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ABSTRACT

Bridges and transportation infrastructure are critical components of modern societies, yet they are in-
creasingly threatened by aging, intensified traffic demands, environmental exposure, and limited mainte-
nance resources. Conventional bridge management practices, largely based on periodic visual inspections
and reactive maintenance, provide only fragmented and static assessments of structural condition, often
failing to detect early-stage damage or predict future performance degradation. These limitations highlight
the urgent need for a paradigm shift toward integrated, data-driven, and predictive infrastructure manage-
ment strategies. In response, this dissertation proposes and validates a Digital Twin (DT)—based frame-
work for long-term bridge structural health monitoring (SHM) and transportation system analysis, integrat-
ing Building Information Modeling (BIM), Global Navigation Satellite System (GNSS) displacement
monitoring, data assimilation and machine learning techniques, and finite element analysis (FEA).

The proposed framework conceptualizes the digital twin as a dynamic virtual representation of a phys-
ical bridge, continuously synchronized with real-world monitoring data and physics-based simulations. Un-
like conventional monitoring systems that merely observe structural responses, the Digital Twin enables
interpretation, numerical validation, prediction, and decision support across the entire infrastructure lifecy-
cle. BIM serves as the geometric and semantic backbone of the Digital Twin, ensuring interoperability
across design, construction, operation, and maintenance phases. High-precision GNSS monitoring is
adopted to capture three-dimensional bridge displacements under operational loads, environmental effects,
and abnormal events, offering unique advantages for long-span and complex bridge systems.

A core challenge addressed in this research is the transformation of noisy and environmentally influ-
enced GNSS measurements into reliable structural displacement information. To overcome this challenge,
the study integrates data assimilation techniques, specifically the Ensemble Kalman Filter (EnKF), with
machine learning—based estimation using Random Forest (RF) models. These methods enhance dis-
placement estimation accuracy, reduce noise and thermal bias, and provide uncertainty quantification,
thereby improving the reliability of Digital Twin—based SHM. The estimated displacements are further val-
idated through physics-based finite element models, including soil-structure interaction effects, ensur-
ing that observed behaviors are structurally consistent and physically interpretable.

The Digital Twin framework is demonstrated through multiple case studies at both the asset and system
levels. At the asset level, BIM-based Digital Twins are developed for bridges to support structural perfor-
mance evaluation, maintenance planning, and post-accident assessment. GNSS-based monitoring is applied
to detect long-term deformation trends and sudden changes resulting from abnormal events such as vessel
collisions, illustrating the framework’s effectiveness in supporting rapid and objective decision-making. At
the system level, the framework is extended to urban transportation analysis using Digital Twin—BIM-based
traffic simulation. A case study in Dili, Timor-Leste, demonstrates how traffic congestion, operational effi-
ciency, and environmental impacts can be evaluated within an integrated digital environment, supporting
evidence-based urban planning and infrastructure policy.

The results demonstrate that the proposed Digital Twin framework significantly enhances displacement
estimation accuracy, enables early anomaly detection through synchronized sensing—simulation comparison,
and supports holistic decision-making by linking structural performance with transportation system behav-
ior. Compared to conventional inspection-based approaches, the framework provides richer lifecycle
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insights, improved reliability, and greater scalability. This dissertation contributes a validated, multi-layer
Digital Twin methodology for bridges and transportation infrastructure, offering practical guidance for im-
plementation in both developed and developing contexts. Ultimately, the research supports the transition
from reactive infrastructure management toward proactive, predictive, and resilient digital infrastructure
systems.

Consequently, the summary of each chapter is as follows:

1. Chapter 2. Conceptual Foundations and Related Work for Operational Digital Twins of Bridge
Infrastructure

This chapter reviews the theoretical foundations of Digital Twin technology within the context of In-
dustry 4.0 and digital transformation in civil infrastructure. It examines key enabling technologies, including
10T, GNSS, Al cloud computing, and BIM, and reviews state-of-the-art structural health monitoring (SHM)
technologies for bridges. The chapter also discusses advanced data analytics, sensor fusion, and finite ele-
ment analysis as essential components of Digital Twin systems. Research gaps related to interoperability,
scalability, and integration of sensing and simulation are identified, establishing the foundation for the pro-
posed framework.

2. Chapter 3. Integrated Digital Twin Framework for transportation Infrastructure Management

Chapter 3 presents the overall Digital Twin framework developed in this dissertation. It defines the
system architecture integrating BIM-based modeling, GNSS displacement monitoring, data assimilation and
machine learning techniques, finite element validation, and traffic management modules. The chapter ex-
plains how real-time data flows enable closed-loop interaction between physical assets and their digital
counterparts, supporting both asset-level SHM and system-level transportation analysis.

3. Chapter 4. DT-BIM-Based Digital Representation and Physics-Based Validation for Bridge In-
frastructure

This chapter focuses on the development of a BIM-based Digital Twin for bridge management using a
prestressed concrete box-girder bridge as a case study. It demonstrates BIM—FEA interoperability for struc-
tural performance evaluation, including displacement, stress distribution, and shear-lag effects. The chapter
illustrates how the Digital Twin supports maintenance planning and structural assessment throughout the
bridge lifecycle.

4. Chapter 5. System Level Traffic Management Using Digital Twin—BIM Technology: A Case
Study in Dili, Timor Leste

Chapter 5 extends the Digital Twin concept to urban transportation systems. A Digital Twin—BIM work-
flow is developed for traffic simulation and management in Dili, Timor-Leste, addressing challenges of
rapid urbanization, congestion, and environmental impact. Traffic demand modeling, simulation, and envi-
ronmental assessment are conducted, demonstrating the applicability of Digital Twins for system-level in-
frastructure planning in developing contexts.



5. Chapter 6. Operational Digital Twin Application under Abnormal and Emergency Conditions

This chapter presents a Digital Twin—based approach for post-accident bridge assessment using GNSS
monitoring integrated with BIM. A real-world vessel collision case study illustrates how GNSS displace-
ment measurements and FEA validation enable rapid, objective evaluation of structural condition, high-
lighting the advantages of Digital Twin—based monitoring over traditional inspection methods.

6. Chapter 7. Data Assimilation and Machine Learning for Bridge Displacement Estimation Using
RTK-GNSS: A Perspective on Robust Prediction and Uncertainty Quantification

Chapter 7 investigates advanced data-driven techniques to improve GNSS displacement estimation. En-
semble Kalman Filtering and Random Forest regression are applied to real monitoring data to reduce noise,
capture thermal effects, and quantify uncertainty. Comparative analysis demonstrates improved accuracy
and robustness relative to conventional processing approaches.

7. Chapter 8. Digital Twin for bridge anomaly detection and validation based on GNSS and FEA

This chapter integrates GNSS monitoring, BIM, and finite element analysis for Digital Twin—based
anomaly detection. Observed bridge deformations are validated against FEA simulations, including soil—
structure interaction effects, demonstrating the ability of the Digital Twin to identify abnormal structural
behavior and validate monitoring data through physics-based models.

8. Chapter 9. Discussions and Conclusions

The final chapter synthesizes the research findings, discusses contributions to knowledge, and evaluates
limitations. It highlights the effectiveness of the proposed Digital Twin framework in enhancing SHM ac-
curacy, decision-making, and system-level analysis, and outlines future research directions, including non-
linear modeling, automation, and large-scale deployment.
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1. Introduction

1.1. Research Motivation and Practical Challenges in Bridge Infrastructure Management

Bridges are critical components of transportation infrastructure, supporting social activities, economic
development, and regional connectivity [1]. In many countries, including Japan, a large proportion of exist-
ing bridges were constructed during periods of rapid economic growth and are now approaching or exceed-
ing their intended service life [2]. As a result, bridge owners and administrators are facing increasing de-
mands for inspection, maintenance, and risk management under constrained financial and human resources

[3].

In response to these challenges, digital technologies have been actively introduced into infrastructure
management [4]. Among them, the concept of the digital twin (DT) has attracted significant attention as a
promising approach for integrating geometric models, sensor data, and analytical tools within a unified
virtual environment [5]. In the context of bridge engineering, digital twins are expected to enhance situa-
tional awareness, support maintenance planning, and improve responses to abnormal events such as acci-
dents or natural hazards [6].

However, despite these expectations, the practical implementation of digital twins in real bridge man-
agement remains limited [7]. Many existing digital twin applications in the architecture, engineering, and
construction (AEC) domain focus primarily on visualization, information sharing, or static model represen-
tation [8]. While such applications improve communication among stakeholders, they often fall short of
supporting engineering-level decision-making for operational bridges [9].

A major obstacle to the operational use of digital twins lies in the nature of structural monitoring data
[10]. Continuous monitoring systems, including Global Navigation Satellite System (GNSS)—based dis-
placement measurements, provide valuable information on bridge behavior under traffic loads and environ-
mental influences [11]. At the same time, these data are inherently affected by measurement noise, environ-
mental disturbances, and non-stationary structural responses [12]. As a result, raw monitoring data cannot
be directly interpreted as reliable indicators of structural condition or performance [13].

Consequently, bridge administrators are confronted with a critical gap between the availability of large
volumes of monitoring data and their effective use for maintenance and management decisions [14]. With-
out appropriate mechanisms to interpret uncertain observations and relate them to physical structural be-
havior, digital twins remain descriptive rather than functional [15]. This situation motivates the need for a
new approach in which digital twins are explicitly designed to operate under uncertainty and to support
engineering decision-making in real bridge infrastructure management as demonstrated in Figure 1.1.
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Figure 1. 1 Digital Twin approaches for Bridge management

1.2. Limitations of Existing Digital Twin Approaches under Uncertain Monitoring Environments

Despite the growing interest in digital twin technologies for bridge infrastructure, a fundamental prob-
lem remains unresolved: existing digital twins cannot reliably function as operational tools under uncertain
monitoring environments[7, 8]. In many current implementations, digital twins are constructed as static or
semi-static representations that rely on pre-defined models and descriptive monitoring data, limiting their
ability to support engineering-level decision making[6].

Structural monitoring systems, such as GNSS-based displacement measurements, have been increas-
ingly introduced to capture the real-time behavior of bridges [11]. These systems provide valuable insights
into structural responses to traffic loads, temperature variations, and environmental effects. However, such
monitoring data are inherently uncertain. Measurement noise, signal interruptions, environmental
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disturbances, and non-stationary structural behavior introduce significant variability, making it difficult to
interpret observed data as reliable indicators of structural condition directly[10, 13].

As a result, most existing digital twin frameworks treat monitoring data as supplementary information
rather than as a core component for system operation [8]. The digital twin is often updated in a descriptive
manner, without explicitly accounting for uncertainty or estimating the underlying structural state [15].
Consequently, the digital twin remains disconnected from physical interpretation and cannot provide robust
support for maintenance planning, anomaly detection, or accident response.

This leads to a critical gap between data availability and practical usability [14]. While large volumes
of monitoring data are collected continuously, bridge administrators lack systematic mechanisms to translate
uncertain observations into actionable engineering knowledge. Without reliable state estimation and physi-
cal consistency checks, digital twins are unable to transition from visualization-oriented platforms to func-
tional cyber—physical systems [5, 6].

Therefore, the central problem addressed in this dissertation is the absence of a digital twin framework
that can robustly operate under uncertain and noisy structural monitoring environments, enabling reliable
interpretation of monitoring data and supporting engineering decision-making for real bridge infrastructure.
Addressing this problem requires rethinking the role of digital twins from static information models to sys-
tems that explicitly integrate uncertainty, estimation, and physical validation.

1.3. Research Objective and Dissertation Positioning

Based on the problem identified in the preceding section, this dissertation defines its research objective
and clarifies its academic and practical positioning within the field of bridge infrastructure management.

This doctoral dissertation aims to establish a practical and engineering-oriented framework for digital
twins of bridge infrastructure, capable of functioning under uncertain and noisy observation environments.

While the concept of digital twins has been widely discussed in the context of visualization and infor-
mation integration, their practical deployment in real bridge management remains limited by the reliability
of sensor observations, model uncertainty, and the lack of systematic decision-support mechanisms. In par-
ticular, continuous structural monitoring data obtained from GNSS are inherently affected by noise, envi-
ronmental disturbances, and non-stationary behavior, which hinder their direct use for infrastructure man-
agement.

To address this challenge, this dissertation positions the digital twin not as a static information model,
but as a dynamic state-estimation and decision-support system. An integrated framework is proposed in
which GNSS-based displacement monitoring is combined with probabilistic data assimilation and machine
learning techniques to robustly estimate bridge behavior under uncertainty. Finite element analysis is further
incorporated to verify the physical consistency of the estimated states, thereby enhancing the reliability of
the digital twin as demonstrated in Figure 1.2.



Furthermore, this research extends the application of the proposed digital twin framework beyond struc-
tural response evaluation to bridge management and transportation system analysis, demonstrating its

potential for supporting infrastructure maintenance, accident response, and evidence-based policy making.
Through multiple real-world case studies, this dissertation demonstrates how a digital twin can evolve from
a visualization-oriented model into an operational cyber—physical system that supports informed decision-
making throughout the lifecycle of bridge infrastructure.

GNSS Monitoring Data
(Uncertain)

DYNAMIC STATE ESTIMATION
& DECISION SUPPORT

Probabilistic Data Integrated Analysis
Assimilation & ML (Physical Consistency)
22
Infrastructure Accident Evidence-Based
Maintenance Response Policy Making

Figure 1. 2 Digital Twin Framework for Infrastructure Management

1.4. Concept of an Operational Digital Twin for Bridge Infrastructure

In this dissertation, the term operational digital twin is used to describe a digital twin that actively sup-
ports engineering interpretation and decision making for real bridge infrastructure, rather than serving solely
as a static information model or visualization platform [6, 16]. This concept emphasizes functionality under
real-world conditions, where monitoring data is uncertain and structural behavior is influenced by complex
environmental and operational factors[17].

An operational digital twin is characterized by its ability to continuously interpret monitoring data in
relation to the physical behavior of the structure[18]. In the context of bridge infrastructure, this requires
more than the integration of geometric models and sensor data[7]. It necessitates a systematic mechanism
to estimate the underlying structural state from noisy observations and to assess the physical plausibility of
the estimated behavior. Without such mechanisms, the digital twin remains descriptive and cannot reliably
support maintenance planning or abnormal event response[5, 19].



Accordingly, this dissertation defines an operational digital twin for bridge infrastructure as a cyber—
physical system that integrates three essential components: (1) continuous structural monitoring, (2) robust
state estimation under uncertainty, and (3) physical verification based on structural mechanics. GNSS-based
displacement monitoring provides time-series observations of bridge behavior, while probabilistic data as-
similation and machine learning techniques are employed to estimate the structural state from uncertain
measurements. Finite element analysis is incorporated to evaluate the physical consistency of the estimated
responses and to link observed behavior with structural mechanics.

This definition distinguishes the proposed digital twin framework from existing digital twin implemen-
tations that primarily focus on visualization or data aggregation. By explicitly embedding state estimation
and physical validation within the digital twin architecture, the proposed approach enables the digital twin
to function as an engineering system capable of supporting decision-making throughout the bridge lifecycle.

The concept of an operational digital twin presented in this dissertation serves as the theoretical foun-
dation for the integrated framework developed in the subsequent chapters. To summarize the logical struc-
ture of this research and the role of the proposed framework, Fig. 1.3 provides an overview of the progres-
sive development from infrastructure challenges to integrated decision support.

Infrastructure Challenges
® Aging infrastructure *Increasing traffic load e Environmental exposure

Limitations of Conventional Maintenance Approaches
 Periodic inspections e Reactive maintenance e« Static condition snapshots

I
Need for an Operational Digital Twin
Reliable decision support under uncertain monitoring environments

v 2
Operational Digital Twin Framework
* BIM-based digital representation * Uncertainty-aware state estimation
¢ Uncertainty-aware state estimation * Physical validation using structural mechanics
¥ _ 7
Application Layer Reliability Layer
* Bridge management * Post-accident assessment * Probabilistic data assimilation * Machine leaming-based prediction
« Static condition snapshots « Uncertainty-aware state estimation * Finite element-based validation
¥ ¥

« Lifecycle-oriented bridge management « Risk-informed decision making

Integrated Decision Support and Future Development
* Path toward advanced digital twin systems

Figure 1. 3 Logical structures of the proposed operational digital twin framework for bridge infrastructure
under uncertain monitoring environments.

As shown in Fig. 1.3, this dissertation starts from the challenges associated with aging infrastructure
and the limitations of conventional maintenance approaches, which motivate the need for an operational
digital twin that can provide reliable decision support under uncertain monitoring environments. The pro-
posed framework integrates a BIM-based digital representation with GNSS-based displacement monitoring,
uncertainty-aware state estimation, and physical validation grounded in structural mechanics. Building upon
this core, the application layer demonstrates practical use cases in bridge management, traffic management,



and post-accident assessment, while the reliability layer strengthens robustness through probabilistic data
assimilation, machine learning, and finite element—based validation.

1.5. Scope of the Dissertation and Research Contributions

The scope of this dissertation is defined by the development, validation, and application of an opera-
tional digital twin framework for bridge infrastructure operating under uncertain monitoring environments.
The research focuses primarily on bridges equipped with continuous GNSS-based displacement monitoring
systems, where structural responses are affected by environmental variability, measurement noise, and non-
stationary behavior. While the proposed framework is discussed in the context of bridge infrastructure, the
methodological components are designed to be extensible to other civil infrastructure systems that require
reliable state estimation and decision support.

Within this scope, this dissertation makes the following principal research contributions. First, it pro-
poses a practical operational digital twin framework that explicitly integrates continuous monitoring, uncer-
tainty-aware state estimation, and physics-based verification. By positioning the digital twin as a dynamic
cyber—physical system rather than a static information model, the framework enables engineering interpre-
tation and decision support under real-world conditions.

Second, this research advances the use of GNSS-based displacement monitoring for bridge infrastruc-
ture by addressing its inherent uncertainty through probabilistic data assimilation and machine learning
techniques. The proposed approach enables robust estimation of structural states from noisy and incomplete
observations, thereby improving the reliability of monitoring-based assessments.

Third, the dissertation demonstrates a systematic method for linking estimated structural responses with
physical models using finite element analysis. This physical verification process provides a mechanism to
assess the plausibility of estimated behaviors and strengthens the credibility of the digital twin as an engi-
neering tool.

Finally, the proposed operational digital twin framework is applied to multiple real-world case studies,
including bridge management, traffic-related response evaluation, and post-accident assessment. These ap-
plications illustrate how the digital twin can support maintenance planning, abnormal event response, and
evidence-based decision making, and demonstrate its potential role in lifecycle-oriented infrastructure man-
agement.

1.6. Structure of the Dissertation

This dissertation is organized into nine chapters, each contributing to the development and validation
of an operational digital twin framework for bridge infrastructure under uncertain monitoring environments.
Chapter 1 introduces the research motivation, problem definition, conceptual positioning, scope, and con-
tributions of the study. Chapter 2 reviews related studies on digital twins, bridge structural health monitoring,
GNSS-based displacement monitoring, and state estimation methods, and clarifies the research gaps ad-
dressed in this dissertation. Chapter 3 presents the overall architecture of the proposed operational digital
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twin framework. Chapters 4 through 8 describe the methodological development, physical verification, and
practical applications of the framework, including BIM-based digital representation, state estimation, phys-
ical validation, and real-world case studies. Finally, Chapter 9 summarizes the main findings and discusses
conclusions and future research directions.
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2.

2.1.

Conceptual Foundations and Related Work for
Operational Digital Twins of Bridge Infrastruc-
ture

Digital Twin Concepts in Civil and Infrastructure Engineering

2.1.1 Definitions and Evolution of Digital Twins

The concept of the digital twin was originally introduced in the context of product lifecycle man-
agement, where it referred to a digital representation of a physical asset that evolves alongside its real-
world counterpart [1]. Early definitions emphasized the use of digital models to mirror physical systems
throughout their lifecycle, enabling improved design, monitoring, and maintenance through data-driven
insights[ 1, 2]. In this initial stage, digital twins were primarily associated with manufacturing systems,
where controlled environments and repeatable processes allowed close synchronization between phys-
ical assets and their digital representations[3].

As the concept matured, distinctions emerged between digital models, digital shadows, and digital
twins[3]. A digital model typically represents a static or periodically updated representation of a phys-
ical system, while a digital shadow incorporates unidirectional data flow from the physical asset to the
digital domain. In contrast, a digital twin is characterized by bidirectional interaction, in which infor-
mation flows continuously between the physical and digital systems| 1, 3]. This bidirectional coupling
enables not only observation but also interpretation and, in some cases, intervention based on the digital
representation[2].

With the expansion of sensing, communication, and computational technologies, the scope of digital
twins has extended beyond manufacturing to complex, open systems such as buildings, cities, and civil
infrastructure[4, 5]. In these contexts, digital twins are increasingly expected to support real-time mon-
itoring, predictive analysis, and decision-making under uncertain and dynamic conditions[6]. Conse-
quently, the definition of a digital twin has evolved from a static or descriptive model toward a dynamic,
data-driven representation that continuously reflects the state of the physical system[2, 7].This explana-
tion ca be demonstrated as in Figure 2.1.
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Figure 2. 1 Definition and Evolution of Digital Twins

Despite this evolution, the term “digital twin” is still used inconsistently across the literature, often
referring to systems with varying levels of data integration, model fidelity, and functional capability. In
many studies, digital twins remain focused on visualization or information integration, without explic-
itly addressing how observed data are interpreted in relation to the underlying physical behavior of the
system. This diversity in usage highlights the need for a clearer conceptual distinction when applying
digital twin concepts to engineering decision support, particularly in domains characterized by uncer-
tainty and limited observability.

