurate, risk-aware long-term predictions of structural durability and remaining
service life under actual aggressive environmental exposure.

4.2. Design, Construction, and Project Management

By combining augmented reality (AR) and virtual reality (VR) with digital twins,
practitioners can achieve real-time monitoring and optimization of construction pro-
cesses, thereby enhancing precision and reducing errors. This technological synergy is
projected to result in substantial cost savings, with validated 2026 economic assessments
indicating potential reductions of US$950 million in design and construction, and US$400
million in operation and maintenance [38]. DTs are not only for existing structures and
are increasingly used during the phases of design and construction. They enable virtual
prototyping, clash detection, and construction process simulation. The integration of Vir-
tual Design and Construction (VDC) with digital twin technologies presents a promising
avenue for revolutionizing the architecture, engineering, and construction (AEC) industry
[38]. While optimizing for modern occupancy requirements, DT applications in heritage
conservation are evolving to include social dynamics and environmental stressors, ensur-
ing that historical integrity is maintained [39].
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For small and medium enterprises (SMEs), this technology is particularly transforma-
tive. Digital twin technology is particularly beneficial for SMEs within structural engineer-
ing, as it provides a cost-effective means to simulate and predict the behavior of structures
before they are physically built [40]. By leveraging digital twins, SMEs can explore various
design scenarios, identify potential issues, and optimize solutions without the need for ex-
pensive prototypes. This synergy allows SMEs to compete with larger firms by offering so-
phisticated engineering solutions that optimize resource use and mitigate risks [40].

Real-time monitoring of construction sites is another critical application. Talmaki and
Kamat focused on real-time monitoring within DTs to significantly enhance the safety and
operational efficiency of articulated construction equipment. By employing a scalable
technical approach, sensor data from real-world equipment can be seamlessly integrated
into 3D digital models, facilitating concurrent visualization and monitoring of construc-
tion activities. This capability not only aids accident prevention by providing real-time
alerts to operators but also enhances decision-making during critical operations [41].

4.3. Lifecycle Management and Operational Optimization

DTs provide a unified platform for managing a structure throughout its entire opera-
tional life. Gao et al. explored the application of digital twin technology in transportation
infrastructure, underscoring its transformative potential in structural engineering, particu-
larly in addressing design and maintenance challenges [42]. By creating a virtual space with
enhanced real-time state assessment and prediction, DT technology mirrors real-world in-
frastructure through advanced sensor and computing technologies. By managing substan-
tial volumes of monitoring data, digital twins provide engineers with critical insights into
the performance and longevity of structures like railways, bridges, and tunnels [42].

The integration of digital twins, BIM, and Al in structural engineering is poised to
significantly enhance infrastructure lifecycle management by enabling real-time data
monitoring and predictive analysis [7]. From design to demolition, DTs exploration
within construction, according to Yang et al., highlights their broad applicability across
the entire lifecycle of a construction project [43]. This comprehensive approach ensures
that digital twins are not only tools for monitoring but also pivotal in optimizing every
phase of construction. By integrating data and model automation, digital twins facilitate
intelligent system control, ultimately enhancing decision-making processes and improv-
ing project outcomes [43].

4.4. Risk, Safety, and Resilience Analysis

DTs enable engineers to test structures against extreme events and evolving condi-
tions in a safe, virtual environment. Zhu and Wang demonstrated this for prestressed steel
structures, where their digital twin and random forest integration provides an intelligent
analysis model that effectively correlates design and mechanical parameters, delivering
insights into safety-influencing factors [26]. This sophisticated approach not only identi-
fies the key design parameters impacting structural integrity but also underpins an intel-
ligent control strategy for maintaining structural safety.

In managing engineering dynamics, Wagg et al. discussed the use of DTs by offering
innovative solutions to longstanding challenges such as system identification and data-
augmented modeling. This capability is exemplified using DTs in the management of
wind turbine assets, where complex dynamic behaviors are modeled and monitored to
enhance operational efficiency and reliability. Moreover, digital twins facilitate the inte-
gration of uncertainty management and trust quantification, which are essential for estab-
lishing robust and reliable models in engineering [16].

The integration of environmental factors is crucial for accurate resilience analysis. Hu
et al. noted that by considering these factors, DTs can better replicate the dynamic inter-
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play between structures and their surroundings, leading to more precise simulations and
predictions [8]. This integration addresses the limitation of traditional models that often
overlook the environmental conditions” impact on the structural integrity. As engineers
advance these capabilities, the potential to develop more accurate virtual components that
account for real-world interactions becomes a reality, facilitating improved lifecycle man-
agement of infrastructure [8].

4.5. Sustainability and Heritage Preservation

Digital twins are powerful tools for promoting sustainability in the built environ-
ment. Zhang et al. highlighted that digital twin technology’s capacity to transform struc-
tural engineering extends to enhancing sustainability by integrating Building Information
Modeling (BIM) methodologies [44]. This integration facilitates the development of sus-
tainable building designs by addressing current gaps and difficulties in embedding sus-
tainability concepts into structural engineering practices. The combination of digital twins
and BIM not only streamlines the design process but also promotes a more comprehensive
approach to sustainability, ensuring that both environmental and structural integrity are
maintained [44].

Petri et al. further showed that digital twins can support sustainability by enabling
dynamic lifecycle assessment (LCA) based on real-time data rather than static assump-
tions. Their BLDT framework combined IoT data, machine learning, and semantic in-
teroperability to deliver continuous environmental assessment and predictive sustaina-
bility insights in the built environment. This study highlights the potential of DTs to im-
prove environmental decision-making, decarbonisation planning, and lifecycle-based
performance evaluation [45].

DTs offer a non-invasive means to protect culturally significant structures. Vuoto et
al. underscored the application of DT technology in preserving architectural heritage [46].
By enabling real-time monitoring and predictive analytics, DTs offer a sophisticated
means of protecting the structural integrity of historic buildings. This capability is espe-
cially crucial in addressing the uncertainties related to material properties and environ-
mental interactions, which are inherent in heritage structures. As DTs are integrated into
the AECO domain, they move beyond traditional geometric models to facilitate a deeper
understanding of a building’s performance over time [46].

Aroquipa et al. further expanded this direction by proposing an SHM-digital twin
methodology for heritage buildings within a smart-city and disaster-risk-reduction con-
text. Their framework introduced the concept of Intelligent Circular Resilience (ICR) and
outlined a six-stage process including building characterization, virtualization, sensor-
based data retrieval and analysis, DT model updating, result generation, and feedback.
The study is especially relevant because it emphasizes how DTs can support seismic dam-
age assessment, BIM/FEM integration, sensor planning, and long-term resilience strate-
gies for heritage structures under limited-data conditions [47].

4.6. Education and Training

The immersive nature of digital twins makes them ideal for educational purposes.
Maksimovi¢ and Davidovi¢ detailed the role of DT in transforming engineering education
by providing students with interactive and immersive learning experiences, particularly in
structural engineering [48]. The use of digital twins in educational settings enables learners
to engage with complex engineering concepts through realistic simulations, thereby enhanc-
ing their understanding and retention of knowledge. This innovative approach prepares
future engineers to tackle real-world challenges with greater competence and confidence by
bridging the gap between theoretical knowledge and practical application [48].
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4.7. Comparative Synthesis and Empirical Boundaries of Core Reviewed DT Domains

To transform the compiled review of DT approaches from an isolated descriptive

summary into an evaluative engineering framework, the core operational application do-

mains and technical components reviewed in this study must be critically cross-examined.

Table 4 synthesizes these paradigms across their enabling architectures, explicit perfor-

mance indicators, structural parameters, and data integration boundaries directly estab-

lished in the analyzed literature.

Table 4. Synthesis and critical performance evaluation of core reviewed digital twin environments.