2.1.2 Digital Twins as Cyber—Physical Systems

Digital twins are closely related to the broader concept of cyber—physical systems (CPS), which
describe systems in which physical processes are tightly integrated with computational models through
sensing, communication, and control [8, 9]. In a CPS, the physical system and its cyber representation
form a closed loop, where measurements from the physical domain are continuously used to update the
cyber model, and the results of computation and analysis can influence physical operation or decision
making. Within this framework, a digital twin can be regarded as a core cyber component that represents
the evolving state of the physical system[8] as demonstrated in Figure 2.2.

From a CPS perspective, the defining feature of a digital twin is not merely the coexistence of
physical and digital components, but the continuous coupling between them. This coupling is typically
realized through sensor networks that acquire observations of the physical system, data processing
mechanisms for interpretation, and models representing system behavior in the cyber domain. The ef-
fectiveness of a digital twin, therefore, depends on how reliably the cyber representation can reflect the
true state of the physical system, particularly when observations are incomplete, noisy, or affected by
environmental disturbances[10, 11].
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In many existing CPS-oriented digital twin implementations, the emphasis is placed on data con-
nectivity and real-time information flow [8]. While such connectivity enables timely access to monitor-
ing data, it does not, by itself, guarantee that the cyber model accurately represents the underlying phys-
ical behavior[11]. Without explicit mechanisms for state estimation and validation, the digital twin may
remain a data-driven mirror that reproduces observed signals without interpreting their physical mean-
ing. This limitation becomes critical in engineering applications where decisions must be grounded in
an understanding of structural response and system behavior.

For civil and infrastructure systems, the CPS interpretation of digital twins is further complicated
by the scale, longevity, and safety-critical nature of the assets[12]. Unlike manufacturing systems, where
control actions can often be directly implemented, infrastructure-oriented digital twins primarily support
engineering assessment and decision making rather than direct control. As a result, the role of the digital
twin within a CPS shift from real-time actuation toward continuous state interpretation and reliability
assessment, highlighting the importance of robust estimation and physically consistent modeling.

These considerations indicate that, when digital twins are viewed as cyber—physical systems, their
functional value depends not only on data integration but also on the ability to infer and validate the
physical state of the system. This observation is particularly relevant for civil infrastructure applications,
where uncertainty and limited observability are inherent. The next section, therefore, examines how
digital twin concepts have been adapted to civil and infrastructure engineering, and discusses the spe-
cific challenges associated with applying CPS-based digital twins to long-lived structural systems.

State
Estimation

Data
Validation

Anomaly
Detection

Sensors Simulation & Prediction
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Figure 2.2 Digital Twins as Cyber-Physical Systems

2.1.3 Digital Twins in Civil and Infrastructure Engineering

The application of digital twin concepts to civil and infrastructure engineering differs fundamentally
from their implementation in manufacturing systems[2, 13]. Civil infrastructure assets, such as bridges,
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tunnels, and transportation networks, are typically long-lived, large-scale, and unique systems that are
exposed to complex environmental and operational conditions throughout their service life[ 1, 14]. These
characteristics impose significant constraints on how digital twins can be constructed, updated, and uti-
lized in infrastructure contexts[5, 6].

In contrast to manufacturing environments, where digital twins often operate within controlled and
repeatable processes, infrastructure-oriented digital twins must function under uncontrolled and uncer-
tain conditions[2, 15]. Structural behavior is influenced by variable traffic loads, environmental effects
such as temperature and wind, material aging, and occasional extreme events| 14, 16]. Moreover, infra-
structure systems cannot be subjected to controlled experiments or frequent physical interventions, mak-
ing direct validation of digital models inherently challenging[17]. As a result, digital twins for civil
infrastructure must rely on limited and noisy observations to infer system behavior over long-time ho-
rizons|[5, 6].

Within civil infrastructure engineering, Building Information Modeling (BIM) commonly serves as
the foundation for digital twin implementations[14,15]. BIM provides a structured digital representation
that integrates geometric, semantic, and attribute information, enabling consistent management of de-
sign, construction, and maintenance data[15, 18]. When combined with continuous monitoring systems,
BIM-based digital twins can support the visualization of structural conditions, integration of inspection
records, and contextual interpretation of sensor data[14, 19]. However, BIM alone does not represent
the dynamic structural state, and additional analytical mechanisms are required to interpret monitoring
data in terms of structural behavior[6, 17]. The clear path can be seen in Figure 2.3.
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Figure 2.3 Digital Twin for Infrastructure Management.
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Recent studies have explored the integration of various sensing technologies, such as GNSS, accel-
erometers, strain gauges, vision-based systems, and wireless sensor networks, into infrastructure-ori-
ented digital twins[20, 21]. These sensing modalities enable the acquisition of time-series data related
to displacement, vibration, and deformation, which are essential for assessing structural performance[14,
17]. Nevertheless, the presence of measurement noise, environmental disturbances, and data gaps often
limits the direct use of these observations for engineering assessment. Consequently, the effectiveness
of infrastructure digital twins depends on how monitoring data are processed and interpreted rather than
on data availability alone.

These characteristics highlight a key distinction between digital twins in civil infrastructure and
those in other domains: the primary role of the digital twin is not real-time control but engineering
interpretation and decision support under uncertainty. To fulfill this role, infrastructure-oriented digital
twins must go beyond visualization and data aggregation and instead incorporate mechanisms that can
robustly estimate structural state and assess the physical plausibility of observed behavior. This require-
ment motivates a critical examination of existing infrastructure digital twin implementations, which is
discussed in the following section.

2.1.4 Limitations of Existing Infrastructure-Oriented Digital Twins

Despite the growing interest in digital twin applications for civil infrastructure, many existing im-
plementations remain limited in their ability to support reliable engineering decision-making[5, 23]. A
common characteristic of current infrastructure-oriented digital twins is their emphasis on visualization,
data integration, and information management, rather than on the explicit interpretation of structural
behavior[ 14, 23]. While these functions improve data accessibility and situational awareness, they do
not, by themselves, ensure that the digital representation accurately reflects the physical state of the
structure[17].

One major limitation lies in the treatment of monitoring data[20, 22]. In many digital twin imple-
mentations, sensor measurements are directly mapped onto the digital model without rigorous consid-
eration of measurement uncertainty, environmental effects, or non-stationary behavior[24, 25]. As a
result, observed data are often interpreted at face value, even though they may be significantly affected
by noise, temperature variations, sensor drift, or data gaps. Without systematic state estimation mecha-
nisms, it is difficult to distinguish between true structural responses and apparent changes caused by
external disturbances or measurement artifacts.

Another limitation concerns the lack of explicit physical validation[5, 17]. Although numerical
models such as finite element models are sometimes incorporated into digital twin platforms, they are
frequently used in an offline or illustrative manner[2, 13]. In many cases, there is no formal process to
assess the consistency between estimated structural responses and the governing principles of structural
mechanics[17, 26]. Consequently, the digital twin may produce representations that are visually plausi-
ble but physically questionable, undermining its credibility as an engineering tool[5].

Furthermore, existing infrastructure digital twins often lack a clear functional definition of their role
within the asset management process[23, 28]. The objectives of the digital twin, whether for condition
assessment, anomaly detection, maintenance planning, or emergency response, are not always explicitly
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stated, leading to ambiguous system requirements and evaluation criteria. This ambiguity makes it dif-
ficult to assess the performance of digital twin implementations or to compare different approaches
systematically.

These limitations indicate that, although digital twins for civil infrastructure have advanced in terms
of data integration and platform development, their operational capability as engineering decision-sup-
port systems remains insufficient. In particular, the absence of robust state estimation under uncertainty
and systematic physical validation prevents many existing digital twins from being reliably used in
practice. Addressing these shortcomings requires a shift from visualization-oriented implementations
toward an operational digital twin framework that explicitly integrates monitoring data, state estimation,
and physically grounded verification.

2.1.5 Need for an Operational Digital Twin

The limitations identified in existing infrastructure-oriented digital twin implementations under-
score a fundamental gap between current digital representations and the requirements of practical engi-
neering decision making[5, 17, 22]. In the context of civil infrastructure, particularly bridge systems,
decision support must be based on an accurate and physically meaningful interpretation of structural
behavior under uncertain and evolving conditions[ 16, 26]. Visualization and data aggregation alone are
therefore insufficient to meet the demands of infrastructure management throughout the asset lifecy-
cle[14, 23].

To address this gap, there is a clear need for a digital twin that functions as an operational system,
rather than as a descriptive or illustrative model. An operational digital twin must be capable of contin-
uously interpreting monitoring data in relation to the underlying physical state of the structure. This
necessitates explicit mechanisms for estimating structural state from noisy and incomplete observations,
as well as methods for assessing the physical plausibility of the estimated responses based on structural
mechanics.

In bridge infrastructure applications, monitoring data such as GNSS-based displacement measure-
ments provides valuable but inherently uncertain information. Without robust state estimation frame-
works, these observations cannot be directly translated into reliable indicators of structural performance
or safety. Moreover, without systematic physical validation, estimated states may lack engineering cred-
ibility, limiting their usefulness for maintenance planning, anomaly assessment, and emergency re-
sponse. An operational digital twin must therefore integrate monitoring, uncertainty-aware state estima-
tion, and physically grounded verification within a unified framework.

By incorporating these elements, an operational digital twin can move beyond the passive reflection
of observed data and actively support engineering interpretation and decision-making. Such a system
enables the digital twin to serve as a cyber—physical interface that links real-time observations with
structural mechanics, thereby enhancing the reliability and transparency of infrastructure management
decisions. This perspective forms the conceptual foundation for the integrated digital twin framework
proposed in this dissertation.
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The following chapters build upon this need by presenting the architecture, methodologies, and
practical applications of an operational digital twin framework for bridge infrastructure. Chapter 3 in-
troduces the overall system architecture, followed by detailed discussions of state estimation, physical
verification, and real-world case studies that demonstrate how the proposed framework addresses the
limitations identified in existing digital twin implementations.

2.2. Bridge Structural Health Monitoring

Structural Health Monitoring (SHM) has been widely studied as a systematic approach for assessing the
condition and performance of bridge structures through continuous or periodic measurements. The primary
objective of SHM is to detect, localize, and evaluate structural deterioration or abnormal behavior at an
early stage, thereby supporting timely maintenance and ensuring structural safety. Over the past decades,
advances in sensing technologies, data acquisition systems, and communication infrastructure have signifi-
cantly expanded the scope and applicability of bridge SHM [28, 29].

Bridge SHM systems typically rely on a variety of sensing modalities to capture different aspects of
structural behavior. Commonly used sensors include accelerometers for vibration-based monitoring, strain
gauges and fiber optic sensors for local deformation measurement, displacement sensors for global response
assessment, and GNSS receivers for long-term monitoring of three-dimensional displacement. Vision-based
techniques using cameras or UAVs have also been introduced to support inspection and damage detection
[30-38 ]. These heterogeneous sensing technologies enable multi-scale observation of bridge behavior, rang-
ing from local component responses to global structural deformation.

Despite these technological advances, bridge SHM faces inherent challenges related to data quality and
interpretation. Monitoring data is often affected by measurement noise, environmental influences such as
temperature and wind, sensor malfunction, and data loss. In addition, bridge responses exhibit non-station-
ary behavior due to varying traffic loads, seasonal effects, and long-term material degradation. As a result,
raw SHM data cannot be directly interpreted as indicators of structural condition without appropriate pro-
cessing and analysis.

To address these challenges, various data processing and analysis techniques have been proposed in the
SHM literature. These include signal filtering, feature extraction, modal identification, and statistical pattern
recognition[39, 40]. More recently, machine learning and data-driven approaches have been applied to
anomaly detection and damage classification using large monitoring datasets[41, 42]. While these methods
have demonstrated promising results, their performance often depends on the availability of representative
training data and stable monitoring conditions, which are difficult to guarantee in real bridge environments.

Another important aspect of bridge SHM is the integration of monitoring data with structural models.
Model-based SHM approaches aim to interpret observed responses in terms of underlying structural param-
eters or states by combining measurements with analytical or numerical models[43,44]. Such approaches
provide a pathway toward physically meaningful assessment, but they also require careful treatment of
model uncertainty and measurement error. In practice, many SHM implementations remain focused on data-
driven indicators without explicitly linking observations to structural mechanics.
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These characteristics highlight a fundamental limitation of conventional bridge SHM: while extensive
data can be collected, transforming these data into reliable engineering knowledge remains challenging. For
digital twin applications, this limitation becomes particularly critical, as the digital twin must continuously
interpret monitoring data to represent the evolving structural state. Consequently, bridge SHM should be
viewed not only as a data acquisition process, but as an integral component of a broader framework that
combines monitoring with state estimation and physical interpretation. This perspective motivates the sub-
sequent review of advanced data analysis and state estimation techniques for SHM, discussed in the follow-
ing section.

2.3, Advanced Data Analytics and State Estimation for Bridge SHM

The limitations of conventional bridge SHM in transforming monitoring data into reliable engineering
knowledge have motivated the development of advanced data analytics and state estimation techniques.
These approaches aim to extract meaningful information from noisy, heterogeneous, and often incomplete
monitoring data, and to infer the underlying structural behavior of bridges under operational conditions[45].
In recent years, researchers have actively explored both data-driven and model-based methods to enhance
the interpretability and reliability of SHM outcomes.

Advanced data analytics in bridge SHM encompass a wide range of techniques, including statistical
signal processing, feature extraction, and pattern recognition. Filtering methods are commonly applied to
reduce measurement noise and environmental effects, while dimensionality reduction techniques are used
to identify dominant response patterns from large datasets. These methods provide useful indicators of struc-
tural behavior; however, they often rely on heuristic assumptions and may not directly correspond to phys-
ically meaningful structural states[46-49].

Machine learning approaches have gained increasing attention for anomaly detection, damage classifi-
cation, and performance assessment in SHM applications. Supervised and unsupervised learning algorithms
have been applied to vibration signals, displacement time series, and other monitoring data to identify de-
viations from normal behavior[50-53]. While such approaches can effectively detect changes in data pat-
terns, their reliance on training data and sensitivity to changing operational conditions pose challenges for
long-term bridge monitoring. In particular, distinguishing between structural anomalies and variations
caused by environmental or operational factors remains difficult without explicit physical interpretation.

State estimation methods provide a complementary perspective by explicitly modeling the relationship
between observations and the underlying structural state. Techniques such as Kalman filtering and its ex-
tensions, including nonlinear and ensemble-based approaches, have been employed to estimate structural
responses by combining monitoring data with analytical or numerical models. These methods offer a sys-
tematic framework for handling measurement uncertainty and model error, and they enable the estimation
of latent variables that cannot be directly observed [54 - 67].

In bridge SHM, state estimation is particularly relevant for interpreting displacement measurements
obtained from GNSS and other sensors. Such measurements are inherently affected by noise, multipath
effects, and environmental disturbances, making direct interpretation unreliable. By incorporating probabil-
istic state estimation frameworks, it becomes possible to distinguish structural responses from measurement
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artifacts and to quantify the uncertainty associated with estimated states. However, the effectiveness of state
estimation depends on the adequacy of the underlying structural model and the treatment of model uncer-
tainty.

Despite these advances, many existing SHM studies treat advanced data analytics and state estimation
as isolated processes, without fully integrating them into a unified framework that supports continuous de-
cision making. Data-driven methods may lack physical grounding, while model-based approaches may suf-
fer from simplifications or parameter uncertainty. Bridging this gap requires an approach that combines
uncertainty-aware data analytics with physically interpretable state estimation, forming a critical component
of an operational digital twin for bridge infrastructure.

This observation underscores the importance of coupling advanced data analytics and state estimation
with physical validation mechanisms. While data analytics and estimation can infer plausible structural
states, their reliability must be assessed against the governing principles of structural mechanics. The next
section, therefore, reviews the role of finite element analysis as a tool for physical verification and validation
within bridge SHM and digital twin frameworks.

2.4. Physical Verification and Validation Using Finite Element Analysis

Finite Element Analysis (FEA) has long been established as a fundamental tool for evaluating the struc-
tural behavior of bridges under various loading and boundary conditions[68 -71]. In the context of bridge
structural health monitoring and digital twin development, FEA provides a physically grounded framework
for interpreting observed responses and assessing the plausibility of estimated structural states. By repre-
senting the governing equations of structural mechanics in a discretized numerical form, FEA enables the
evaluation of stress, deformation, and dynamic characteristics that cannot be directly measured in prac-
tice[721].

In many SHM-related studies, FEA is used to support model-based interpretation of monitoring data,
such as identifying damage-sensitive parameters, simulating structural response under assumed damage
scenarios, or validating observed trends in displacement or vibration. When combined with monitoring data,
FEA can help bridge the gap between measured responses and underlying structural behavior. However,
traditional applications often treat FEA as an offline analysis tool, separate from the continuous monitoring
process.

For digital twin applications, the role of FEA extends beyond conventional simulation. In an infrastruc-
ture-oriented digital twin, FEA can serve as a physical verification mechanism that evaluates whether esti-
mated structural states are consistent with structural mechanics. This verification is particularly important
when state estimation and data-driven analytics are applied to noisy and uncertain monitoring data. Without
such physical validation, estimated states may appear statistically plausible while violating fundamental
mechanical principles[14, 87].

Several studies have explored the integration of FEA with monitoring and state estimation frameworks,
including model updating, parameter identification, and hybrid data—model approaches. These methods aim
to reduce discrepancies between simulated and observed responses by adjusting model parameters or bound-
ary conditions. While promising, such approaches face challenges related to computational cost, model
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uncertainty, and the simplification of complex structural behavior. In practice, achieving a balance between
model fidelity and computational efficiency remains a critical issue for operational use.

Another challenge in applying FEA for physical verification lies in the treatment of uncertainty. Struc-
tural models inevitably involve uncertainties in material properties, boundary conditions, and loading as-
sumptions. When FEA is used to validate estimated states, these uncertainties must be explicitly considered
to avoid overconfidence in model predictions. Probabilistic or ensemble-based approaches have been pro-
posed to address this issue, but their integration into practical digital twin systems is still limited.

These observations indicate that although FEA provides a powerful physical foundation for bridge as-
sessment, its effective use within digital twin frameworks requires careful integration with monitoring and
state estimation processes. Rather than serving solely as a simulation tool, FEA should be positioned as a
component of a broader verification strategy that enhances the credibility of estimated structural states. This
perspective highlights the need for integrated frameworks that combine advanced data analytics, state esti-
mation, and physically grounded verification, which is a central theme of the operational digital twin ap-
proach adopted in this dissertation.

2.5. Digital Twins for Traffic Management and System-Level Applications

Beyond structural condition assessment, digital twin concepts have increasingly been applied at the
transportation system level to support traffic management, operational planning, and policy evaluation. In
these applications, digital twins are used to represent dynamic interactions among infrastructure, traffic flow,
and environmental factors, enabling simulation-based analysis of mobility, congestion, and network perfor-
mance[74, 75]. Such system-level digital twins aim to enhance situational awareness and decision making
by integrating heterogeneous data sources within a unified cyber—physical framework[76, 77].

In traffic management applications, digital twins typically combine infrastructure models with real-time
or near-real-time traffic data obtained from sensors, cameras, probe vehicles, and connected vehicle systems.
By continuously updating the digital representation of traffic conditions, these systems enable short-term
forecasting, incident detection, and evaluation of control strategies such as signal timing adjustments or
route guidance. Compared with static traffic models, digital twins provide a more adaptive and responsive
approach to managing complex transportation networks.

Recent studies have also explored the integration of traffic-oriented digital twins with environmental
and safety considerations. By coupling traffic simulations with emission models and exposure assessments,
digital twins can support the evaluation of environmental impacts and sustainability measures. Similarly,
digital twins have been applied to assess the effects of traffic incidents, road closures, or infrastructure
failures on network-level performance, providing valuable insights for emergency response and resilience
planning[78- 82].

Despite these advances, many traffic-focused digital twin implementations remain largely data-driven
and are often loosely connected to the structural condition of infrastructure assets. Traffic dynamics are
frequently modeled independently of structural performance, and the interaction between traffic loads and
structural behavior is not explicitly considered. As a result, system-level digital twins may provide accurate
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representations of traffic flow while overlooking the structural implications of operational decisions, such
as increased loads due to congestion or rerouting during abnormal events.

For bridge infrastructure, this separation represents a critical limitation. Bridges serve as key nodes
within transportation networks, where structural conditions and traffic operation are inherently coupled. An
operational digital twin for bridge infrastructure should therefore not only assess structural response but also
consider the broader transportation context in which the structure operates. Integrating structural digital
twins with traffic-oriented digital twins offers the potential to support more comprehensive decision-making,
including maintenance planning, load management, and post-incident assessment.

These observations suggest that system-level applications of digital twins highlight both the opportuni-
ties and challenges of extending digital twin concepts beyond individual structures. While traffic manage-
ment digital twins demonstrate the value of real-time data integration and simulation-based decision support,
their limited consideration of structural behavior underscores the need for integrated frameworks that link
structural state estimation with transportation system analysis. This needs to further reinforce the motivation
for an operational digital twin framework that unifies structural monitoring, physical verification, and sys-
tem-level application, as discussed in the following section.

2.6. Research Gaps and Positioning of This Dissertation

This chapter has reviewed existing studies related to digital twin concepts, bridge structural health mon-
itoring, advanced data analytics and state estimation, physical verification using finite element analysis, and
system-level applications such as traffic management. While significant progress has been made in each of
these research areas, the review reveals several critical gaps that limit the practical deployment of digital
twins as engineering decision-support systems for bridge infrastructure.

First, many infrastructure-oriented digital twin implementations remain focused on visualization and
data integration, without explicitly defining how monitoring data should be interpreted in relation to the
underlying structural state. Although continuous monitoring technologies are widely available, the absence
of robust state estimation mechanisms prevents reliable differentiation between true structural behavior and
apparent changes caused by measurement noise, environmental effects, or operational variability.

Second, advanced data analytics and machine learning techniques have demonstrated strong potential
for anomaly detection and pattern recognition in bridge SHM. However, these approaches are often applied
in a data-driven manner, with limited physical grounding. As a result, detected anomalies may lack clear
structural interpretation, and the reliability of the results may degrade under changing environmental or
operational conditions. This highlights the need for uncertainty-aware state estimation frameworks that can
bridge the gap between data patterns and physically meaningful structural states.

Third, while finite element analysis provides a well-established foundation for structural assessment, its
integration into digital twin systems is frequently limited to offline simulation or illustrative validation.
Systematic mechanisms for continuously verifying estimated structural states against structural mechanics,
while accounting for model uncertainty, remain underdeveloped. Without such physical verification, digital
twins risk producing results that are statistically plausible but mechanically inconsistent.
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Fourth, existing digital twin applications at the transportation system level often treat structural perfor-
mance and traffic operation as separate problems. This separation limits the ability of digital twins to support
comprehensive decision-making for bridge infrastructure, where structural conditions and traffic dynamics
are inherently coupled. Integrating structural digital twins with system-level applications remains a largely
unexplored area.

Taken together, these gaps indicate that current digital twin research lacks an integrated framework
capable of robustly supporting engineering decision-making for bridge infrastructure under uncertain mon-
itoring environments. There is a clear need for an operational digital twin that unifies continuous monitoring,
uncertainty-aware state estimation, and physically grounded verification, while also enabling practical ap-
plications in bridge management and transportation systems.

Based on this assessment, the remainder of this dissertation focuses on the development and validation
of an integrated operational digital twin framework for bridge infrastructure. Chapter 3 introduces the over-
all system architecture, followed by detailed methodological developments and real-world case studies in
the subsequent chapters, demonstrating how the proposed framework addresses the research gaps identified
in this chapter.
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3. Integrated Digital Twin Framework for transpor-
tation Infrastructure Management

Overview

This chapter presents the development of an operational digital twin framework for transportation in-
frastructure management, designed to integrate asset-level structural assessment with system-level transpor-
tation applications. Based on the conceptual foundations and research gaps identified in Chapters 1 and 2,
the proposed framework emphasizes continuous interpretation of monitoring data, uncertainty-aware state
estimation, and physically grounded validation.

At the asset level, the framework focuses on bridge health monitoring by integrating Building Infor-
mation Modeling (BIM) for digital model development, Global Navigation Satellite System (GNSS) meas-
urements for three-dimensional displacement monitoring, advanced data assimilation techniques using the
Ensemble Kalman Filter (EnKF) and machine learning, and structural simulation and verification through
Finite Element Analysis (FEA). The integration of these components enables robust evaluation of bridge
structural performance and condition under uncertain monitoring environments.

At the system level, the framework extends beyond individual structures to transportation network anal-
ysis, leveraging BIM-based modeling of urban road networks for traffic simulation and management. This
multi-scale integration allows structural condition assessment and traffic operation to be considered within
a unified digital twin framework, supporting informed decision-making for traffic optimization, safety en-
hancement, and operational efficiency.

By unifying asset-level structural monitoring and system-level transportation analysis, the proposed
framework represents an operational digital twin that supports data-driven, predictive, and adaptive infra-
structure management. This chapter provides the overall system architecture and serves as the foundation
for the detailed methodological developments and case studies presented in the subsequent chapters.

3.1. Digital Twin Framework

Figure 3.1 illustrates the overall architecture and workflow of the proposed operational digital twin
framework. The framework is designed as a multi-scale system that integrates asset-level bridge health
monitoring with system-level transportation management.

At the asset level, the framework focuses on bridge management and includes:
e Bridge model development based on Revit Building Information Modeling (BIM).

o Three-dimensional bridge displacement monitoring using Global Navigation Satellite Systems
(GNSS)

e Data assimilation through the Ensemble Kalman Filter (EnKF) and machine learning techniques.
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¢  Structural simulation and validation via Finite Element Analysis (FEA).

The primary aim of asset-level management is to perform structural health monitoring (SHM), thereby
enabling the evaluation of bridge conditions and performance over time.

At the system level, the framework extends to traffic simulation and management, supporting the opti-
mization of traffic flow, safety, and operational efficiency within the broader transportation network. By
integrating these two levels, the proposed digital twin framework advances toward smart transportation
infrastructure management.

The application of DT technology not only enhances real-time monitoring and decision-making at the
asset scale but also facilitates predictive and adaptive management strategies at the system scale. Conse-
quently, DT is positioned as a transformative technology for modern infrastructure management.

Digital Twin Framework workflows

Model Displacement Data ASS|m!Iat|on Simulation and Model
development Monitoring by & Machine L Development
) validation
by BIM GNSS L LeaTlng T BIM
| l
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Figure 3. 1 Overall architecture and workflow of the proposed operational digital twin framework for

transportation infrastructure management.

The framework integrates asset-level bridge health monitoring and system-level transportation manage-
ment within a unified digital twin architecture. At the asset level, BIM-based model development, GNSS-
based three-dimensional displacement monitoring, uncertainty-aware state estimation using data assimila-
tion and machine learning, and physical validation through finite element analysis are combined to support
reliable interpretation of structural behavior. At the system level, BIM-based modeling of urban road net-
works is coupled with traffic simulation and management. The integration of these two levels enables the
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digital twin to function as an operational decision-support system for smart transportation infrastructure
management

3.2. Digital Twin Model Development for Bridges

The development of digital twin models for bridges involves a systematic workflow that integrates
Building Information Modeling (BIM), parametric modeling, and visualization technologies to create a dy-
namic and adaptive digital representation of physical bridge assets, as shown in Figure 3.2. The overall
process is divided into the following stages:

e Data Collection and Preparation

The process begins with acquiring the design and structural data that form the foundation for model
creation. Geometric characteristics, material properties, and construction details are gathered from design
drawings, field surveys, and existing databases. These datasets are essential for constructing an accurate and
reliable digital representation of the bridge.

e BIM Model Development in Revit

The collected data is used in Revit BIM, providing an environment for model creation and parameter
management. Parametric rules are defined through Dynamo, a visual programming tool integrated into Revit,
to support flexible and automated model generation. This ensures bridge components can adapt and recon-
figure according to various scenarios.

e Family Creation and Parametric Modeling

In Revit, bridge elements are organized into families and function as templates for structural members. Two
types of families are used:

e Generic Model: Represents standard bridge elements with fixed parameters.

e Adaptive Generic Model: Enables flexible configurations to adapt to varying shapes, curvatures,
and placement conditions.

This parametric structure allows DT to accurately represent both typical and complex bridge geometries.
e Project Integration

The generic and adaptive family components are integrated at the project level to generate a complete
bridge model. At this stage, all structural elements, including the superstructure, substructure, and founda-
tions are integrated and consolidated into a single model. This ensures accurate geometric representation
and consistency with real-world design specifications.

e Bridge Model Integration and Visualization

The integrated Revit model undergoes further processing for integration into a broader infrastructure
environment. The model is exported to InfraWorks BIM for visualization, enabling realistic rendering,
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contextual placement within the surrounding environment, and interaction with the transportation network.
This step facilitates comprehensive evaluation of the bridge model within its operational context.

[ Data H Revit BIM ]

e e e e Tow

] Case Studies !

Shinyahata Bridge

Figure 3. 2 Digital Twin Model Development for Bridges

Case Studies Application

To demonstrate the applicability of the developed digital twin modeling workflow, this method was
applied to three bridges:

= Comoro Bridge: A straight multi-span bridge exhibiting a typical configuration.

= Oshima Bridge: A large-scale structure with distinctive geometric features, emphasizing adaptive
modeling.

= Shinyahata Bridge: An example of a curved alignment, demonstrating parametric adaptability.

Through these case studies, the DT modeling framework proved its versatility in representing bridges
with diverse geometries and complexities, validating the workflow's effectiveness.

So, this workflow combines Revit BIM, Dynamo-based parametric modeling, and visualization through
InfraWorks to establish a scalable and adaptable digital twin modeling process for bridges. The ability to
generate both generic and adaptive models and integrate them into realistic infrastructure environments
forms the foundation for subsequent monitoring, simulation, and decision support capabilities within the
digital twin framework.
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3.3. Displacement Monitoring by GNSS

The proposed GNSS-based monitoring system enables high-precision real-time measurement
of bridge displacement, facilitating continuous structural health monitoring (SHM) for long and complex
bridges, as shown in Figure 3.3. As a result, extracting meaningful displacement signals becomes more
difficult, and the cost-effectiveness of GNSS deployment decreases compared with its use on medium- and
long-span structures.

This system integrates satellite positioning technology, advanced data processing, and cloud-based com-
munication to accurately and reliably monitor the performance of structures.

e Satellite and GNSS Receivers

The monitoring process begins with signals transmitted from Global Navigation Satellite Systems
(GNSS) (e.g., GPS, Galileo, GLONASS). These signals are received by GNSS receivers installed at strate-
gic observation points (R1 to R4) on the bridge superstructure and at a fixed reference station located near
the site. The reference station establishes a stable coordinate system, enabling precise relative displacement
measurements of the bridge structure.

e Observation Points and Sensors

GNSS antennas are installed at critical locations on bridges (mid-span, Abutments, piers, etc.) to capture
longitudinal, lateral, and vertical displacements. To account for environmental effects and cross-verify
GNSS data, auxiliary sensors such as displacement gauges and temperature sensors are installed. This mul-
timodal measurement enhances monitoring reliability.

e Data Transmission and Communication

GNSS data collected at observation points is transmitted to cloud servers via 5G and fiber-optic com-
munication systems. This ensures high-speed, low-latency data transfer to control rooms, offices, and field
terminals, enabling real-time visualization and decision-making.

e Data Processing and Noise Removal

GNSS displacement data is inherently susceptible to environmental noise, multipath errors, and atmos-
pheric disturbances. To address these challenges, this system applies to an advanced noise reduction algo-
rithm developed in Python. Techniques such as filtering, outlier detection, and signal processing enhance
measurement accuracy and practicality.

e Real-Time Visualization and Analysis

Processed data is transmitted via the internet to the monitoring platform, accessible from the control
room, field offices, and local stations. Real-time visualization enables operators to assess structural re-
sponses to loading, thermal effects, and environmental factors. This facilitates early detection of abnormal
displacements, supporting preventive maintenance strategies.

e Limitations for Short-Span Bridges
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Although the digital twin framework is adaptable to bridges of varying spans, the use of GNSS for
displacement monitoring on short-span bridges (< 30 m) presents inherent challenges. Such structures typ-
ically exhibit very small deformation amplitudes that approach the noise threshold of GNSS measurements.
Consequently, extracting meaningful displacement signals becomes more difficult, and the cost-effective-
ness of GNSS deployment is reduced relative to medium- and long-span bridges.

e  Application Example

The illustrated system is installed on a five-span continuous steel box girder curved bridge in Hiroshima,
Japan, supported by reinforced concrete (RC) piers and abutments. The bridge's total length is 282.5m, width
is 12.25m (7.7m roadway, 3.5m sidewalk), and the slope angle varies from 80.5° to 118.5°. The GNSS
monitoring system enables detailed evaluation of displacement patterns in both horizontal and vertical di-
rections, making it ideal for complex curved bridge geometries.

Overall, the GNSS-based displacement monitoring system provides a comprehensive, real-time, high-
precision solution for bridge structural health monitoring (SHM). By combining satellite positioning, cloud-
based data management, noise reduction algorithms, and multi-sensor integration, it continuously evaluates
bridge performance. This system not only deepens understanding of structural behavior under operational
conditions but also provides the foundation for digital twin integration, ensuring predictive maintenance and
enhanced infrastructure resilience.

Satellites -
-

Noise removal of
measurement data

d bridge + R

Displacement Gauge Component temp

-spah continuou box girder curved bridg abu

¢ Bridge Length: 282.5m (51.1+63.9+63.9+60.1+41.5)

¢ Width: 12.25m (roadway section 7.7m, sidewalk section 3.5m)
« Bevelangle: 80.5° -118.5°

Figure 3. 3 Displacement Monitoring by GNSS

32



3.4. Data Assimilation and Machine Learning Approaches for GNSS-Based Bridge Monitoring

Monitoring and analyzing bridge displacement within a digital twin framework requires robust compu-
tational methods capable of assimilating real-time data whilst accounting for non-linear environmental in-
fluences. This study employs the Random Forest (RF) model not merely as a statistical black-box predictor,
but as a physically interpretable learning framework capturing the primary thermo-mechanical mechanisms
governing bridge displacement. Rather than providing general predictions, RF systematically identifies key
deformation patterns driven by environmental variables such as thermal expansion and contraction, diurnal
heating and cooling cycles, solar radiation exposure, and wind-induced thermal modulation.

The learning relationships extracted by RF align well with established principles of structural mechanics
and demonstrate the ability to approximate underlying thermal-structural interactions in a physically mean-
ingful manner. Consequently, the role of RF in this study extends beyond numerical curve fitting, providing
engineering insights into how environmental factors shape the nonlinear displacement response of bridges.

To achieve a comprehensive displacement estimation strategy within the DT environment, two complemen-
tary approaches were adopted:

o The Ensemble Kalman Filter (EnKF): a model-driven sequential estimator that fuses real-time
measurement data with physics-based predictions, and

e Random Forest (RF): a data-driven machine learning algorithm that captures nonlinear, environ-
ment-induced displacement patterns.

By combining these techniques, DT integrates both physical modelling and data-driven learning, enabling
robust real-time displacement prediction and interpretation even under changing environmental conditions.

The workflow is shown in Figure 3.4 in the following.
1. Data Acquisition and Preprocessing

The workflow begins with the collection of raw GNSS data. While raw data provides high-frequency
displacement measurements, it is inherently susceptible to noise, multipath errors, and environmental inter-
ference. To improve data quality, a preprocessing stage is implemented, including outlier removal and noise
filtering. This ensures that subsequent assimilation processing and machine learning stages operate based
on reliable input data.

2. Ensemble Kalman Filter (EnKF)

EnKF functions as a model-driven data assimilation method, integrating GNSS observations with sys-
tem dynamics to provide real-time displacement estimation and uncertainty quantification.

e [Initialization
Each ensemble member is initialized with the observed initial displacement:
D=y, i=1,..,N (3.1)

where N is the ensemble size.
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e Prediction Step
The system state evolves over time with the inclusion of process noise:
2D = 20 +w®, w~ N (0,w,) (3.2)
This step propagates structural dynamics forward while accounting for uncertainty.
e Update Step

New GNSS observations are assimilated into the model:

720 = x4+ 90, vON(0, V) (3.3)

Kalman gain K; balance model predictions with observational accuracy:

K= P/ (34)

2D =20 + K — 2?) (3.5)
where P, represents ensemble variance and V; the observation noise variance.
e [Estimation Step
The ensemble means that it yields the final displacement estimate:
£ =ST, 5" (3.6)

This provides both point estimates and uncertainty boundaries derived from ensemble dispersion.

3. Random Forest (RF) Methodology

In parallel, the RF algorithm is adopted as a data-driven approach to capture the complex nonlinear
relationships between displacement and environmental factors such as temperature, wind, and solar radia-
tion.

e Training Phase
For each tree m in the forest, the following steps occur:
1. A bootstrap sample of the training dataset is drawn.
2. Arandom subset of features is selected.
3. Adecision tree f,,(x)is trained on the sampled data.

e Prediction Phase
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The displacement prediction is computed as the average of all decision trees:
= Ty fn(X) (3.7)
where Mis the number of trees in the forest.
e Confidence Interval Estimation
Uncertainty is quantified by measuring variability across tree outputs:
02 == TM_ (fn(x) — 9)° (3.8)
So, by integrated EnKF and RF can provide good displacement estimation of the bridge.
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Figure 3. 4 Data Assimilation and Machine Learning approach

3.5. Physical Verification and Validation of GNSS-Based Bridge Responses Using Finite Element
Analysis (FEA)

The accuracy of GNSS-based bridge displacement monitoring must be verified through numerical sim-
ulation to ensure that the observed deformations are physically realistic and structurally consistent. This
study employed finite element analysis (FEA) to simulate the structural behavior of bridges under various
loading and environmental conditions, including temperature effects and soil-foundation interactions.
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Subsequently, FEA results were compared with GNSS displacement measurements to validate the monitor-
ing system's effectiveness and enhance the reliability of the developed digital twin framework.

e Simulation Framework
The simulation and verification workflow in Figure 3.5 consists primarily of two modeling strategies:
1. Fixed-Based Assumption Case

= Assume that the piers and abutments are rigidly fixed to the ground and neglect the elasticity of the
ground.

= This assumption simplifies the boundary conditions and provides a basic model for analyzing the
structural behavior of the superstructure independently of the foundation's influence.

2. Soil-Foundation Interaction Case

= This model incorporates the effects of the supporting soil and piles, enabling realistic interactions
between the structure and foundation system.

= By considering soil stiffness, damping, and pile parameters, it becomes possible to more accurately
represent the dynamic and thermal responses of bridges.

Both models were developed as full-scale three-dimensional finite element representations using the actual
geometric and material data of the case study bridge.

e Model Development and Parameters
(a) Material Properties

The mechanical properties of concrete and steel were defined based on design specifications and stand-
ard code values.

= Concrete: Elastic modulus, Poisson’s ratio, and compressive strength.
= Steel: Yield stress, modulus of elasticity, and density.

These parameters were essential for capturing the stiffness distribution and load transfer characteristics be-
tween structural members.

(b) Bearing Elements

Bridge bearings were modeled using nonlinear spring elements to represent translational stiffness and
rotational stiffness in the longitudinal, transverse, and vertical directions. These bearings play a crucial role
in the redistribution of loads on the bridge deck and in displacements caused by thermal expansion.

(¢) Loads

To capture realistic bridge behavior, multiple load conditions were applied:

36



=  Dead load: Self-weight of structural members.
= Live load: Simulated vehicle loads and pedestrian loads acting on the bridge deck.

= Temperature effects: Applied temperature gradients derived from measurement data to evaluate
thermal displacement and thermal stress.

The combined effects of mechanical and environmental loads enabled a comprehensive evaluation of dis-
placement behavior under operational conditions.

(d) Soil and Pile Parameters

In the case of soil-foundation interaction, the soil conditions beneath the foundation were modeled using
soil springs and solid elements.

= Soil Properties: Elastic modulus, Poisson's ratio, and density obtained from ground investigations.

=  Pile Parameters: Length, diameter, and stiffness of the modeled pile to simulate vertical and lateral
resistance.

This integration of structural and ground domains improved the model's accuracy in representing actual
boundary conditions.

(e) Discretization (Mesh Generation)

The bridge structure was discretized into finite elements using solid elements, shell elements, and beam
elements. To accurately capture stress concentrations and displacement gradients, the mesh was refined at
critical locations such as the main span, bearings, and piers.

e Analysis Scenarios
To evaluate bridge performance and validate GNSS data, two primary analysis scenarios were conducted:

= Before-Collision Condition: Represents the bridge under normal, undamaged operational condi-
tions.

= After-Collision Condition: Represents structural behavior after external impact or abnormal events,
such as vehicle collision or damage to bearing supports.

These scenarios provided insights into how the structure's stiffness, load distribution, and displacement
patterns changed after the event, as well as how effectively the GNSS system captured such changes.

¢ Finite Element Analysis Results
= Longitudinal and Transversal displacement were observed in the bridge superstructure.

= Deformation due to temperature changes was analyzed, clarifying the relationship between thermal
fluctuations and GNSS recorded movements.

= The correlation between the ground foundation model and GNSS data improved, particularly evi-
dent in long-term vertical displacement trends.
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Comparisons between FEA results and GNSS observations were conducted to confirming agreement in
displacement trends and verifying measurement reliability.

Simulation and Validation

based on FE Analysis
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Figure 3. 5 Simulation and Validation on GNSS Observation Based on FEA

It is important to explicitly clarify that the finite element analysis (FEA) conducted in this stage of the
study employs a linear elastic modeling approach. While linear analysis is suitable for examining global
deformation patterns and validating the displacement trends observed from GNSS measurements, it does
not capture nonlinear structural behaviors such as cracking, stiffness degradation, or progressive deteriora-
tion.

These considerations are addressed in detail in Chapter 8 and are identified as a key area for future ex-
tension of the digital twin framework to enhance predictive damage assessment capabilities.