T e . .
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Furthermore, a persistent technical gap across these reviewed digital twin architec-
tures is their heavy focus on the digital, systemic, and macro-structural layers (such as
geometric alignment, spatial data mapping, and macro-deflection tolerances) while mar-
ginally addressing the microstructural, physicochemical degradation processes occurring
within core construction materials. For long-term lifecycle management, digital twins
must expand past macro-telemetry to actively incorporate material kinetics laws that track
concrete carbonation depths, reinforcing-steel rebar electrochemical corrosion rates, and
microstructural matrix degradation under cyclic environmental stressors. Bridging the
gap between macro-level digital tracking and micro-level physical degradation laws re-
mains a critical next step for establishing long-term structural resilience forecasting.

5. Implementation Challenges and Barriers

The widespread adoption of DTs is hindered by a series of significant challenges in
structural engineering despite their immense potential. These barriers are multifaceted,
spanning technical, financial, and organizational domains.

5.1. Technical and Data-Related Challenges

The most frequently cited challenges revolve around data. Madubuike et al. reported
that despite the clear benefits, such as improved planning and construction processes
through virtual representations, the industry must address limitations related to data in-
teroperability and system integration [49]. To ensure accuracy and reliability, the use of
DTs underscores the need for robust data management frameworks to automatically up-
date virtual models with real-time data from physical assets [49].

According to Omrany et al., it is crucial to address challenges such as data integration
and scalability to fully capitalize on the benefits of DTs, which can hinder widespread
deployment [50]. The essential steps towards overcoming these barriers and unlocking
the full potential of DTs include establishing standardized data formats and exploring
semantic data modeling [50]. The integration of interoperable systems and effective data
management practices is cited as a critical requirement for the successful deployment of
digital twins in structural engineering [51]. Cybersecurity is another paramount technical
concern. Mousavi et al. pointed out that cybersecurity concerns and the necessity for
standardized data protocols underscore the importance of interdisciplinary collaboration
to ensure reliable and secure use of digital twins [52]. As these systems often manage crit-
ical infrastructure, the consequences of a cyber-attack could be severe. Table 5 pairs each
commonly reported barrier with pragmatic mitigations.

Xiao et al. also showed that digital twin implementation challenges extend to other
complex infrastructure systems beyond civil structures. In a power grid data center appli-
cation, they used a 5D digital twin architecture and integrated heterogeneous data
sources, including metrics, logs, and traces, to support anomaly detection and root cause
analysis. Their work highlights that a major barrier to effective DT deployment is not only
model development, but also the integration and interpretation of large, multi-source da-
tasets for reliable maintenance decision-making [53].

Table 5. Adoption challenges and actionable mitigations.

Challenge Impact Practical Mitigation
Data quality Fragmented schemas; hard to fuse Open standards/ontologies; digital-thread IDs; QA pipelines
Cybersecurity Critical infra at risk Zero-trust IAM; secure onboardi1.1g; network segmentation; moni-
toring
Upfront cost Sensors/integration seen as expensive Narrow pilots with KPIs; modular scale-out; value tracking
Skills and culture Siloed orgs; lack of data/OT skills Cross-disciplinary teams; playbooks; upskilling
Maturity/TRL Not fully off-the-shelf Start with proven patterns; vendor-neutral architectures
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5.2. Financial and Resource Barriers

The high initial cost of implementation is a major deterrent, especially for smaller
firms. Girmay Mengesha Azanaw noted that despite the advantages of integrating AI with
digital twins and BIM, the implementation of such technologies faces challenges, includ-
ing concerns over high initial costs and the necessity for skilled labor to manage these
complex systems [7]. This is echoed by Yang et al. [43], who identified the need for skilled
technical personnel as a significant concern that must be addressed to fully leverage the
potential of digital twins.

5.3. Organizational and Collaboration Hurdles

In their study on modular integrated construction, Xie and Pan highlighted that chal-
lenges such as the need for interdisciplinary collaboration and the development of stand-
ardized frameworks remain critical for the widespread adoption of DTs [54]. The success-
ful implementation of a DT requires a cultural shift and close collaboration between dis-
ciplines. Ammar et al. identified thirty-four challenges from a practitioner’s perspective,
many of which are organizational, ranging from resistance to change to a lack of clear
standards and protocols [13].