3.6. Traffic Management as a System-Level Application of the Digital Twin Framework

The digital twin and BIM-based traffic management workflow provides a systematic approach for ana-
lyzing and improving traffic conditions in urban areas such as Dili, East Timor. This workflow integrates
data collection, modeling, calibration, validation, and simulation to develop evidence-based traffic manage-
ment policies (EBTMP). This section constitutes the system-level component of the proposed digital twin
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framework, expanding the analysis from individual bridge behavior to the broader transportation network.
Whereas earlier sections focus on structural responses at the asset level, the system-level digital twin inte-
grates traffic simulation, congestion analysis, and environmental impact assessment to evaluate how infra-
structure performance influences and is influenced by network-level mobility conditions. This higher-level
analysis complements the bridge-level digital twin by addressing operational factors such as traffic flow,
route choice behavior, and air pollution, thereby providing a holistic perspective on infrastructure resilience
and transportation system performance.

As shown in Figure 3.6, the process begins with data collection, followed by the calculation of average
daily traffic (ADT) and the construction of an origin-destination (OD) matrix. These datasets serve as key
inputs for the digital twin model, which undergoes calibration and validation before being used for traffic
simulation and analysis. This workflow ensures the simulation environment accurately reflects real-world
traffic dynamics and environmental impacts.

e Data Collection

The first step involves conducting traffic volume measurements and acquiring geometric data within
the target survey area.

=  Traffic data includes vehicle types, traffic volumes, and time-of-day distributions collected across
multiple road sections.

=  Geometric data includes road widths, lane configurations, and intersection layouts.
These datasets form the foundation for constructing a realistic DT-BIM environment.
e Average Daily Traffic (ADT) Calculation

Average Daily Traffic represents the mean number of vehicles passing a specific point per day over the
observation period. It is calculated using:

ADT =~¥ V0L (3.9)

where VOL; is the total daily vehicle volume on day i, and nis the number of observation days.
This value helps determine peak-hour periods for simulation input

e Origin—Destination (OD) Matrix Development

The OD matrix quantifies vehicle movement between origins and destinations in the study area, provid-
ing a spatial distribution of traffic flow. It is formulated as:

T11 T12 s Tln
Pr = T?l T?Z N T?" (3.10)
Tnl Tnz Tnn

where T;jrepresents the number of trips from the origin ito destination j.
The OD matrix serves as a critical input for simulating vehicle trajectories and traffic interactions.

e Digital Twin Model Development
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The basic digital twin model is constructed using a BIM environment. It reproduces the geometric and
operational characteristics of the road network, including intersections, traffic signals, and lane configura-
tions. The DT model provides a dynamic, data-driven representation of the real-world transportation system.

e Calibration and Validation

Calibration aligns the DT model with actual traffic conditions by adjusting parameters such as flow rate,
driver behavior, and signal timing. Validation ensures the model accurately predicts real-world observations.
This step ensures the reliability of simulation results and supports evidence-based policy making.

e Traffic Demand Input and Simulation

After verification, traffic demand and parameters (e.g., vehicle configuration, signal timing, intersection
control) are input into the DT-BIM system.

The simulation employs microscopic traffic models such as the Gipps following-vehicle model. This model
represents vehicle behavior as follows:

w(t + A = min | v, (0) + Z.SanAt(l . )\/o.ozs y 0O poary Jb,zl(At)? b (2t == 5 =7y () A — P, (3.11)

Vndesired Vn,desired b

where v, (t)is the current speed of the vehicle n, a,is the maximum acceleration, b, is the desired deceler-
ation, and s,,is the safe distance between vehicles.
This equation helps predict vehicle interactions and congestion patterns under various traffic conditions

e Simulation and Analysis

The simulation results reveal congestion levels, queue lengths, delays, and Air Pollutant Concentrations
like (CO2, NOy, PMio). So, the mass Concentration can be calculated using this equation:

c= M9 _ (3.12)

Vair(m?)

where (C) mass concentration in the air is calculated by dividing the total mass emitted (M) (in grams)
by the Volume of the mixing zone (Vair) (in cubic meters).

The analysis identifies critical congestion hotspots and major pollution contributors, providing quantitative
evidence for optimizing signal control and mobility strategies
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Figure 3. 6 Traffic Management Workflow-based Digital Twin

Validation of DT model

This workflow provides a comprehensive framework for managing urban transportation through the

integration of digital twins and BIM. By linking real-time data, simulations, and environmental assessments,

it supports data-driven decision-making. This approach aims to enhance urban mobility, alleviate congestion,
and reduce emissions, forming the foundation for sustainable transportation planning.
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4. DT-BIM-Based Digital Representation and Physic
s-Based Validation for Bridge Infrastructure

Overview

This chapter presents the development and application of a DT-BIM-based digital representation for
bridge infrastructure, positioned as a core component of the operational digital twin framework introduced
in Chapter 3. Specifically, the chapter focuses on (i) BIM-based model development for an existing bridge,
and (ii) physically grounded verification and validation through finite element analysis (FEA), which to-
gether establish a reliable baseline for subsequent monitoring-based state estimation and decision support.

A prestressed concrete box-girder bridge (Comoro Bridge, Dili, Timor-Leste) is used as a case study. A
detailed BIM model is developed from available design and construction information, and an interoperabil-
ity workflow is implemented to link the BIM model with FEA for structural performance evaluation. In
addition, potential applications of the DT-BIM model are demonstrated, including visualization, traffic-
related scenario exploration, and maintenance information management. While continuous GNSS-based
monitoring is planned for the target bridge, the emphasis of this chapter is to establish the digital represen-
tation and the physics-based validation foundation required for an operational digital twin under uncertain
monitoring environments.

4.1. Introduction

A digital twin refers to a virtual replication of a physical object, system, or process, and has increasingly
been adopted across diverse domains for purposes such as asset management, smart infrastructure, and de-
cision support. In many DT- and cyber—physical system (CPS)-related studies, the concept is discussed in
connection with Industry 4.0, which promotes tighter integration between physical assets and digital tech-
nologies to enable data-driven operation and management [1,2]. In the architecture, engineering, and con-
struction (AEC) domain, Building Information Modeling (BIM) provides a practical foundation for such
digital representations of buildings and civil infrastructures, enabling the integration of geometry, semantics,
and lifecycle information in a structured manner. By supporting design coordination, quantity estimation,
construction planning, and information sharing among stakeholders, BIM has been widely recognized as a
key enabler of productivity improvement and cost reduction throughout the asset lifecycle [3—6].

Bridges play a critical role in modern transportation infrastructure, and ensuring their safety, reliability,
and durability requires systematic management supported by inspection, structural health monitoring
(SHM), and maintenance planning [7,8]. A major advantage of DT-based approaches is their potential to
integrate ICT/IoT and heterogeneous data sources to monitor, visualize, and evaluate time-varying structural
performance. Accordingly, numerous studies have explored DT-based SHM systems and their applications
to infrastructure maintenance and management [9—20]. Our research group has also investigated structural
performance evaluation and anomaly detection for long-span bridges using GNSS-based monitoring and
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related technologies and has highlighted that structural analysis using DT-BIM technology is essential for
physically interpreting and verifying bridge behavior in relation to monitoring observations [21,22].

In Timor-Leste, a research project on maintenance strategies supported by GNSS-based monitoring is
planned for the target bridge in this study (Comoro Bridge). In this context, this chapter focuses on estab-
lishing the DT-BIM-based digital representation and its interoperability with finite element analysis (FEA)
to evaluate fundamental structural performance characteristics. The developed DT-BIM model and physics-
based assessment provide a necessary baseline for subsequent monitoring-based interpretation and opera-
tional decision support within the overall digital twin framework.

4.2. PC Box-Girder Bridge of Comoro

The Comoro Bridge is a prestressed concrete box-girder bridge constructed in Dili, East Timor, as shown
in Figure 4.1, Figure 4. 2 and Figure 4.3. Dili is East Timor’s capital as well as its administrative and eco-
nomic center. Since there was only one bridge connecting West Dili and East Dili prior to the construction
of this bridge, traffic congestion was very serious during that period. From this reason, there was a strong
demand for the construction of a transportation system that could address the heavy traffic, and finally, the
construction of a new bridge was promoted.

Figure 4. 1 Existing Comoro Bridge
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Figure 4. 3 Location map.

The construction of the bridge began in August 2016, and the bridge was opened to the public in Sep-
tember 2018. It spans a total length of 250 m with a width of 11.50 m. It consists of six spans, including two
abutments at both side spans and five piers (35 m + 4 at 45 m + 35 m). Positioned over the Comoro River,
it connects the western and eastern parts of Dili. Since it played a significant role as a transportation facility
in improving traffic services within the City of Dili, structural health monitoring was planned to be con-
ducted. Therefore, it was chosen as a target bridge for this study.

4.3. Digital Twin and BIM Strategy
4.3.1. Digital Twin

A digital twin is a highly promising technology as it enables us to realize smart manufacturing and
Industry 4.0. It is characterized by the seamless integration between cyber and physical spaces [1,2]. More-
over, digital twin technology provides a dynamic and up-to-date representation of a physical object or

45



system. By consolidating all data in one centralized location, the digital twin evolves in real time with inputs
from sensors and other sources. It offers several benefits, including: (a) An optimized performance with
actionable insights, simulations, and a holistic view of both online and offline data enabling swift and in-
formed decision-making to optimize performance and efficiency. (b) A comprehensive data visibility: by
eliminating data silos and integrating historical and real-time data, the digital twin unlocks value throughout
the life cycle of a project. (¢) Intelligent predictions: real-time sensor data and predictive recommendations
through machine learning and artificial intelligence greatly enhance maintenance and operational capabili-
ties. (d) Faster results: creating digital twins of complex assets, factories, and processes exponentially en-
hance operational value, reduces development efforts, and accelerates time to market. Therefore, in this
study, we explored the use of the digital twin—BIM technology for landscape visualization, traffic flow sim-
ulation, finite element analysis, and structural maintenance.

4.3.2. Building Information Modeling (BIM)

Building information modeling (BIM) has become an invaluable tool for architects, engineers, and the
construction industry. The U.S. National Building Information Model Standard Project Committee has de-
fined BIM as a digital representation of a facility’s physical and functional characteristics. BIM facilitates
improved collaboration among architects, engineers, contractors, and other project participants. It provides
a shared digital platform where all relevant project information can be accessed, updated, and shared in real
time, fostering better communication and coordination. BIM data are utilized during the entire process of a
structure’s life cycle, including its design, construction, maintenance, and renovation, as depicted in Figure
4.4. By facilitating an improved communication and coordination among team members, BIM minimizes
errors, reduces rework, and enhances efficiency in the design, construction, and operation of buildings and
infrastructure projects. Consequently, BIM offers several advantages, including maximizing efficiency, re-
ducing cost, reducing waste, improved cost estimates, enhanced project insights, effective communication
and collaboration, risk mitigation, and superior outcomes.

Analysis and Simulation
[ai i .
Detailed Design it

‘ ol
1 P >
1] L
L & ;

e

Cperation and a8
Maintenance

Construction
Logistic

Figure 4. 4 BIM process
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4.3.3. Development of a Digital Twin—BIM Model for Bridge Management Workflows

The development of the digital twin—BIM model in this research is presented in Figure 4.5. This work-
flow is designed to accommodate bridges of any shape. Specifically, this study focuses on modeling a PC
box-girder bridge in Dili City, Timor-Leste. The modeling processes are as follows: (1) Data sources: in
order to accurately idealize the existing bridge, it is essential to gather bridge information and documents,
such as the design report and construction drawings, from the owner or relevant institution. (2) BIM design
tool (Revit): The substructure and superstructure components of the bridge are created as BIM objects (Revit
families), as illustrated in Figure 4.6. Once the components are developed, they are loaded into the BIM
template (Revit project) to facilitate model integration. Ultimately, the digital-twin bridge model is estab-
lished, as shown in Figure 4.7. (3) Additionally, a visual programming language (Dynamo) is utilized, as
depicted in Figure 4.8. Dynamo allows access to the Revit API, enhancing productivity for designers and
modelers. (4) Upon completion of the digital twin model, it can be integrated with BIM simulation tools for
landscape visualization and traffic flow simulation. Furthermore, the digital model can be linked with a
finite element (FE) analysis to evaluate structural performance. Lastly, the model can be employed for struc-
tural maintenance purposes.
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Figure 4. 5 The Development of a Digital Twin—BIM Model for Bridge Management Workflow
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4.4. Building Information Management
4.4.1. BIM Management Applications Using Digital Twin of Comoro Bridge

In this study, BIM management was implemented through the utilization of the digital twin of Comoro
Bridge for landscape visualization, traffic management, structural performance evaluation, and structural
maintenance, as illustrated in Figure 4.9.

BIM

Structural

Structural
Maintenance

Landscape
Visualization

Traffic management Performance
Evaluation

Figure 4. 9 BIM management applications

4.4.2. Digital Twin of Comoro Bridge for Landscape Visualization

By utilizing Building Information Modeling (BIM) technology, the physical model of the Comoro
Bridge can be effortlessly replicated into cyberspace, as shown in Figure 4.10 and Figure 4.11. This enables
the digital twin model to comprehensively visualize the Comoro Bridge encompassing its actual surrounding
environment.

Figure 4. 10 Real bridge model
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Figure 4. 11 Digital twin model

4.4.3. Digital Twin of Comoro Bridge for Traffic Flows Simulation

The Comoro Bridge connects to the existing road across the Comoro River as depicted in Figure 12a.
Dili’s main arterial roads are connected to multiple roads as depicted in Figure 12b, and they are forming a
road traffic network. The development of the digital twin—BIM model of Dili’s road network, specifying the
road inflows and outflows from each road (Figure 12¢) and traffic events (Figure 12d), enables the traffic
flow simulation on existing road networks as depicted in Figure 12e. Such a traffic flow simulation was
performed to verify the following objectives.
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Matrix1 ofile. Simulation

Figure 4. 12 Traffic flow simulation in BIM. (a) Target area; (b) overall area of traffic flow simulation; (¢)
traffic demand panels; (d) traffic control panel; (e) video simulations.

= To assess the effectiveness of the Comoro Bridge in mitigating traffic congestion in the City of Dili.
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=  To validate the capabilities of advanced BIM technology in designing and managing transportation
infrastructure.

=  To demonstrate the efficacy of BIM technology applications in the architecture, engineering, and
construction (AEC) industry.

Since the purpose of this paper was to examine how to utilize digital twins for the Comoro Bridge,
quantitative analysis results will be presented in another paper. However, preliminary studies predicted that
the construction of the Comoro Bridge would alleviate traffic congestion in Dili City. Such traffic flow
simulations are extremely useful not only for verifying the impact of the construction of a new bridge but
also for predicting traffic congestion on surrounding roads during construction and for considering measures
to alleviate traffic congestion at the planning stage.

4.5. Digital Twin of Comoro Bridge for Structural Performance Evaluation
4.5.1. Digital Twin—BIM Technology and Finite Element Analysis Interoperability

This study involved the interoperability between digital twin—BIM technology and finite element anal-
ysis (FEA), as depicted in Figure 4.13. The process of interoperability between digital twin—BIM technol-
ogy and FEA are outlined as follows:

Simplified

: : e BIM Bridge L
- nece! Simplified model
. !
Result Analysis model
Fa b v e ]
J‘,.‘]\m -
& ‘i‘r\— . 0 i
« 4 LL’i FE Analysis
. . del
FE Analysis model Thee -

Figure 4. 13 Digital twin—BIM and FEA interoperability

Interoperability model

= The complete Comoro Bridge model was developed using BIM tools.

= A simplification process was conducted to remove secondary elements such as railings, electrical poles,
pedestrians, and other nonessential components.

= The IFC format was utilized for seamless interoperability between BIM and FE analysis (FEA).
= After achieving interoperability, the bridge model was prepared for the FE analysis (FEA).

= The finite element analysis (FEA) was performed.
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= Results and evaluations are conducted.
4.5.2. Structural Performance Evaluation Based on FE Analysis
=  Full-Scale Model Creation for FE Analysis

The digital twin of the Comoro Bridge, developed in a BIM tool (Revit) and supported by visual pro-
gramming (refer to Figure 4.14), facilitated the FE analysis of the full-scale model. Subsequently, the model
was exported to IFC files for integration with FE software. Following this, it was necessary to install pre-
stressing tendons along the PC box girder sections based on the construction drawings, as depicted in Figure
4.15.

35m 45m 45m 45m ; 45 m 35m

Figure 4. 14 Full-Scale Model

Figure 4. 15 Prestressed Tendons Installation

The Comoro Bridge model was composed of three PC-box superstructures, five piers, and two abut-
ments as mentioned above. Each component was idealized by a solid element, and the bearing on the top of
piers and abutments was idealized by spring elements, which represented the stiffness of six degrees of
freedom in each direction. The prestressing tendons were idealized by the so-called embedded bar element
coupled with the concrete superstructure. The embedded bar element was a virtual element representing the
interaction behavior of the reinforcement inside the concrete members.

= Material Properties
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The material properties of the concrete and prestressed tendons utilized for the FE analysis in this study
are presented in Table 4.1 and Table 4.2 based on construction records, respectively.

Table 4. 1 Material properties of the concrete in the analysis.

No. Type of Structure Materials
Concrete (fc) 36 MPa
1 Superstructure Poisson’s ratio 0.2
Mass density 2500 kg/m?®
Concrete 30 MPa
2 Substructure Poisson’s ratio 0.2
Mass density 2500 kg/m?®

Table 4. 2 Prestressed tendons.

Main Tendon

Type SWPR7BL 12S15.2mm
Tensile stress 1850 (N/mm?)
Yield strength 1600 (N/mm?)

At the time of prestressing 1440 (N/mm?)
Allowable tensile stress Just after prestressing 1295 (N/mm?)

Design load 1110 (N/mm?)

=  Boundary Conditions

The boundary conditions applied in this analysis were as follows:

>

The bottoms of pile caps and abutments were idealized as fixed supports. They were rigidly con-
nected to the ground with translations (T1, T2, and T3) constrained, as illustrated in Figure 4.16.

The bearings were represented by spring materials, as depicted in Figure 17. Modeling the rota-
tional boundary conditions as fully free poses challenges, hence rotational springs were adopted
with a stiffness value of 10® (kNm/rad) as indicated in Table 3.
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Bearmg; are idealized by J
spring elements
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Figure 4. 17 Springs

Table 4. 3 Boundary conditions idealized as springs.

Analysis
Location Direction Theoretical B. C.
B.C. Stiffness
X
Sway Rigidly fixed
Y Fix 101% (kN/m)
deformation ___ by spring element
Z
Al
Rotational Constrained
Ry Free 10% (kNm/rad)
deformation by spring element
Ry Fix
X
Sway - Rigidly fixed
Fix 101% (kN/m)
deformation ___ by spring element
P1-P5 4
Rotational Ry Fix Constrained
10° (kNm/rad)
deformation Ry Free by spring element
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Ry Fix

X
Sway _ Rigidly fixed
Fix 101° (kN/m)
deformation — by spring element
A2
Ry Fix
Rotational Constrained
Ry Free 10° (kNm/rad)
deformation by spring element
R, Fix
=  Loads

The loads considered in this analysis are depicted in Figure 4.18 as follows:

Dead Load (DL) = Weight of Structure itself

sl LI il
AL i | I, L ;
Superimposed Dead Load (SDL) = 50 kN/m

NN
: L | | [, I "

it =y ey ==
Prestress tendons = 1295 N/mm?

—1®T I T[99

Figure 4. 18 Loads

1 =1 =

1. Self-weight (DL): represents the weight of all structural elements of the bridge.

2. Superimposed dead load (SDL): Includes the weight of the steel railing, asphalt concrete pavement,
safety fences, and other components. The combined value of this load was 50 kN/m.

Prestress Tendon (T): represents the tendons just after prestressing with a stress of 1295 N/mm?,

98]

=  Discretization (Meshing)

A mesh is a discrete representation of a larger geometric domain using smaller cells. Meshes are com-
monly employed for solving partial differential equations, rendering computer graphics, and analyzing ge-
ographical and cartographic data. Meshing divides the space into elements (or cells or zones) on which the
equations can be solved, providing an approximation of the solution across the larger domain. In this study,
the meshing process was performed in DIANA FEA, using a mesh size of 0.25 m and a HEX/SQUAD
meshing type, as illustrated in Figure 4.19.
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Total Dead Weight: 5.63MN %%
Additional Dead Load : 1.25 MN do

PC Box Girder
Meshing type:
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Figure 4. 19 Discretization
= Analysis Type

The types of FE analysis conducted in this study are presented in Table 4. Geometric nonlinear anal-
yses were not performed.

Table 4. 4 FE analysis types.

Names Types

Analysis Linear static
Dimension Three dimensions
Composed element Solid

Mesh order Linear

Mesh size 0.25m

D.O.F 6.6 million

= Structural Evaluation for the state conditions of Comoro Bridge

When analyzing the Comoro Bridge model using an FE analysis, the obtained results can be compared
to the theoretical values to evaluate the structural performance, as outlined below:

= Displacement

The displacement results from the dead load (DL + SDL) obtained from both the FE analysis and theo-
retical calculations are presented in Figure 4.20. The results indicated that the displacements obtained from
both the FE analysis and theoretical calculations were quite similar in the internal spans. However, there
was a slight variation in the displacements of the side spans due to the influence of the boundary.
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Figure 4. 20 Displacement due to the dead load (DL + SDL)
= Normal stress distribution

The results of the finite element analysis (FEA) can be utilized to assess the distribution of normal stress
along the axis of the Comoro Bridge in comparison to the theoretical results. The normal stress distribution
presented in this study was induced by the dead load (DL + SDL), as depicted in Figure 4.21. According to
the Euler—Bernoulli theory, the normal stress is distributed according to the bending moment distribution
along the bridge axis, resulting in peak values at the top of the piers. As observed in the figure, the normal
stress distribution results obtained from both the FE analysis and theoretical calculations were consistent
and nearly identical. However, the peak stress occurring at the top of the piers exhibited larger values than
those predicted by the Euler—Bernoulli theory. The mechanisms underlying these differences are discussed
later.

——FE ‘ Theory
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N
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Figure 4. 21 Normal stress distributions due to the dead load (DL + SDL).
= Shear-Stress distribution

Due to the uniform load action of the dead load (DL) and superimposed dead load (SDL), the shear
stress exhibited a linear distribution with a downward slope, as illustrated in Figure 4.22a. Furthermore, the
average shear stress, calculated using Equation (1), by dividing the theoretical value of the acting shear force
by the equivalent cross-sectional area of the highlighted region in Figure 4.22b, demonstrated an excellent
agreement with the results obtained from the structural analysis. This phenomenon is attributed to the uni-
form concentration of the shear stress on the web of the prestressed-concrete (PC) box girder, as illustrated
in Figure 4.22¢. The detailed FE analysis results obtained using the overall bridge model consistently
aligned with the theoretically expected results, providing conclusive evidence of the significant value and
usefulness of the digital twin in the bridge analysis.
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Shear force(Q)
e _ (4.1)
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Figure 4. 22 Shear-stress distribution along the bridge axis. (a) Shear-stress distribution due to the dead
load (DL + SDL); (b) effective area; (c¢) contour map of the effective area.

= Sectional force (Coefficient Z value)

The finite element analysis enabled the evaluation of the sectional coefficient Z along the bridge axis,
obtained using Equation (2), as depicted in Figure 4.23a. At certain locations, the coefficient Z was arbi-
trarily distributed; however, taking the average value results in a Z coefficient value of 6.059 m?. This value
is closely aligned with the theoretical value of 6.195 m? based on the Euler—Bernoulli theory, as illustrated
in Figure 4.23b.

__ InertiaMoment _ 1

(4.2)

" neutal axis height - ;
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Figure 4. 23 Coefficient Z value. (a) Z value along the bridge axis; (b) Z value results from the FEA and

theory.
= Nonuniform normal stress (Shear-lag) distribution on box-girder section

The phenomenon of the shear-lag effect can be evaluated in the box-girder section, as depicted in Figure
4.24a,b. The uniform normal stress distribution along the flange of thin-walled flexural members, such as
box girders, is recognized as shear-lag effects [23, 24]. According to elementary beam theory (Bernoulli—
Euler theory), the normal stress in the longitudinal direction resulting from a bending deformation is as-
sumed to be proportional to the distance from the neutral axis. As a result, it is expected to be uniform across
the flange width, as formulated in Equation (3).

M M
ox=Ty=1 (43)
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Figure 4. 24 Nonuniform normal stress distribution on box-girder section. (a) the distribution of nonuni-

form normal stress along the bridge axis. (b) Nonuniform normal stress distribution in the PC box-girder
section

However, when the flange width increases, this assumption becomes invalid. The phenomenon of shear-
lag effect can also be defined as the nonuniform distribution of normal stress in the wide flange. Neverthe-
less, the stress reaches its maximum value at the intersection of the flange and web, gradually decreasing
towards the center of the flange [23,24].

= Shear-Lag Effect Evaluation on PC Box-Girder Section

To evaluate the shear-lag effect of the PC box-girder section, it is necessary to identify the target loca-
tions along the bridge axis. In accordance with Figure 4.25, the bridge span between pier 3 and pier 4 was
selected for evaluation. The chosen evaluation locations included the top piers, the quarter-point along the
span length, and the midspan.
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Figure 4. 25 Evaluation Point of Shear-Lag Effect

= Shear-lag effect Evaluation

The normal stress distribution at the top and bottom flanges of the box girder at pier 3 was evaluated
and is depicted in Figure 4.26a. Figure 4.26b,c illustrates the occurrence of a nonuniform stress distribution
at the top and bottom surface flanges, deviating from the predictions of the Euler—Bernoulli theory. Conse-
quently, a significant shear-lag effect phenomenon was observed on the box-girder section at both the top
and bottom flanges at pier 3.
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Figure 4. 26 Normal stress distribution on the girder section at pier 3. (a) Contour map of the normal
stress distribution; (b) at the top flange; (¢) at the bottom flange.
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The normal stress distribution at the top and bottom flanges of the box girder, positioned 1/4 L away
from pier 3, is depicted in Figure 4.27a. Figure 4.27b,c demonstrate the occurrence of a nonuniform stress
distribution at the top and bottom surface flanges, deviating from the predictions of the Euler—Bernoulli
theory. Nevertheless, the shear-lag effect was notably diminished towards the midspan when considering
the 1/4 L location.
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Figure 4. 27 Normal stress distribution on the girder section at 1/4 L from pier 3. (a) Contour map of the
normal stress distribution; (b) at the top flange; (¢) at the bottom flange.

The contour map of the stress distribution (Figure 4.28a) clearly illustrates that the shear-lag effects at
both the bottom and top flanges of the midspan box girders were negligible, closely aligning with the as-
sumptions of the Euler—Bernoulli beam theory (refer to Figure 4.28b,c). Consequently, given the limited
occurrence of shear forces, the shear-lag effect could be disregarded in the midspan section of the box girder.
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Figure 4. 28 Normal stress distributed on the girder section at midspan. (a) Contour map of the normal
stress distribution; (b) at the top flange; (¢) at the bottom flange.

Therefore, the assessment of the shear-lag effect for the PC box-girder section of the Comoro Bridge
was as follows:

1.

(%]

The nonuniform normal stress distribution due to the shear-lag effect obviously occurred at the top
and bottom flanges.

The shear-lag effect significantly occurred at the top of the piers, especially at the
web and flanges interaction.

However, when it moved towards the midspan, the shear-lag effect was diminished line-
arly and could even be neglected.

Shear-Lag Effect on Double-Cell Box Vs. Single-Cell Box Girder

In order to investigate the shear-lag effect phenomenon on the PC box-girder bridge in Comoro, a dou-
ble-cell box girder was designed to replicate the original configuration of the Comoro Bridge compared to
a single-cell box girder. The single-cell box girder possessed identical dimensions and cross-sectional area.
In the double-cell box girder, the middle web was removed and added to the left and right webs of the single-
cell box girder, as illustrated in Figure 4.29. Consequently, the evaluation of shear-lag effects in both the
double-cell and single-cell box girders was as follows:
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(a) (b)

Figure 4. 29 Double-Cell Box and Single-Cell Box Girder. (a) Double-Cell Box Girder; (b) Single-Cell
Box Girder.

=  The shear-lag effect was observable at the top and bottom flanges in the box-girder section located at
the top of the piers, as depicted in Figure 4.30a.
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Figure 4. 30 Normal stress distribution on the girder section at pier 3 (single-cell box-girder case). (a)
Contour map of the normal stress distribution; (b) at the top flange; (c) at the bottom flange.

= The results indicated that the shear-lag effect was more prominent in the single-cell box compared to
the double-cell box. This disparity was attributable to the geometrical differences, with the double-cell
box featuring an intermediate web, while the single-cell box lacked one (refer to Figure 4.30b,¢).
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Consequently, the shear-lag effect was significantly more pronounced in the single-cell box girder. How-
ever, as the location transitions towards the midspan, the shear-lag effect diminished linearly and became
aligned with the assumptions of the Euler—Bernoulli theory (refer to Figure 4.31).

Automatic crack _
extraction Attribute
. information on
the 3D model

. Bridge substructure

Crack development

Figure 4. 31 Bridge digital twin for structure maintenance

The evaluation results of the shear-lag effect for both the double-cell box and single-cell box were as fol-
lows:

1. Both the double-cell and single-cell boxes exhibited a shear-lag effect, especially at the top of the

piers.

2. Both the double-cell and single-cell boxes exhibited a shear-lag effect, especially at the top of the
piers.
Both the double-cell and single-cell boxes exhibited a shear-lag effect, especially at the top of the
piers.
A comparative study can be performed using a full-scale bridge model, which is easily developed from the
BIM technology.

(98]

4.6. Application of Bridge Digital Twin for Structure Maintenance

Digital twin—BIM technology can be utilized for the maintenance of bridge structures. As illustrated
in Figure 4.32, it is feasible to automatically extract crack information (maintenance data) from captured
image data during inspections and incorporate it as attribute information into the 3D model of the structure.
This enables the storage and management of maintenance information using BIM technology. Hence, digital
twin—BIM technology plays a vital role in managing the complete life cycle of the bridge. Additionally, as
mentioned in the Section 1, structural health monitoring has been planned based on the GNSS data obser-
vation as depicted in Figure 32. This figure shows the setup of the monitoring system and observation data
in past research. By a continuous 3D displacement monitoring of bridges, it is expected that valuable data
will be available for the maintenance of the bridge.
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Figure 4. 32 Implementation of GNSS monitoring for bridges in past research. (a) Setup of GNSS moni-
toring system; (b) observation data from the GNSS monitoring system.

4.7. Conclusion

This chapter established the DT-BIM-based digital representation and physics-based validation com-
ponents of the proposed operational digital twin framework for bridge infrastructure. Through a case study
of the Comoro PC box-girder bridge, a detailed BIM model was developed and integrated with finite ele-
ment analysis to evaluate fundamental structural performance characteristics. The results demonstrated that
the DT—BIM model provides a reliable and physically consistent baseline for representing bridge behavior,
supporting visualization, information management, and structural assessment. By positioning BIM-based
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modeling and FEA-based validation as foundational elements, this chapter provides the necessary digital
and physical groundwork for subsequent GNSS-based monitoring, uncertainty-aware state estimation, and
decision-support functions addressed in the following chapters.

The development and application of digital twin-BIM technology for bridge management offer sig-
nificant advantages in the field of infrastructure maintenance and operation. By integrating the ca-
pabilities of digital twin technology with building information modeling (BIM), bridge managers
can create a comprehensive virtual representation of the bridge, capturing its physical and functional
attributes.

Digital twin—BIM technology enables the landscape visualization of the Comoro Bridge with the
surrounding environment, traffic flow simulation at the area of the target bridge, a finite element
analysis for bridge structure performance evaluation, and bridge structure maintenance. Therefore,
digital twin—BIM technology has the potential and ability to access accurate and up-to-date infor-
mation about the bridge’s condition that enhances asset management practices, optimizes mainte-
nance schedules, and extends the lifespan of the structure.

Additionally, digital twin—BIM technology promotes an effective collaboration among stakeholders
involved in bridge management, allowing seamless data exchange, information sharing, and coor-
dinated decision-making. This enhances communication, reduces errors, and streamlines workflows,
leading to improved efficiency and cost-effectiveness in bridge maintenance and operation.

Furthermore, the utilization of digital twin—BIM technology in bridge management contributes to
enhanced safety by enabling the evaluation of the structural integrity, the assessment of risk factors,
and the implementation of preventive measures. This proactive approach minimizes the likelihood
of bridge failures, ensuring the safety of users and surrounding areas.

Overall, the combination of digital twin and BIM technologies presents a powerful tool for bridge man-
agement, offering enhanced insights, improved decision-making, and optimized asset performance. As tech-

nology continues to advance, it holds enormous potential for revolutionizing the way bridges are designed,
built, monitored, and maintained, leading to safer and more efficient infrastructure systems.
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5. System-Level Traffic Management Using Digital
Twin-BIM Technology: A Case Study in Dili, Ti-
mor-Leste

Overview

Rapid urbanization in Dili, the capital of Timor-Leste, has intensified traffic congestion and associated
air quality degradation, highlighting the need for data-driven and evidence-based traffic management strat-
egies. This study develops and implements a Digital Twin (DT)-based traffic management framework by
integrating Building Information Modeling (BIM) with traffic simulation tools to create a dynamic virtual
representation of the urban road network. The proposed framework enables the analysis of traffic demand,
congestion patterns, and operational performance during morning, afternoon, and evening peak periods. To
extend the Digital Twin beyond mobility assessment, a box model approach is employed to estimate near-
ground concentrations of traffic-related air pollutants, including CO, NOy, PMz.5, and SO:. The results
reveal distinct vehicle-dependent emission characteristics, with motorcycles contributing predominantly to
CO emissions, while diesel-powered heavy vehicles dominate NOy and PMa.s concentrations. Emission lev-
els consistently peak during morning traffic hours, indicating that traffic volume is the primary driver of
pollutant accumulation. The findings demonstrate that the proposed DT-BIM framework is an effective
decision-support tool for integrated traffic and environmental management, particularly in rapidly urbaniz-
ing and data-scarce urban contexts.

5.1. Introduction

As urban populations grow, the confluence of transportation and environmental issues increasingly im-
pacts economies and livelihoods. Urban growth has a significant impact on traffic dynamics, congestion,
and air pollution. Global factors such as economic shifts, evolving transportation infrastructure, and the rise
of ridesharing and delivery services further complicate these challenges[1,2].

Research on the economic impact of traffic congestion in U.S. metropolitan areas highlights its negative
impact on job growth and productivity, underscoring the need to prioritize economically important trips or
increase travel capacity [3]. In addition, the effectiveness of traffic management strategies (TMS) on urban
air quality and pollution-related health outcomes has been studied and shows limited evidence to support
emission reduction schemes such as urban road pricing and low-emission zones (LEZs)[4]. Therefore, the
effective traffic management is emerging as a critical global policy concern, crucial to avert economic losses
due to lost productivity and increased air pollution from increased emissions [5].

To address these challenges, innovative traffic management systems are needed, especially those that
utilize digital twin technology. Digital twin can analyze and visualize queue lengths and traffic flows and
assess how the installation or removal of various traffic signs affects the traffic system, thereby facilitating
traffic flow optimization and environmental impact assessment. Digital twin can also be integrated with
various image sensors to simulate traffic based on real-time data, predict the occurrence of traffic congestion,
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and reduce congestion by controlling traffic signals. By enabling the assessment of traffic conditions, digital
twin is expected to provide quantitative insights for evidence-based traffic management policies (EBTMP)
[6,7.8,9].

The Dili city area, the capital of Timor-Leste, has suffered from uncontrolled urbanization, traffic con-
gestion, and environmental problems that have hampered economic activities due to the lack of comprehen-
sive measures to address urban issues, in addition to the lack of social infrastructure due to rapid population
growth. JICA is supporting the preparation of a comprehensive urban development master plan to address
these issues in the Dili metropolitan area and is working to contribute to the formation and growth of a
sustainable city with industrial vitality [10].

This study aims to provide an alternative solution to the challenges of traffic management in the city of
Dili through the application of digital twin technology. By using actual traffic volume data to assess traffic
dynamics, bottlenecks, and emissions, the digital twin BIM technology accurately simulates peak hours,
congestion, delays, and pollutants such as CO2, NOx, and PM10. As a result, digital twin - BIM technology
can provide a reliable solution to the traffic challenges in Dili City, Timor-Leste.

5.2. Digital Twin—-BIM Strategies for System-Level Traffic Management
5.2.1. Digital twin for traffic management

Digital twins are increasingly being used in traffic management to replicate the physical traffic network
into a digital model. The digital twin combines real-time traffic data for simulation in order to provide a
holistic understanding of traffic dynamics, enabling better decision-making. The vast potential of infor-
mation technology in the field of road transportation allows for the real-time integration of digital and phys-
ical road systems for traffic modeling and analysis [11, 12, 13]. This kind of integration is commonly known
as the digital twin concept, which considers the merging of the virtual (digital) and the real world [14]. As
such, DT applications provide viable solutions to the issue of the increasing complexity of transportation
systems and the idea of tracking them throughout their lifecycle.

In the early stages of design, construction, reconstruction, traffic planning or control, and numerous
other analysis purposes, real-time bi-directional interaction between the physical system and corresponding
digital replicas is made possible by a continuously synchronized digital twin model with its physical coun-
terpart. As a result, digital twin has demonstrated great promise in a number of domains and is attracting
considerable attention from industry and academia[15]. For example, some researchers are exploring the
use of digital twins in transportation, with a particular focus on the real-time synergy of simulation and
traffic data streams to visualize motorway dynamics[16]. Where they used the Geneva Highway Digital
Twin Model (DT-GM) to integrate real-time data into microscopic roadway simulations, introducing a new
paradigm. The DT-GM integrates highly refined real-world traffic data through constant synchronization
and calibration with the SUMO simulator, allowing simulation-based control optimization to occur while
the system is in operation. Therefore, digital twins are increasingly used in traffic management to build
virtual replicas of real traffic networks [17, 18]. With the help of these digital twins, which integrate simu-
lation and real-time traffic data, traffic dynamics can be fully understood, allowing for improved control
and decision-making. By modeling and predicting traffic conditions, they can be used to optimize cities by
facilitating adjustments to traffic signals, route planning, and resource allocation. Therefore, in this study, a
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digital twin is used to simulate traffic management in the city of Dili, particularly in the Cathedral Zone, to
provide evidence-based traffic management for decision-making.

5.2.2. BIM for traffic management

Building Information Modeling (BIM) is increasingly being used in traffic management and transpor-
tation infrastructure, providing benefits to the various stakeholders involved in the decision-making process.
In civil engineering, BIM serves as a digital management system that facilitates collaborative working tech-
niques to create, maintain, and use data and information about transportation assets throughout their lifecy-
cle[19, 20]. The benefits that BIM brings to the following stakeholders include:

o Urban Planners: BIM assists urban planners in analyzing transportation systems and improving road
design. By integrating urban traffic data, land use data, and traffic management information, BIM
promotes a more efficient decision-making process related to transportation infrastructure develop-
ment and urban planning.

e Transportation Engineers: BIM enables transportation engineers to create engineering-level models
of transportation infrastructure to facilitate transportation system analysis, simulation, and design
optimization. By providing a digital representation of the transportation network, BIM helps trans-
portation engineers identify bottlenecks, optimize traffic flow, and evaluate the effectiveness of
traffic management strategies.

e Policy Makers: BIM contributes to evidence-based decision-making for policymakers involved in
traffic management and urban development. By integrating real-time traffic data and simulation
technology, BIM enables policymakers to assess the impact of proposed traffic management poli-
cies and infrastructure projects before they are implemented. This enables informed decision-mak-
ing and the development of effective strategies to address traffic congestion and environmental is-
sues.

e City Administrator: BIM assists city administrators in managing transportation assets and optimiz-
ing urban mobility. By providing a digital twin of the urban transportation network, BIM facilitates
real-time monitoring, analysis, and optimization of traffic flows. Municipalities can use BIM to
make data-driven decisions to increase transportation efficiency, improve road safety, and reduce
environmental impact.

As aresult, BIM helps improve the decision-making process for city planners, transportation engineers,
policy makers, and city administrators involved in traffic management and urban development initiatives.

5.3. Rapid urbanization and traffic management issues in Dili, Timor-Leste

This study focuses on the traffic problems in the city of Dili, the capital of Timor Leste, specifically in
the Cathedral Zone, as shown in Figure. 5.1. In this area, chronic traffic delays and congestion occur
throughout the day, especially during peak hours. This reduces urban mobility and increases economic losses
and air pollution. To address these challenges, it is imperative to implement Digital Twin — BIM technology
to help optimize traffic management.
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Current Traffic Issue

o Cathedral zone

Figure 5. 1 Study Area

Dili, the capital of Timor-Leste, is the country’s economic, administrative, and educational center. Since
its independence from Indonesia in 2002, the city has played a prominent role in the country’s affairs and
has experienced rapid and sustained population growth. According to "Timor-Leste’s 2022 Population and
Housing Census", Dili’s population reached 324,269 out of a total national population of 1,340,434, or
24.2% of the total population. Despite its relatively small area of 14,954 square kilometers, Dili has a pop-
ulation density of about 90 people per square kilometer [21].

The concentration of the population in urban areas, particularly in Dili, has increased significantly in
recent years. This trend is clearly visible in Figure 5.2, a satellite image of Dili, which highlights the limited
land in the city as a center of urbanization. Dili’s population density is extremely high at 1,177 people per
square kilometer, a figure well above the national average for Timor-Leste.

ol

Figure 5. 2 atellite Image of Dili City
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As previously stated, traffic congestion not only decreases transportation mobility but also logistics
productivity, economic losses, and even increases air pollution. Therefore, it is expected that the introduction
of digital twin technology enables optimizing traffic management resulting in the economic growth and the
decrease in air pollution.