The current maturity of this technology also presents a barrier. Iranshahi et al. re-
ported that the current Technology Readiness Level of digital twins, assessed at 4.8 out of
nine, highlights both the progress made and the remaining potential for further develop-
ment and integration with other digital technologies [30]. This indicates that while the
technology is promising, it is not yet fully mature for off-the-shelf deployment in all struc-
tural engineering contexts.

6. Real-World Implementations and Case Studies

The theoretical potential of DTs is being realized in a growing number of real-world
projects and research implementations. These case studies provide valuable insights into
practical workflows and serve as proof of concept.

6.1. Bridge Digital Twins

Bridges are a common subject for digital twin development due to their critical role in
infrastructure and their exposure to dynamic loads. Giirdiir Broo et al. presented a case study
involving a bridge digital twin implementation that illustrates the multi-layered approach
necessary for successful deployment, emphasizing the critical role of systems, information,
and organizational perspectives [51]. This implementation highlights the critical role of inte-
grating physical, cyber, and service layers to create smart infrastructure systems [51].

Pregnolato et al. provided a seminal example with the digital twin of the Clifton Sus-
pension Bridge; see Figure 4. They proposed a step-by-step workflow process that high-
lights the transition from prototype to practical application. This approach is exemplified
by the digital twin of the Clifton Suspension Bridge, demonstrating the method’s potential
to enhance existing infrastructure management by integrating physical and virtual archi-
tectures. The adoption of this methodology is essential for addressing the knowledge chal-
lenges inherent in digital twin development and realizing its value proposition [55].

Tita et al. elaborated on a DT-BIM technology for bridge management, highlighting
its potential to revolutionize structural engineering through advanced monitoring and
centralized data integration. By seamlessly merging cyber and physical environments,
this technology enables real-time updates and comprehensive health monitoring of bridge
structures, which is crucial for maintaining infrastructure longevity and safety [23].
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Figure 4. Illustration of the sensor deployment as part of the Dashboard project for the Clifton Sus-

pension Bridge. Base image from https://unsplash.com/.

A recent study further strengthens the bridge-DT literature by demonstrating a dig-
ital twin-based SHM framework for a balanced cantilever bridge, a structurally complex
bridge type for which accurate monitoring is particularly challenging [56]. In that work,
the twin was updated using 3D-LiDAR scanning to capture the as-is geometry, Ultrasonic
Pulse Velocity (UPV) testing to estimate the in-service concrete elastic modulus, and ac-
celerometer and piezo-resistive strain gauge measurements to extract modal and strain-
based response characteristics. The study showed that the updated as-is model provided
better agreement with measured bridge behavior than the original design model, while
dynamic strain patterns and neutral axis depth served as sensitive indicators for local con-
dition assessment and future damage detection. This case study is important because it
illustrates how geometric deviations, material-property evolution, and field-measured
dynamic response can be fused into a validated DT workflow for predictive maintenance
and long-term bridge management [56].

6.2. Industrial and Other Infrastructure Applications

Beyond bridges, digital twins are being applied to a variety of other structures.
Mahmoodian et al. demonstrated the application of a novel digital twin architecture at the
Dalrymple Bay Coal Terminal, showcasing its capability to monitor structural perfor-
mance in real time, enabling timely interventions and predictive maintenance strategies.
This approach not only enhances the operational efficiency of infrastructures but also pro-
longs their service life by preemptively addressing potential issues [57].

Shi et al. reviewed the development and application of digital twin techniques in steel
structures, highlighting global contributions that have enriched the application scope of
digital twins, fostering innovations in material deformation and structural monitoring
[58]. By integrating digital twins with infrastructure maintenance and fatigue assessment,
engineers can achieve superior precision and efficiency in managing steel structures [58].

7. Future Directions and Emerging Trends

The evolution of digital twin technology is rapid, with several emerging trends point-
ing towards an even more integrated and intelligent future for structural engineering.
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7.1. Advanced Integration with Al and Cognitive Capabilities

The development of a conceptual framework model facilitates interoperable func-
tionality, enabling autonomous interpretation and control throughout the project lifecy-
cle. This integration not only enhances the efficiency of construction processes but also
supports adaptive learning systems that can evolve in response to environmental and pro-
ject-specific changes [24]. The fusion of Al with digital twins is expected to deepen. Kor et
al. suggested that the integration of deep learning (DL) with digital twin (DT) technology
will drive innovation in Construction 4.0 [24].