5.4. Development of a Digital Twin-BIM workflow for traffic Management

The development of a Digital Twin - Building Information Modeling (DT-BIM) workflow for traffic
management is an important aspect of this research. Digital twin technology involves the creation of a virtual
replica of a physical system or process, enabling simulation, analysis, and optimization. Building Infor-
mation Modeling (BIM), on the other hand, is a digital representation of the physical and functional char-
acteristics of a building or infrastructure element. The integration of digital twin and BIM technologies
provides a comprehensive approach to traffic management, enabling detailed simulation, analysis, and de-
cision-making. The workflow shown in Figure 5.3 outlines the steps involved in developing a DT-BIM
workflow for traffic management:

Create a base model of1

= Traffic Counting
= Geometric data

Start |le
! Calibration of
Data Collection DT TTOdEl

Validation of DT model}-

T

|
Traffic demand and

R
Average Daily Traffic

Data 1(ADT) Darametlers input
Origin-Destination S'm;‘rl;tl'sgsaﬂd
(OD) matrix I
Finish

Figure 5. 3 DT-BIM workflow for traffic management

= Data collection (traffic counting and geometric data)
=  Evaluate Average Daily Traffic (ADT)

= Evaluate the Origin-Destination matrix (OD)

= Create a base model for Digital Twin.

= Verification of the DT model
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= Calibration of the DT model
= Validation of the DT model
=  Traffic demand and parameters input

= Simulation of and analysis

(1) Data collection

A comprehensive traffic data collection has been initiated by a team of students from the Department of
Civil Engineering of the National University of Timor-Leste. The study period was set for one week, from
September 3 to 9, 2020, to study representative traffic volumes in the city of Dili. Comprehensive data
collection was conducted by a team of students from the Department of Civil Engineering of the National
University of Timor-Leste. Focusing on the Cathedral Zone, the downtown area of Dili, the team diligently
collected important information, including traffic and geometric data. The goal of this effort was to obtain
traffic data that could be used to evaluate the traffic management system in Dili, particularly in the Cathedral
Zone.

» Traffic data

Traffic data was collected by conducting traffic counts, focusing on the Cathedral Zone. The counting
period covered seven days, starting at 7 a.m. and ending at 6 p.m., as depicted in Figure 5.4. The reason
why traffic counts were only conducted during the day was because traffic is usually very low at night.

Daily traffic data
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Figure 5. 4 Daily Traffic Counting

Traffic data sets were collected at 15-minute intervals for various types of vehicles commonly used in
Dili, including motorcycles, minibuses, taxis, small mini-buses, buses, private cars, government cars, mini-
trucks, anguna, dump trucks, and trailers. A comprehensive dataset was obtained from ten different road
segments, namely Av. Villa Verde, Rua de Caju Laran, Rua de Tuana Laran, Av. 20 de Maio, Rua de
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Cathedral 1, Av. D. Ricardo da Silva I, Av. D. Ricardo da Silva 2, Beco Hermanina, Av. de Colmera, and
Rua de Cathedral 2, as shown in Figure 5.5. Subsequently, this dataset was used to calculate the Average
Daily Traffic (ADT) and determine the peak hour for each road segment.

Figure 5. 5 Target Zone

» Geometric data
Furthermore, geometric data for road segments in the Cathedral zone was collected to fully comprehend

the issue of traffic flow in that zone, as illustrated in Table 5.1. This includes the following information
presented in columns: (1) the number of road segments, (2) road segment names, (3) road types, and (4)
road widths. This information is essential as the foundation for creating a base model of the Digital Twin.

Table 5. 1 Geometric Data

Geometric data
No Road section Roda type Road Width(m)

1 Avenida Villa-Verde 2 lanes 1 direction (2/1) 9.3
2 Rua de Caju laran 2 lanes 2 directions (2/2) 7.8
3 Rua de Tuana laran 2 lanes 2 directions (2/2) 10.7
4 Avenida 20 de maio 2 lanes 1 direction (2/1) 9.15
5 Rua de Cathedral 2 lanes 1 direction (2/1) 8.2
6 | Avenida D.Ricardo da Silva |2 lanes 2 directions (2/2) 8.6
7 | Avenida D.Ricardo da Silva | 2 lanes 1 direction (2/1) 9.2
8 | Beco de Hemanina(Bebora) | 2 lanes 2 directions (2/2) 6.1
9 Rua de Colmera 2 lanes 1 direction (2/1) 9.5

Rua de:Cathedral (Rotunda | 0 1 dieciion (271 8.8
10 mandarin)
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(2) Average daily traffic (ADT)

Once traffic data has been collected, the next task is to calculate Average Daily Traffic (ADT), a crucial
step in determining peak traffic periods. ADT, also known as average daily traffic, is the average number of
vehicles that pass through a given roadway location over a brief period, usually seven days or less. It is
obtained by dividing the total daily volume for a given period by the number of days in that period, as shown
in Equation 5.1.

1
ADT = - L, VOL; (5.1)
VOL, : daily volume in the i day, » : the number of whole days over the observation period.

In this study, Table 5.2 presents the Average Daily Traffic (ADT) data, with the following information
arranged in columns: (1) number of vehicle types operating in the downtown Dili, (2) vehicle types and
names, (3) vehicle categories, and (4) average daily traffic for different vehicle types on the 10 road seg-
ments within the designated target zones. These ADT data will be used for traffic simulation and traffic
management analysis.

Table 5. 2 Average Daily Traffic (ADT)

Average daily traffic (ADT) for target zone
No Vehicle type Category ADT
1 Motorcycle Motocycles (MC) 27081
2 Taxi 874
3 Mikrolet 2909
4 Private car 6025
5 Government car Light Vehicles (LV) 1776
6 Anguna 787
T Min Truck 477
8 Mim Bus 139
0 Bus 95
10 Dummp truck Heavy/Big Vehicles (HV) 199
11 Big Truck/Traillers 79
Total 40441

(3) Peak hour volume (PHV)

PHV represents the maximum number of vehicles passing a point in both directions in one hour. The

equation for PHV is shown in Equation 5.2.
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Where:

MHV

PHV = —

PHYV is the Peak Hour Volume

DS

(5.2)

MHYV is the Maximum Hourly Volume. It is the highest number of vehicles passing the point in both
directions during anyone-hour period.

DS is a Directional Split. It is the number of traffic moving in a specific direction during the peak

hour.

Figure 5.6 illustrates the peak hour volume in the Cathedral Zone of the city of Dili, which serves as
the target area for our research. In addition, we have highlighted three peak hours: morning peak hour
(08:00~09:00), afternoon peak hour (12:00~13:00), and evening peak hour (17:00~18:00), which can be
used in DT-BIM for simulation and analysis. Table 5.3 shows the selected detailed peak hour data from Fig-
ure 5.6, which includes the following columns: (1) traffic sources from ten road segments in the research
target zone, (2) traffic volume from each road segment for the morning peak hour, (3) traffic volume for the
afternoon peak hour, and (4) traffic volume for the evening peak hour.

Number of Cars

—VILA-VERDE
RUA DE CATEDRAL
—RUA DE COLMERA

CAJU LARAN
D. RICARDO DA SILVA
— RUA DE CATEDRAL 2

TUANA LARAN 20 DE MAID
= [. RICARDO DA SILVA 2 — BECO DE HERMAMNIMNA

1500

8:00 9:00 10:00

11:00 12:00 13:00 14:00 15:00 16:00 17:00 18:00

Time

Figure 5. 6 Peak Hour
Table 5. 3 Selected peak Hour

Traffic Source

Av. Villa Verde

Rua de Caju Laran

Rua de Tuana Laran

Av. 20 de Maio

Rua de Cathedral 1

Av. D. Ricardo da Silva 2
Av. D.Ricardo da Silva 1
Beco de Hermanina
Rua de Colmera

Rua Cathedral 2

08:00 - 09:00

1268
104

664
1414
1416
2671
448

101

1128
5472

Peak Hours
12:00-13:00 17:00-18:00
2144 1606
119 130
472 918
1278 1954
1783 2208
2582 3028
570 881
68 49
1359 1663
4518 4705

79



(4) Origin - Destination (OD) matrix.

An Origin-Destination (OD) matrix is a key method in transportation planning and management. It
shows the flow of trips within a transportation network between different origin-destination pairs.

The matrix represents the movement of vehicles from an origin to a destination in each zone.

The OD matrix is commonly used to study travel patterns, identify congestion hotspots, plan transpor-
tation infrastructure improvements, and optimize traffic management systems.

The general form of an OD matrix is a square matrix with rows representing origins, columns repre-
senting destinations, and cells representing the number of trips. The following mathematical formulas can
be used to calculate an Origin-Destination (OD) matrix, as shown in Equation 3.

Tll T12 Tln
pp=|T20 T2 o Ton (5.3)

Where:
= T, : represents the number of trips from origin 7 to destination ;
= j:ranges from | to n for origins
= j:ranges from 1 to n for destinations

In this study, three Origin-Destination (OD) matrices are presented in Tables 5.4, 5.5, and 5.6, corre-
sponding to different peak hours that can later be input into the DT-BIM model. Table 5.4 outlines the OD
matrix for the morning peak hour, which spans from 08:00 to 09:00. Table 5.5 provides insight into the
afternoon peak hour, covering the period from 12:00 to 13:00. Finally, Table 5.6 shows the OD matrix for
the evening peak hour, extending from 17:00 to 18:00. In addition, the data collected to determine the num-
ber of trips from origin-destination was difficult to obtain in the field. Therefore, the percentage of traffic
for each roadway segment was used to determine the OD matrix as shown in Tables 5.4, 5.5, and 5.6. In
addition, as shown in the OD tables, some rows contain zeros. This indicates that, due to the characteristics
of the roadway, vehicles did not reach those destinations. For example, the section of Av. Villa Verde is a
one-way road, while Av. D. Ricardo da Silva 2 has two lanes and two directions (2/2). Thus, these matrices
serve as the basis for simulations and analyses aimed at evaluating traffic issues and environmental impacts.
They have played a crucial role in the development of an Evidence-Based Traffic Management Policy
(EBTMP).
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Table 5. 4 Origin-Destination (OD) matrix for Morning Peak Hour

Morning Peak Hour (08:00 - 09:00)

Origin- Destination (OD) matrix
Destinations
Ay. Villa Verde R.ua de Rua de Av. 29 Rua de Ri?a:‘d[o).da D. R/?:;rdo Beco @ Rua de C ;:el]cfral el "
Caju Laran | Tuana Laran | de Maio | Catedral 1 < - Hermanina| Colmera
Silva 2 da Silva 1 2
Av. Villa Verde 70 119 0 183 292 0 70 0 534 1268 8.6%
Rua de Caju Laran 0 11 0 16 25 0 7 0 45 104 0.7%
Rua de Tuana Laran 0 49 0 108 165 0 49 0 292 664 45%
Av. 20 de Maio 0 78 132 205 325 0 78 0 595 1414 9.6%
Oiio Rua de Catedral 1 0 0 0 0 467 0 123 0 828 1416 9.6%
Av. D. Ricardo da Silva 2 0 0 0 0 0 0 92 0 2583 2671 18.2%
Av. D.Ricardo da Silva 1 0 0 0 0 0 448 0 0 0 448 3.1%
Beco de Hermanina 0 0 0 0 0 0 0 0 101 101 0.7%
Rua de Colmera 0 0 0 0 0 0 0 61 1067 1128 7.7%
Rua Catedral 2 0 0 0 0 0 0 0 0 0 5472 37.3%
Table 5. 5 Origin-Destination (OD) matrix for Afternoon Peak Hour
Aftemoon Peak Hour (12:00 - 13:00)
Ongir Destination (OD) matrix
Destiation
Av. Villa | Rua de Caju Rilide Av.20de | Ruade .Ah b }.\\" Beco de | Rua de _Rua (Lo =
Verde Laran ) Tuana Maio Catedral 1 Ricardo:da | DRigardo Hemmanma | Colmera Gatedeal
Laran Silva2 | da Silva 1 2
Av. Villa Verde 146 196 0 385 500 0 138 0 779 214 14.4%
Rua de Cajn Laran 0 13 0 23 91 0 9 0 45 119 0.8%
Rua de Tuana Laran 0 11 0 3 119 0 39 0 180 472 3.2%
|Av. 20 de Maio 0 87 117 | 230 298 0 82 0 | 464 1278 | 86% |
e Rua de Clate(lral 1 ‘ 0 0 0 0 617 0 102 0 1063 1783 12.0%
= |Av. D. Ricardo da Silva 2 0 0 0 0 0 0 T 0 2504 2582 17.3%
Av. D.Ricardo da Silva 1 0 0 0 0 0 570 0 0 0 570 3.8%
Beco de Hermanina 0 0 0 0 0 0 0 0 68 68 0.5%
Rua de Colmera 0 0 0 0 0 0 0 95 1321 1359 9.1% |
Rua Catedral 2 0 0 0 0 0 0 0 0 0 4518 30.3% |
Table 5. 6 Origin-Destination (OD) matrix for Evening Peak Hour
Evening Peak Hour (17:00 - 18:00)
Destination
Av. Villa  |Rua de Caju ?::nc: Av. 20de [Ruade ::ca]rjdo ds g\;(icarda Beco de  [Ruade lé:taedral Total %
Verde Laran Maio Catedral 1 . o Hermanina|Colmera
Laran Silva 2 da Silva 1 2
Av. Villa Verde 107 181 0 602 379 0 100 0 536 1606 9.4%
Rua de Caju Laran 0 16 0 26 32 0 10 0 45 130 0.8%
Rua de Tuana Laran 0 82 0 193 237 0 78 0 327 918 5.4%
Av. 20 de Maio 0 131 221 668 461 0 121 0 652 1954 11.4%
rmin Rua de Catedral 1 0 0 0 0 782 0 200 0 1227 2208 12.9%
=" |Av. D. Ricardo da Silva 2 0 0 0 0 0 0 103 0 2925 3028 17.7%
Av. D.Ricardo da Silva 1 0 0 0 0 0 281 0 0 0 881 5.1%
Beco de Hermanina 0 0 0 0 0 0 0 0 49 49 0.3%
Rua de Colmera 0 0 0 0 0 0 0 53 1610 1663 9.7%
Rua Catedral 2 0 0 0 0 0 0 0 0 0 4705 27.4%

(5) Create a base model DT

The digital twin model plays an important role in traffic simulation, particularly within the Cathedral
Zone in the city of Dili, Timor-Leste. By carefully replicating the actual conditions of the road and its com-
ponents, using advanced Building Information Modeling tools, this process ensures accurate simulations.
The application goes beyond modeling by providing a comprehensive view of traffic congestion and envi-
ronmental implications within the Cathedral Zone. The result of the digital twin model is depicted in Figure
5.7. In addition, the DT model not only provides good simulation results but also makes a significant con-
tribution to Evidence-Based Traffic Management Policy (EBTMP). The integration of traffic management
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principles into the digital twin framework does not stop at simulation but actively contributes to the im-
provement of traffic management practices. The insights gained from this approach provide a foundation
for informed decision-making, promoting sustainable and efficient urban mobility solutions that are tailored
to the dynamic complexity of the target research zone and its surroundings.

1

3 J Av. D. Ricardo da
> Silva 1

1oy

Av. 20 de Maio iR

\ Av. D. Ricardo da | ¥
pu— 1 -} Silva 2
[ Beco de Hermanina

=

Figure 5. 8 Calibration and verification of the DT model
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(6) Calibration and Verification of the DT model

Once the DT model is created in the BIM tools, it is important to calibrate and validate the model itself
to be similar to the real condition for each road section in the Cathedral Zone, as shown in Figure 5.8. This
zone contained 10 road sections with each type as elaborated below:

=  Av. Villa Verde: 2 lanes, 1 direction

= Rua Caju Laran: 2 lanes, 2 directions

= Rua de Tuana Laran: 2 lanes, 2 directions

=  Avenida 20 de maio: 2 lanes, 2 directions

= Rua de Cathedral: 2 lanes, 1 direction

=  Avenida D.Ricardo da Silva 2: 2 lanes, 2 directions

= Avenida D. Ricardo da Silva 1: 2 lanes, 1 direction

=  Beco de Hermanina: 2 lanes, 2 directions

= Rua de Colmera: 2 lanes, 1 direction

= Rua de Cathedral 2 ( Rotunda Mandarin): 2 lanes, 1 direction.

Thus, by calibrating and verifying the DT model according to real-world conditions, later simulation
and analysis results can be achieved accurately.

(7) Traffic demand and parameters input

Traffic demand refers to the number of vehicles seeking to travel, expressed as several vehicle trips in
the traffic simulation tool [22]. Therefore, inputting actual traffic in the form of OD matrix data into the
BIM tool becomes an essential step in the traffic simulation process. Subsequently, it is crucial to input and
configure parameters, including intersections, traffic lights, and signalization, as shown in Figures 5.9, 5.10,
and 5.11, respectively. The primary goal of this data entry and parameter setting is to create a realistic traffic
simulation model. This model facilitates optimal traffic outcomes and allows for easy identification of con-
gestion points and environmental impacts in the surrounding area. Accurate simulations are essential for
producing meaningful results that are essential for developing an Evidence-Based Traffic Management Pol-
icy (EBTMP) that effectively informs the decision-making process. This comprehensive approach ensures
a solid foundation for urban planning, promoting sustainable solutions and informed policies to improve
traffic management.
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Figure 5. 11 Simulation Settings panel
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5.5. Traffic Simulation and Analysis
(1) Simulation theory

Car following models are theoretical frameworks used to describe and predict the behavior of individual
vehicles as they travel in traffic and follow other vehicles on the road[ 18, 23]. These models are essential in
traffic engineering and transportation planning to understand how traffic flows arise and develop strategies
to improve traffic efficiency and safety. The basic idea behind car following models is to represent the
driver’s behavior in relation to the vehicle in front of him. These models usually consider factors such as
vehicle speed, distance to the previous vehicle, acceleration, deceleration, driver reaction time, and other
relevant variables.

Thus, traffic simulation in BIM tools is used in microscopic traffic models, which simulate individual
vehicles and their interactions in the traffic flow. The BIM tools for traffic simulation contain three car-
following models: Gipps, Wiedemann, and Fritzsche's models. Both the Wiedemann and Fritzsche’s models

are psycho-physical models where the driver is assumed to change his behavior at certain thresholds, as
shown in Figure 5.12.

Upper limit of reaction

Free driving e
Closing in o PTN
SpV Free driving
SDX
Following
OPDV CLOV  ABx
e 7

Emergency regime AX
0 Av 0 Av
(a) Wiedemann model (b) Frizsche’s model

Danger

Figure 5. 12 A psycho-physical model assumes a driver changes behavior at certain thresholds[23].

The Wiedemann car-following model was first introduced in 1974 and has been continuously refined
ever since [18, 23-26]. This model consists of five different driving states as follows:

=  Free Driving: The driver maintains the desired speed.

=  Following: The driver follows the lead vehicle, unconsciously accelerating and decelerating.

= Approaching: The driver's speed adapts to the lower speed of the lead vehicle. Deceleration con-

tinues until the speed difference is zero, i.e., the driver has reached his desired safety distance.
= Breaking: If the desired safety distance is significantly reduced, for example, if the lead vehicle
abruptly changes speed, the driver decelerates noticeably.
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= Emergency: High deceleration is applied to avoid a collision with the vehicle in front.
Subsequently, the car following model of the car developed by Fritzche in 1994 also consists of five
different driving states as follows:

= Danger: The driver uses maximum deceleration to increase the distance to the leading vehicle be-
cause the distance between the vehicles is perceived to be too small.

= Closing in: The driver decelerates to match the speed of the lead vehicle when the headway equals
the safe gap distance.

= Following 1: The driver takes no conscious action.

= Following 2: The driver notices that he is closing on the lead vehicle but takes no action due to the
large gap.

= Free driving: The follower accelerates to achieve the desired speed. The driver’s inability to main-

tain a constant speed is modeled with a parameter.

These models track the movement and behavior of each vehicle separately, considering factors such as
acceleration, deceleration, lane changes, and interactions with other vehicles. The Gipps model is one of the
microscopic models commonly used in traffic simulation. The Gipps model, developed by Michael Gipps,
describes the acceleration behavior of each vehicle as a function of the desired speed, the speed of the

surrounding vehicles, and the distance to the vehicle ahead. The model aims to capture driver's behavior in

a more realistic way by considering factors such as driver anticipation and reaction time. In contrast, the
Wiedemann and Fritzsche models are more often associated with mesoscopic or macroscopic approaches to
traffic modeling. Mesoscopic models consider traffic flow at an intermediate level, focusing on groups of
vehicles or road sections, while macroscopic models analyze traffic flow at a broader level, often using
aggregate variables such as traffic density and traffic speed.