7.2. Cloud Computing, Edge Computing, and Metaverse

As models become more complex and data rates increase, edge computing will process
data closer to the source to reduce latency, while cloud platforms will handle large-scale
analytics and storage. The computational demands of DTs make cloud and edge computing
essential. Dang et al. already demonstrated the power of cloud-based DT for SHM [17].

Furthermore, integration with extended reality (XR) and the metaverse offers exciting
possibilities. Yao et al. discussed how DT offers exciting possibilities for structural engineer-
ing when integrating with extended reality (XR) and the metaverse. This enables more im-
mersive and interactive project visualization [59]. Engineers can conduct virtual simulations
that enhance the understanding of complex systems and facilitate more effective decision-
making processes by leveraging these advanced technologies. This fusion allows for real-
time collaboration among stakeholders, irrespective of their physical location [59].

7.3. Standardization and Maturation of Frameworks

Standardized frameworks and protocols are essential for DTs to become mainstream.
Future efforts will likely focus on developing these standards to ensure interoperability
between different systems and vendors. The work by Bordeleau et al. on Model-Driven
Engineering (MDE) and by Iranshahi et al. on the digital thread points towards a future
where data flow is more structured and automated [30,32]. As technology matures, its
Technology Readiness Level is expected to increase, making it more accessible and relia-
ble for a broader range of applications [30].

7.4. Human-Centric and Socio-Technical Systems

DT’s future will not be purely technological. It will increasingly focus on human-in-
the-loop models. Rafsanjani and Nabizadeh indicated that as the industry moves towards
automation, the synergy of VDC, AR/VR, and DTs with artificial intelligence presents op-
portunities for developing human-centered approaches. These approaches will not only
streamline work progress, but will also improve safety standards [38]. This human-centric
focus will ensure that technology augments human expertise rather than replacing it.

8. Conclusions

DT technology has moved the structural engineering industry from static to dynamic
and predictive. This review has synthesized a vast body of literature to demonstrate that
by creating a living digital counterpart of a physical structure, engineers can achieve un-
precedented levels of insight into structural behavior, performance, and health. The core
of this capability lies in the integration of technologies that form a closed-loop system for
continuous monitoring, analysis, and optimization, such as BIM, Al, ML, IoT sensing, and
cloud computing.

However, the path to widespread adoption is not without significant obstacles. Chal-
lenges related to data interoperability, cybersecurity, high initial investment, and the need
for a skilled workforce and interdisciplinary collaboration remain substantial barriers that
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the industry must collectively address. The current Technology Readiness Level indicates
that while progress is impressive, further development is needed to mature the technol-
ogy for universal application.

The applications are profound and wide-ranging. From enabling predictive mainte-
nance and extending the lifespan of critical infrastructure like bridges and tunnels, to op-
timizing construction processes, enhancing safety on-site, preserving cultural heritage,
and revolutionizing engineering education, digital twins are proving their value across
the entire project lifecycle. Real-world case studies, such as those on the Clifton Suspen-
sion Bridge and the Dalrymple Bay Coal Terminal, provide tangible evidence of the ben-
efits, including improved safety, reduced costs, and enhanced sustainability.

By overcoming these challenges, the structural engineering community can fully har-
ness the transformative power of DT technology, ushering in a new era of resilient, effi-
cient, sustainable, and intelligent infrastructure that can meet the demands of the 21st
century and beyond. DT’s future is exceptionally promising in structural engineering. The
ongoing integration with advanced Al, cloud platforms, and immersive technologies like
Metaverse will unlock even greater capabilities for autonomous decision-making and col-
laborative design. The focus must now be on developing robust standards, addressing
security concerns, lowering implementation barriers, and fostering the necessary cultural
and educational shifts within the industry.
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