So, in this study, the microscopic traffic simulation model based on the Gipps is adopted.
(2) Results of simulation and analysis

After conducting simulations and analyses for the Cathedral Zone using peak-hour data, including the
morning peak (08:00-09:00), afternoon peak (12:00-13:00), and evening peak (17:00-18:00), the traffic sim-
ulation was performed using a digital twin model based on Building Information Modeling tools, as depicted
in Figure 5.13. Further details of the morning peak results are illustrated in Figure 5.14, and the assessment
status is presented in Table 7. The traffic assessment showed that of the ten road segments within the target
zone during the morning peak, eight segments were congested while only two were uncongested.
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Figure 5. 14 Simulation results of the morning peak hour.
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Table 5. 7 Assessment result of the morning peak hour simulation

Morning Peak Hour 08:00 - 09:00

Average Delay
Traffic Source delay Treshold(secon Queue(m)  Observation Status
(Second) d)
Aw. Villa Verde 140 55 163.5 Yes Congested
Rua de Caju Laran 11 55 84.8 No Not Congested
Rua de Tuana Laran 95 55 93.3 Yes Congested
Av. 20 de Maio 189 55 164 Yes Congested
Rua de Cathedral 1 80 55 84.2 Yes Congested
Av. D. Ricardo da Silva 2 289 55 186.7 Yes Congested
Av. D.Ricardo da Silva 1 86 55 109.4 Yes Congested
Beco de Hermanina 78 55 80 Yes Congested
Rua de Colmera 114 55 98.4 Yes Congested
Rua Cathedral 2 24 55 189 NO Not Congested

In addition, the afternoon peak hour simulation, as depicted in Figure 5.15 and detailed in Table 8,
indicated that nine road segments were congested, with one segment remaining uncongested. Finally, the
evening peak hour simulation in Figure 5.16_and Table 9 showed that seven road segments were congested,
while three were uncongested. Thus, the simulation and analysis results clearly indicate a serious traffic
problem in the study area. This information is crucial for decision makers as evidence to support the devel-
opment of a future Evidence-Based Traffic Management Policy (EBTMP) in Dili City, Timor-Leste.

Figure 5. 15 Simulation result of the afternoon peak hour.
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Table 5. 8 Assessment result of the afternoon peak hour simulation

Afternoon Peak Hour 12:00 - 13:00

Average  Delay
Traffic Source delay Treshold( Queue(m) Observation Status
(Second) second)

Aw. Villa Verde 286 33 163.3 Yes Congested
Rua de Caju Laran 119 35 88.5 Yes Congested
Rua de Tuana Laran 149 55 97.7 Yes Congested
Av. 20 de Maio 178 55 173.1 Yes Congested
Rua de Cathedral 1 89 55 84.7 Yes Congested
Av. D. Ricardo da Silva 2 285 55 191.2 Yes Congested
Av. D.Ricardo da Silva 1 92 55 111.2 Yes Congested
Beco de Hermanina 76 53 82 Yes Congested
Rua de Colmera 298 25 98.3 Yes Congested
Rua Cathedral 2 45 55 190 No Not Congested

Figure 5. 16 Simulation result for evening peak hour
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Table 5. 9 Assessment result of evening peak hour.

Evening Peak Hour 17:00 - 18:00

Average  Delay
Traffic Source delay  Treshold( Queue(m) Observation Status
(Second) second)

Av. Villa Verde 120 55 160 Yes Congested
Rua de Caju Laran 33 55 92.1 No Not Congested
Rua de Tuana Laran 14 55 92.6 No Not Congested
Av. 20 de Maio 202 55 184.9 Yes Congested
Rua de Cathedral 1 79 55 845 Yes Congested
Av. D. Ricardo da Silva 2 288 55 193.3 Yes Congested
Av. D.Ricardo da Silva 1 95 55 110 Yes Congested
Beco de Hermanina 71 55 85 Yes Congested
Rua de Colmera 139 55 99.2 Yes Congested
Rua Cathedral 2 23 55 195 No Not Congested

(3) Estimation of Traffic-Related Air Pollutant Concentrations Using a Box Model

To estimate concentrations of air pollutants near the ground surface generated by road traffic, this study
adopted the Box Model Method. The box model is a simplified atmospheric assessment technique that
represents the computational domain as a three-dimensional control volume and assumes uniform pollutant
concentrations within that volume. This method is widely used for local to regional air quality assessments,
particularly for estimating average or worst-case concentrations in traffic-affected areas, when the primary
focus is not on understanding detailed atmospheric transport processes such as advection and turbulence
(Seinfeld and Pandis, 2016) [27].

= Definition of the Box Model

In this study, the horizontal extent of the box corresponds to the traffic analysis zone defined within
the digital twin—BIM framework. Based on geographic analysis, the planning area for the target zone is
382,910.06 m?, encompassing the major road segments and intersections included in the traffic simulation
as demonstrated in Figure 5.17. All vehicle activity occurring within this zone during the analyzed peak
period was treated as an internal emission source.

The vertical extent of the box was set to 5 m, resulting in a total air volume of 1,914,550.3 m?. This
fixed control volume was applied consistently across all peak-hour scenarios and vehicle categories. Traffic-
related emissions were calculated using vehicle-kilometer-traveled (VKT) values derived from the traffic
simulation and emission factors based on Indonesian national and regional references. The total mass of
each pollutant was divided by the box volume to obtain the corresponding mass concentration.
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Figure 5. 17 Box model of the study area.

The calculated concentrations of CO, NOy, PMa.5, and SO- for the morning, afternoon, and evening
peak hours demonstrate the following.

= Physical Basis for the 5 m Box Height Assumption

The selection of a 5 m vertical height represents a conservative assumption intended to capture pollu-
tant accumulation near the ground under stable atmospheric conditions. Vertical dispersion of traffic-
related pollutants is strongly influenced by atmospheric stability, which is commonly classified using the
Pasquill stability classes, as illustrated in Figure 5.18. This figure shows the relationship between the dis-
tance of horizontal advection (x) and the vertical diffusion parameter (a,), which governs the extent of
vertical mixing in the atmosphere.
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Figure 5. 18 oy and 6z as a function of downwind distance
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Under very stable conditions, corresponding to Pasquill stability classes F or G, vertical mixing is
significantly suppressed due to the presence of surface-based temperature inversion layers. As a result, pol-
lutants emitted from traffic sources tend to remain confined within a shallow layer near the surface, leading
to elevated ground-level concentrations. Such behavior is well documented in atmospheric dispersion stud-
ies and represents a realistic worst-case scenario for near-road air quality assessment (Turner, 1994; NOAA,
2023) [28, 29].

For calculation domains with horizontal scales on the order of several hundred meters, approximately
600 m in this study, empirical relationships between downwind distance and the vertical diffusion param-
eter o,indicate that vertical diffusion under extremely stable conditions is limited to only a few meters.
According to established dispersion guidelines, o,values of approximately 5 m are consistent with such
conditions at this spatial scale (Ministry of the Environment, Japan, 2012) [30]. Defining the box height to
match this diffusion scale allows the model to represent the effective mixing layer in which pollutants ac-
cumulate near the surface.

By adopting this shallow box height, the concentration values presented in the tables and figures repre-
sent upper-bound or worst-case estimates of ground-level pollutant concentrations during peak traffic
periods. This assumption is appropriate for assessing potential environmental and public health impacts,
particularly in urban areas where traffic congestion and stable atmospheric conditions may occur simulta-
neously

= Calculate the Concentrations

To calculate the air pollutant concentration, key parameters must be considered, such as the Emission
Factor (EF) (as detailed in Table 5.10). Given the lack of Timor-Leste-specific data, we utilize the Indone-
sian reference by Rizki, M et al., 2021 [31] for these emission factors.

Table S. 10 Emission Factor (EF)

Cco NOx PM2.5 SO2
Vehicle Category (g/km/vehicle) | (g/km/vehicle) |(g/km/vehicle)|(g/km/vehicle)
Motorcycle 69.40 0.29 0.23 0.1
Light Vehicle (cars, vans, minibuses, gasoline) 39.00 1.10 0.05 0.026
Heavy Vehicle (diesel trucks & buses) 4.50 12.60 1.20 0.93

The second critical parameter for calculating air pollutant concentration is the Volume of air measured
from the target area. As illustrated in Figure 5.17, the target area for this study has been defined by: Area
(A): 382,910.06 m3, Height (H): 5m. The total Volume of Air (V) used in this study is calculated by multi-
plying the area by the height: V= 1,914,550.3 m3.

Lastly, the Vehicle Kilometer Travelled (VKT) is crucial as it quantifies the total activity of the emission
sources (vehicles) within the defined urban zone. The VKT is specifically determined by considering the
travel distance of different vehicle categories across the three major periods of peak traffic flow: Morning
Peak Hour, Afternoon Peak Hour, and Evening Peak Hour, as demonstrated in Table 5.11
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Table 5. 11 Vehicle Kilometer Travel (VKT)

VMT( Vehicle Kilometer Travel) in km
Afternoon  Evening Peak

Vehicle Category Morning Peak Hour Peak Hour  Hour (15:00-
(08:00-09:00) (12:00-13:00) 16:00)
MC 7542 67.69 62.11
LV 75.42 67.69 62.11
HV 7542 67.69 62.11

= Equation for Mass Concentration

Mass Concentration ( C) of Pollutant is calculated by taking the total mass emitted (M) and dividing it
by the Volume of the mixing zone ( Vair).

M, =EF,. VKT, (54)
Cl', k= M k/Vair (5.5)

Where :

e Mik : Mass pollutant emitted from the source i for the pollutant k (g)

e EFik : Emission factor of source i for the pollutant k (g/km)

» VKT, Vehicle Kilometers Traveled from source i (km)

» (i, k : Mass concentration of the pollutant k contributed by the source i (g/m3)

= Result calculation of Mass Emitted (M) and Concentration ( C).

This study analyzes vehicular emissions across four major pollutants CO, NOx, PM..s, and SO, cate-
gorized by vehicle type and peak traffic hours. The results highlight a clear correlation between fuel type,
vehicle weight, and the specific pollutants emitted as presented in Table 5.12.

Table 5. 12 Mass Emitted (M) and Concentration (C).

Vehicle Category Morning Peak hour (08:00-09:00)

Congcentrat Mass Concentrat Mass Concentr Mass Concentrati

Mass Emmited ion (C) Emmited ion (C) Emmited | ation (C) | Emmited on(C)

Mg mg/m3 M) g ug/m3 (Mg Hg/m3 Mg Hg/m3

Motorcycle 5234.15 2.73 21.87 11.42 17.35 9.06 7.542 3.939

Light Vehicle (cars, vans, minibuses, gasoline) 2941.38 1.54 82.96 43.33 3.77 1.97 1.96092 1.024
Heavy Vehicle (diesel trucks & buses) 339.39 0.18 950.29 496.35 90.50 47.27 70.1406 36.636

Afternoon Peak hour (12:00-13:00)

Congcentrat Mass Concentrat Mass Concentr Mass Concentrati

Mass Emmited ion (C) Emmited ion (C) Emmited | ation (C) [ Emmited on(C)

Mg mg/m3 Mg ug/m3 (Mg ug/m3 Mg ug/m3

Motorcycle 4697.69 2.45 19.63 10.25 15.57 8.13 6.769 3.536

Light Vehicle (cars, vans, minibuses, gasoline) 2639.91 1.38 74.46 38.89 3.38 1.77 1.75994 0.919
Heavy Vehicle (diesel trucks & buses) 304.61 0.16 852.89 445.48 81.23 42.43 62.9517 32.881

Evening Peak hour (17:00-18:00)

Concentrat Mass Concentrat Mass Concentr Mass Concentrati

Mass Emmited ion (C) Emmited ion (C) Emmited | ation (C) | Emmited on(C)

Mg mg/m3 Mg pg/m3 Mg | pgm3 | Mg pg/m3

Motorcycle 4310.43 2.25 18.01 9.41 14.29 7.46 6.211 3.244

Light Vehicle (cars, vans, minibuses, gasoline) 2422.29 1.27 68.32 35.69 3.1 1.62 1.61486 0.843
Heavy Vehicle (diesel trucks & buses) 279.50 0.15 782.59 408.76 74.53 38.93 57.7623 30.170
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The result identifies a specialized emission profile for each vehicle class. Motorcycles are the primary
contributors to Carbon Monoxide (CO) levels, with a peak mass emission of 5234.15g and a concentration
of 2.73 mg/m”3 during the morning peak. This suggests that gasoline-powered two-wheelers, while smaller,
significantly impact urban CO levels.

In contrast, Heavy Vehicles (Diesel) are the dominant source of high-toxicity pollutants. They contrib-
ute the highest mass and concentration for NOx(496.35ug/m”3), PM2.5 (47.27ug/m"3), and
S0»(36.636pug/m”3). Notably, the PM2.5 concentration from heavy vehicles is approximately 24 times
higher than that of light gasoline vehicles, underscoring the severe environmental impact of diesel engines
regarding particulate matter.

A consistent temporal pattern is observed across all categories. Emission levels are highest during the
Morning Peak (08:00—09:00), followed by a moderate decrease during the Afternoon Peak (12:00-13:00),
and reach their lowest values during the Evening Peak (17:00—18:00). Across all pollutants, emissions de-
crease uniformly by approximately 17.6% from the morning to the evening peak. This consistency indicates
that variations in emissions are predominantly driven by fluctuations in traffic volume, rather than by
changes in driving behavior or environmental conditions.

The findings indicate that air quality interventions should be pollutant-specific. Strategies aimed at re-
ducing CO emissions should primarily target motorcycle fleets, whereas mitigation of NO,and PM, sshould
prioritize the regulation of diesel-powered heavy vehicles. Moreover, the morning peak period remains the
most critical time window for elevated exposure risks.

= Result air pollutant concentration

The concentration values shown in the Table 5.13 and Figure 5.19 represent the atmospheric concen-
tration levels of CO (mg/m?), NOx (pg/m?), PM2.5 (ug/m?) and SO.(pg/m?®) emitted by different vehicle
categories (motorcycles (MC), light vehicles (LV), heavy vehicles (HV)) during morning, afternoon, and
evening peak periods. These figures quantify the extent to which emitted pollutants disperse into the sur-
rounding air, indicating the degree to which each vehicle type contributes to regional air quality deterioration.

Table 5. 13 air pollutant concentration

CO(mg/m3) NOx (ug/m3) PM2.5 (pg/m3) S02 (ug/m3)

08:00 - 17:00- | 08:00- 17:00- | 08:00- 17:00- | 08:00- 17:00 -
Type 0000 120013000 ano | 000 |Z001300 4ga0 | omoo [P0 qg00 | ogoo [Z001300 g0

Moming | Afternoon | Evening | Morning | Afternoon | Evening | Morning | Afternoon | Evening | Moming | Afternoon | Evening
Peak Hour| Peak Hour |Peak Hour |Peak Hour| Peak Hour |Peak Hour |Peak Hour| Peak Hour |Peak Hour |Peak Hour| Peak Hour |Peak Hour

Motocycle (MC) 2.73 245 225 11.42 10.25 9.41 9.06 8.13 746 3.94 3.54 3.24
Light Vehicle (LV) 1.54 1.38 1.27 43.33 38.89 35.69 1.97 1.77 1.62 1.02 0.92 0.84
Heavy Vehicle (HV)| 0.18 0.16 0.15 496.35 445.48 408.76 | 47.27 42.43 38.93 36.64 32.88 30.17
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Figure 5. 19 Result of Air pollution concentration

= Comparison of Air Pollutant results

Table 5.14 and Figure 5.20 present a comparative analysis of the calculated 1-hour average concentra-
tions of key air pollutants—CO, NO2z, PMa.s, and SO>—against the air quality standards established by the
World Health Organization (WHO), Japan, and Indonesia. This comparison aims to assess the air quality
condition of the target area and identify potential exceedances relative to regulatory thresholds.

Table 5. 14 Comparison result

Air Polluta _nts for1Hour Calculation Japan Indonesian WHO Status
time result Standard Standard
CO(mg/m3) 4.45 11.5 10 35 SAFE
HIGHLY
NO2 (pg/m3) 440.89 113 200 200 EXCEEDED
PM2.5 (pg/m3) 58.30 35 55 15 EXCEEDED
SO2 (pg/ma3) 41.60 105 150 40 EXCEEDED (WHO)

Air Quality Comparison
500

400
300
200

" L Ll R

Calculation Japan Standard Indonesian
result Standard

B CO(mg/m3) m NO2 (ug/m3) ®m PM2.5 (ng/m3) B SO2 (ng/m3)

Figure 5. 20 Result of comparison
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Figure 5. 21 Result of temporal variation

As shown in Table 5.14, the calculated concentration of carbon monoxide (CO) is 4.45 mg/m?, which
remains well below the permissible limits set by WHO (35 mg/m?), Japan (11.5 mg/m?), and Indonesia (10
mg/m?). Consequently, CO levels in the study area can be classified as safe for the assessed period.

In contrast, nitrogen dioxide (NO2) exhibits a significantly elevated concentration of 440.89 pg/m?, far
exceeding the standards prescribed by WHO and Indonesia (200 pg/m?) as well as Japan (113 pg/m?).
This indicates a critical exceedance of NO: levels, suggesting strong influences from traffic emissions or
combustion-related activities within the area.

For particulate matter (PM..s), the calculated concentration of 58.30 pg/m?® exceeds the WHO guide-
line value of 15 pg/m? and the Japanese standard of 35 pg/m?, while slightly surpassing the Indonesian
limit of 55 pg/m?. This result highlights a considerable particulate pollution burden, which poses potential
health risks, particularly for sensitive populations.

Similarly, sulfur dioxide (SO2) shows a concentration of 41.60 pug/m?, which exceeds the WHO guide-
line value of 40 pg/m?3, although it remains below the Japanese (105 pg/m?) and Indonesian (150 pg/m?)
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standards. This indicates that while SO: levels are generally compliant with national regulations, they mar-
ginally violate the stricter WHO guideline.

Figure 5.21 further illustrates the temporal variation of pollutant concentrations during morning, after-
noon, and evening peak periods, alongside the corresponding regulatory limits. CO concentrations remain
consistently below all standards throughout the day. However, NOz and PM..s levels remain above permis-
sible thresholds across all time intervals, with peak values typically occurring during the morning period,
likely due to increased traffic density. SO: concentrations show a decreasing trend from morning to even-
ing and approach the WHO limit, reinforcing the findings presented in Table 5.14.

Overall, the results demonstrate that while CO pollution does not pose a concern in the study area,
NO: and PM:.5s concentrations significantly exceed international and national air quality standards, indicat-
ing degraded air quality conditions. These findings underscore the need for targeted mitigation strategies,
particularly addressing vehicular emissions and particulate matter sources, to improve ambient air quality
in the target area.

5.6. Conclusion and Future Work

This study extends the Digital Twin (DT) paradigm from individual asset monitoring to a system-level
urban transportation application by developing and implementing a DT-BIM-based traffic management
framework for Dili, Timor-Leste. The proposed workflow successfully integrates Building Information
Modeling with traffic simulation tools, enabling the creation of a dynamic and data-driven virtual represen-
tation of the urban road network.

Through peak-hour simulations, the framework provides quantitative insights into traffic demand, con-
gestion patterns, and operational performance during morning, afternoon, and evening periods. In addition
to mobility analysis, the study demonstrates the capability of the Digital Twin to support environmental
assessments by incorporating a box model approach to estimate traffic-related air pollutant concentrations.

The results highlight clear relationships between vehicle type, traffic volume, and pollutant emissions,
confirming the applicability of Digital Twin technology as a decision-support tool for evidence-based urban
planning and infrastructure policy, particularly in data-scarce and rapidly urbanizing contexts.

Despite these contributions, several opportunities remain to further enhance the framework’s opera-
tional relevance and analytical accuracy. Future research should prioritize the integration of real-time traffic
data from IoT sensors, GNSS-enabled probe vehicles, or connected infrastructure to transition from periodic
simulations to continuous, real-time Digital Twin operation.

Additionally, while the box model provides conservative estimates of near-ground pollutant concentra-
tions, the adoption of more advanced atmospheric dispersion or Computational Fluid Dynamics (CFD)
models would enable a more detailed representation of pollutant transport in complex urban environments.
Scaling the Digital Twin from a localized study area to a city-wide or regional network would further support
system-level traffic optimization, rerouting strategies, and emergency response planning. Finally, the incor-
poration of machine learning—based calibration techniques using observed traffic data could improve pre-
dictive accuracy and adaptability under varying traffic conditions, seasonal effects, and special events.
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6. Operational Digital Twin Application under
Abnormal and Emergency Conditions

Overview

This chapter demonstrates the application of the proposed operational digital twin framework under
abnormal and emergency conditions through a real-world post-accident bridge case study. Focusing on dis-
placement monitoring and structural assessment after an unexpected damage event, this chapter illustrates
how BIM-aided digital twin models and GNSS-based monitoring can be integrated to support engineering
interpretation when structural behavior deviates from normal conditions. In such situations, observation data
are often limited, noisy, and temporally constrained, making conventional evaluation methods insufficient.
By leveraging a digital twin that couples monitoring data with structural models, this chapter shows how
post-accident structural responses can be interpreted in a systematic and physically meaningful manner. The
presented case study highlights the role of the operational digital twin as a decision-support system for rapid
structural assessment, safety evaluation, and subsequent maintenance planning under non-standard condi-
tions.

6.1. Introduction

Bridges are fundamental elements of national infrastructure, providing critical connectivity, enabling
the efficient transport of people and goods, and fostering socio-economic development [1, 2]. In geograph-
ically complex countries such as Japan, bridges play an especially vital role due to the need to span numer-
ous rivers, valleys, and coastal inlets. However, the deterioration of aging infrastructure has become a grow-
ing concern. Many of Japan’s bridges were constructed during periods of rapid economic growth, and a
significant portion has now exceeded 50 years of service. According to Japan’s Ministry of Land, Infrastruc-
ture, Transport and Tourism (MLIT), more than 75% of bridges will surpass this age threshold by 2040 [3],
underscoring the urgent need for proactive, predictive, and cost-effective maintenance strategies.

Conventional bridge inspection practices, typically based on periodic visual assessments, are labor-in-
tensive and may fail to detect early-stage structural deterioration, particularly in large or complex structures
[4]. The recent advances in digital technology, such as Building Information Modeling (BIM), sensor net-
works, and satellite positioning systems are bringing a new paradigm to infrastructure management. BIM
enables the creation of parametric 3D models that encompass the geometric and semantic attributes of phys-
ical assets. At the same time, sensor-based monitoring technologies such as Global Navigation Satellite
Systems (GNSS) provide high-precision real-time displacement data that reflects the operational behavior
of structures under environmental and load conditions [5]-[8]. By integrating these technologies into a dig-
ital twin framework, it is possible to develop cyber-physical systems that reproduce the real-time or near-
real-time state of physical infrastructure [9]-13]. Such systems not only enhance visibility into asset con-
ditions but also support data-driven decision-making for maintenance and risk mitigation. The importance
of these approaches is reflected in national-level initiatives promoting digital transformation aimed at im-
proving infrastructure sustainability and disaster resilience, such as Japan's i-Construction and National
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Resilience Plan [ 14]. In this study, we applied a BIM-based digital twin framework with GNSS displacement
monitoring for the Oshima Bridge, a long-span Pratt truss bridge located in Yamaguchi Prefecture. This
bridge experienced a serious structural accident in 2018 due to a collision with a ship, exposing the limita-
tions of the conventional inspection system and highlighting the need for continuous, real-time monitoring.
In response, this study proposes a new integrated approach for bridge lifecycle management, aiming to
achieve early detection of abnormalities, optimization of maintenance schedules, and ultimately, improved
structural resilience. The implemented framework focuses on unidirectional data integration from the GNSS
monitoring system to the digital model but lays the groundwork for future developments. This includes
bidirectional data synchronization, semantic interoperability, and closed-loop feedback systems that support
autonomous maintenance actions and actuator-based interventions. This chapter focuses on asset-level dig-
ital twin development for a damaged bridge. The digital twin integrates BIM, GNSS deformation data, and
linear FEA to interpret post-accident behavior. By demonstrating this approach through the case study of
Oshima Bridge, this study contributes to the advancement of smart bridge management practices in Japan
and presents a scalable model applicable to aging infrastructure systems worldwide.

6.2. Research Strategy

In this study, we propose an integrated digital twin framework for monitoring the structural integrity of
Oshima Bridge, as shown in Figure 6.1. This strategy consists of four main components: parametric mod-
eling, immersive visualization, displacement monitoring, and structural simulation. First, we develop a de-
tailed 3D model of the bridge using building information modeling (BIM). This model serves as the geo-
metric and semantic foundation of the digital twin, capturing the bridge's structural layout, material proper-
ties, and component relationships. To enhance interaction with the model and communication among stake-
holders, the BIM model is integrated into a virtual reality (VR) environment. This immersive visualization
enables intuitive spatial analysis and scenario-based inspections, particularly for complex structural ele-
ments and areas with restricted access. Next, real-time displacement monitoring is conducted using global
navigation satellite system (GNSS) technology. High-precision GNSS sensors are placed at key locations
on the bridge to capture longitudinal, lateral, and vertical displacements, allowing for the detection of po-
tential structural anomalies. Finally, Finite Element Analysis (FEA) is performed to assess the structural
stability of the bridge based on the observed displacement data. The FEA model calculated with field data
helps verify the structure's stability and confirm the accuracy of the digital twin's predictive capabilities.
Even though BIM, GNSS, and FEA are all established technologies, combining them creates a new collab-
orative approach that is specifically for monitoring the lifecycle of bridges. This framework paves the way
for expanding digital twin implementation from static visualization to active monitoring and simulation-
based decision support. Future research aims to expand the framework with Al-driven anomaly detection
and automatic model update technologies to achieve predictive maintenance and closed-loop feedback
within the digital twin architecture.
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Figure 6. 1 Research Strategy

= BIM and Digital Twin
(1) BIM

BIM is a digital methodology that utilizes a standardized 3D model to represent and manage both the
functional and physical characteristics of infrastructure assets. It enhances decision-making and promotes
collaboration among stakeholders throughout all phases of a project’s lifecycle [5,7,8]. As shown in Figure
6.2, BIM supports activities from planning and conceptual design to detailed design, construction, operation,
maintenance, rehabilitation, and eventual decommissioning. In this context, the BIM-based project lifecycle
is referred to as building information management

Planning &
Conceptual
Design

Decommissioni o . Detailed
ng & Building Information Design &
Demolition Management ~Analysis

- 3i

Construction & |
Fabrication

Rehabilitation
& Retrofitting

(

Operation &
Maintenance
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Figure 6. 2 Building Information Modeling
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(2) Digital Twin

A digital twin is an advanced technology central to the realization of smart infrastructure and Industry
4.0 [7]. In bridge engineering, a digital twin is a virtual model that mirrors the physical structure by inte-
grating real-time sensor data to simulate performance, detect anomalies, and support lifecycle management
[7,10]. In this study, a digital twin of a Long-Span Pratt truss bridge is developed using BIM to establish a
geometrically and semantically accurate, data-rich model. As illustrated in Figure 6.3, (a) shows the phys-
ical structure captured by the drone, and (b) displays the corresponding BIM-based digital twin. Real-time
GNSS displacement data further enhances the digital twin by enabling three-dimensional monitoring,
thereby improving anomaly detection and informing maintenance strategies across the bridge’s lifecycle.

(a) Real World (Drone)

(a) Cyber Space (BIM)

Figure 6. 3 Digital Twin of Bridge
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= Overview of the Oshima Bridge and the 2018 Vessel Collision Accident

The Oshima Bridge, located in Yamaguchi Prefecture, is a critical transportation link connecting Yanai
City to Sud-Oshima Town. The total bridge length is 1,020 meters, with its main span consisting of a three-
span continuous steel truss with a through-type lower chord structure. The central spans measure 200 m +
325 m + 200 m, for a total of 729 meters, as shown in Figure 6.4. At the time of construction, its central
span was the second-longest Pratt truss span in the world and remains the fourth-longest in Japan [15].

Originally constructed by the former Japan Highway Public Corporation, the bridge was built using
marine floating cranes (block assembly method) for the side spans, and the cantilever method with traveler
cranes for the central span.

Transferred to the Yamaguchi Prefecture Road Corporation in 1987, the bridge now forms part of Na-
tional Route 437 and serves as the sole land route for approximately 17,000 residents. This region is char-
acterized by tidal currents reaching up to 10 knots [14]. On October 22, 2018, a foreign-registered cargo
vessel collided with the bridge, causing severe structural damage as depicted in Figure 6.4. The incident
underscored the vulnerability of maritime infrastructure in high-traffic tidal zones and reaffirmed the
bridge’s critical role in regional connectivity and emergency response [16].

200(m) 325(m) 200(m)
WAAAW NSNS A A A7 7 A N R RSKNSRNKRERER,
é;b v 30(m) :Location of*%;g L
L T —J damaged T T
P2 P3 HHW.L P4 P5

‘ Broken water pipes, etc. ‘

Figure 6. 4 Overview of the Oshima Bridge and the 2018 Vessel Collision Accident

=  Development of a Digital Twin based on BIM

The development of the digital twin of the Oshima Bridge, based on BIM, follows the workflow illus-
trated in Figure 6.5(a). Key steps in the modeling process are as follows:

e Data acquisition: Accurate representation of the existing structure requires comprehensive data col-
lection, including design reports, as-built drawings, and construction records. These documents are
typically sourced from the asset owner or relevant public authorities to ensure model fidelity.
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BIM modeling using Autodesk Revit: Both substructure and superstructure elements are modeled
as BIM components, referred to as Revit families. These components are assembled within a unified
project environment to construct an integrated 3D model of the bridge system. The final digital twin
is shown in Figure 6.5(b).

Parametric design automation: To improve efficiency, the Dynamo visual programming interface is
used to automate repetitive tasks and enable dynamic parameter control. This interaction with the
Revit API significantly enhances productivity for modelers and engineers.

Generic adaptive
model

3D Bridge model

(a) Digital Twin model development Workflow

[ Superstructure components J

[ 3D BIM model

l T T L <

(b) Details of Bridge Models
Figure 6. 5 Development of a Digital Twin based on BIM
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= Virtual Reality (VR) visualization using BIM bridge model

By integrating virtual reality (VR) with BIM-based digital twins, immersive 3D visualization of bridge
models can be achieved, as shown in Figure 6.6. Stakeholders can interact with the structure in the virtual
environment to deepen their understanding of design characteristics, simulate maintenance scenarios, and
support lifecycle planning. Using tools such as VR headsets and Microsoft HoloLens, engineers and deci-
sion-makers can remotely assess the condition of the structure, collaborate in real time, and intuitively iden-
tify potential issues. This integration supports diverse applications such as technical training, safety assess-
ments, and data-driven decision-making throughout the operational lifespan of a bridge, making it a valuable
asset in modern infrastructure management.

However, the current implementation primarily relies on qualitative feedback, with potential for im-
provement in spatial understanding and communication among stakeholders. Future research will include
structured usability studies to quantitatively evaluate the impact of VR on decision-making accuracy, task
completion time, and error rates, compared to traditional two-dimensional inspection methods.

Figure 6. 6 Virtual Reality(VR) of Oshima Bridge

6.3. GNSS Displacement Monitoring
= Overview of GNSS observation on the target bridge

A three-span continuous steel Pratt truss bridge at Yamaguchi Prefecture, Japan. In October 2018, the
bridge sustained damage when a cargo vessel collided with its center span. To monitor the structural recov-
ery following the incident, GNSS displacement observations were conducted, as illustrated in Figure 6.7.
GNSS receivers were strategically installed at five locations, specifically at the center of each span and on
the piers (G1, G2, G3, G4, and G5). The data acquired from these observations provide valuable insights
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for identifying structural anomalies and evaluating the bridge’s deformation behavior over time. The GNSS
displacement monitoring was carried out over a period of two years, from November 14, 2018, to November
3, 2020. The collected data included both RTK and static displacement measurements in three dimensions:
longitudinal, transverse, and vertical directions. In this study, however, only the static positioning data are
utilized for analysis due to their higher accuracy and reliability in capturing long-term displacement trends.

1020 m

1475 m 2000 m 3250 m
/1] INAYANANATANAYIN

G1

Mainland

Figure 6. 7 Overview of GNSS observation

=  Longitudinal(LLG) displacement at the observation point

The results of the bridge deformation in the longitudinal direction, based on GNSS observations at the
Oshima Bridge, are shown in Figure 6.8. The figure illustrates that observation point G1 experienced min-
imal deformation along the longitudinal axis. Point G2 exhibited noticeable deformation in the same direc-
tion, while point G3 showed only minor displacement. In contrast, significant longitudinal deformation was
observed at points G4 and G5, indicating a greater structural response in those observation points.
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Figure 6. 8 Bridge deformation in the LG direction at the GNSS observation point

Transversal(TR) displacement at the observation point

The results of bridge deformation in the transverse direction, as observed through GNSS measurements,
are presented in Figure 6.9. Point G1 exhibited minimal deformation, while Point G2 showed slight dis-
placement, though not significant. Points G3 and G4 also recorded very small deformations and Point G5
displayed similarly negligible movement. Overall, the GNSS observations indicate that transverse
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deformation across all monitoring points was minimal and did not significantly affect the structural integrity
of the bridge. This indicates that the bridge responded well in terms of lateral stability during the post-

collision monitoring period.
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Figure 6. 9 Bridge deformation in the TR direction at the GNSS observation point

=  Up and Down displacement at the observation point

In the case of vertical (up-and-down) deformation, a critical displacement was observed at the G3 loca-
tion, as shown in Figure 6.10. This point corresponds to the area where the cargo vessel collided with the
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bridge. The impact caused significant damage to several structural members at this location, resulting in
excessive vertical displacement. Due to the severity of the damage, the bridge was temporarily closed to all
traffic to allow for emergency inspections, maintenance, and structural rehabilitation. The critical defor-
mation observed at G3 highlights the vulnerability of the structure at the impact zone and underscores the
importance of continuous monitoring during recovery efforts.
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Figure 6. 10 Bridge deformation in the Up and Down direction at the GNSS observation point

6.4. Structural Simulation and Validation
= Ship Collision Assumption

In this study, structural damage was assumed in specific bridge members, and the resulting deformation
of the entire bridge system was assessed, as illustrated in Figure 6.11. Case 1 involved reconstructing the
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actual accident, serving as the baseline damage scenario. Cases 2 and 3 simulated hypothetical collisions
occurring on the Oshima side, where the lower chord and lower horizontal members were designated as
damaged elements. In Case 4, a more severe collision scenario was considered, positioned further along the
Oshima side compared with Case 3. In this case, damage was assigned to the lower chord, lower horizontal
members, and the diagonal members to represent a higher-impact condition. A linear elastic model was
adopted for all simulations, consistent with the analytical scope of this chapter. While linear modeling ade-
quately captures global deformation tendencies and comparative behavior across scenarios, it does not fully
represent the nonlinear mechanisms associated with collision events. Realistic impact behavior typically
involves contact interactions, material plasticity, local buckling, and potential crack initiation. Incorporating
these nonlinear effects would enhance the accuracy and fidelity of the simulation; however, such advanced
modeling is reserved for future research as part of the planned development of a more comprehensive digital
twin framework.

Casel Case2 Case3 Case4d
(Re-enactment of the accident ) (Collision between 38-39) (Collision between 39-40) (Collision between 40-41)
Figure 6. 11 Ship Collision Assumption
= Simulation of Structural Deformation Behavior

The linear analysis of FEA was used to simulate the deformation response of the bridge. The simulation
results showed the following main observations, as illustrated in Figure 6.12.

e In Case 1, the structure maintained complete stability, and no significant deformation occurred.

e In Cases 2 and 3, despite localized beam damage, additional displacement was minimized,
demonstrating sufficient redundancy and load redistribution capability.

o In Case 4, overall deformation increased significantly in the central region and connection nodes
near the particularly affected or collided area.

The results indicate that a critical loss of stiffness occurred approximately 3 seconds after the impact,
indicating a threshold beyond which structural stability is compromised. These results emphasize the
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importance of appropriately capturing nonlinear behavior in damage scenarios, particularly in long-span
truss bridges that are vulnerable to progressive failure modes.
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Figure 6. 12 Deformation Simulation

GNSS-Based Displacement Monitoring and Model Validation

To verify the accuracy of the digital twin, GNSS-based field displacement data was collected during a
continuous monitoring period from November 14, 2018, to November 3, 2020. At key points of the bridge
structure, both real-time kinematic (RTK) and static positioning methods were used to obtain 3D displace-
ment measurements in the longitudinal, transverse, and vertical directions. GNSS observation results
showed high displacement at G3(at the center of P3 and P4) collision site, with significant deformation
observed in the vertical direction. These results were consistent with the finite element analysis (FEA) pre-
dictions of Scenario 4, which simulated extensive component damage in the same area. The agreement
between the measured and simulated displacements (in terms of magnitude and directional trends)
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confirmed the consistency of the structural model and supported the effectiveness of near-real-time perfor-
mance evaluation using a GNSS-integrated digital twin.

While the correlation between FEA and GNSS data validates the current model’s predictive capability,
key limitations persist. Notably, the absence of direct physical verification, such as material property testing,
residual stress evaluation, or on-site inspection of damaged elements, limits the ability to fully confirm the
damage assumptions used in simulation scenarios. Therefore, Future work will focus on enhancing the cal-
ibration accuracy of the digital twin through

(1) Material and structural sampling to validate mechanical properties and corrosion effect

(2) Non-destructive evaluation (NDE) techniques, such as ultrasonic testing for internal damage detec-
tion

(3) Scheduled visual inspections to track progressive deterioration and compare with simulated fore-
casts.

6.5. Comparison between traditional Inspection and the Digital Twin-based approach

Compared to traditional bridge inspection methods in Japan (which are typically visual inspections con-
ducted every five years and are labor-intensive), the proposed framework offers several operational ad-
vantages. These include continuous structural monitoring, remote access, and high-resolution 3D visualiza-
tion, all of which support more proactive, data-driven decision-making. Table 6.1 summarizes the key dif-
ferences between conventional inspection methods and the proposed digital twin-based approach. The DT-
based workflow demonstrates significant advantages over traditional post-accident inspection by enabling
real-time deformation monitoring and simulation-based verification.

Table 6. 1 Comparison Between Traditional Inspection and the Proposed Digital Twin-Based Approach

Traditional Inspection Digital Twin-Based
(ETET)] Approach
5 Continuous (daily or real-
Frequency Periodic (every 5 years) .
time)
Method Visual/manual Automated
Data Quality Subjective Quantitative
Locali - : .

Coverage ocalized (u'(l)s;]ris)ctlon points Full-structure coverage

Accessibility On-site required Remote monitoring available

6.6. Conclusion and Limitation

This study presents an integrated BIM-GNSS digital twin framework for lifecycle bridge management,
demonstrated through a real-world application to the Oshima Bridge. The framework enables near-real-time
displacement monitoring, FEA correlation, and immersive VR visualization. However, limitations include
the absence of bidirectional model updating, lack of embedded Al analytics, and limited validation beyond
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GNSS data. Future work will focus on incorporating edge computing for real-time data streaming, Al-based
anomaly detection, physical degradation testing, and broader applications across infrastructure typologies.
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7.Data Assimilation and Machine Learning for
Bridge Displacement Estimation Using RTK-
GNSS: A Perspective on Robust Prediction and Un-
certainty Quantification

Overview

As demonstrated in Chapter 6, reliable structural assessment under abnormal and emergency conditions
requires more than direct interpretation of monitoring data, as observations are often noisy, incomplete, and
influenced by environmental disturbances. This chapter addresses this challenge by focusing on robust state
estimation methodologies that enable an operational digital twin to infer the underlying structural behavior
from uncertain measurements. Specifically, probabilistic data assimilation and machine learning techniques
are introduced to process GNSS-based displacement observations and to estimate the structural state in a
stable and uncertainty-aware manner. By transforming raw monitoring data into physically interpretable
state variables, this chapter establishes a critical analytical layer that allows the digital twin to function as a
reliable engineering decision-support system rather than a descriptive monitoring platform.

7.1. Introduction
(1) Research Background and Objectives

In many countries, numerous bridges constructed during the rapid economic growth era have now
exceeded 50 years of service life, creating an urgent need for enhanced inspection and repair activities. This
situation is particularly pronounced in Japan, where a large proportion of bridges were constructed in the
1960s and 1970s. The growing demand for maintenance is further exacerbated by increasing labor demands,
rising inspection costs, and a shortage of experienced engineers. These challenges underscore the necessity
for innovative technologies capable of conducting efficient and high-precision assessments of the long-term
structural health of infrastructure.

Against this backdrop, three-dimensional displacement monitoring using the Global Navigation
Satellite System (GNSS), including the Global Positioning System (GPS) [1,2], has gained attention as a
technology that provides non-contact, high-frequency, and high-precision capabilities for continuous
observation of structural displacements and dynamic responses. Although originally developed for military
applications, GNSS was adapted for geodetic and surveying purposes in the 1990s, with its application to
infrastructure monitoring accelerating following the discontinuation of Selective Availability (SA) in 2000.
In Japan, early implementations targeted slopes and dams to mitigate disaster risks [3,4], followed by
research on enhancing RTK-GPS reliability in urban environments [5] and developing continuous
monitoring methods in landslide-prone regions [6].

In the bridge engineering field, GNSS applications began with evaluating wind-induced deformations
in suspension bridge stiffening girders [7] and have since expanded to encompass the identification of
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vibration and dynamic characteristics, such as natural frequencies [8,9]. More recently, diverse applications
for maintenance and construction monitoring have been actively developed [10—13]. In addition, the
integration of GNSS with IoT sensors and SAR imagery [14], time-series prediction of structural behavior
[15], and fusion with artificial intelligence (AI) and digital twin technologies [16] have been advancing
bridge monitoring toward higher accuracy and real-time performance.

Building on these technological advancements, this study aims to quantify structural responses to
temperature and other environmental factors and detect early signs of anomalies through continuous,
automated three-dimensional GNSS-based displacement monitoring of bridges. Ultimately, the goal is to
develop advanced maintenance strategies by integrating Al-driven analytics with digital twin frameworks,
thereby contributing to more efficient and data-driven bridge management.

(2) Related Work and Contribution of this study

In GNSS-based bridge monitoring, it is essential to accurately and reliably estimate structural behavior
from observation data affected by environmental variations and non-stationary noise. Traditionally,
sequential data assimilation methods, such as the Kalman Filter and its ensemble-based variant, the
Ensemble Kalman Filter (EnKF), have been widely applied in this context [9]. In recent years, there has
been a growing interest in machine learning techniques, which can capture nonlinear effects in predicting
structural behavior. Among these, decision tree-based approaches, such as the Random Forest (RF), have
shown promising performance [15].

Furthermore, research has advanced in processing multivariate data and integrative analysis of
asynchronous datasets by combining Kalman filtering with Al and sensing technologies. For example, Ma
et al. [17] proposed an application of the Kalman Filter that addresses the issue of asynchrony in structural
displacement estimation using visual information and accelerometer sensors, achieving a balance between
real-time performance and accuracy. Similarly, Forootan et al. [18] demonstrated improved displacement
prediction accuracy of GNSS data by integrating Kalman filtering with neural networks in bridge monitoring,
highlighting the potential of advanced methods based on sensor data fusion. In addition, Shen et al. [19]
conducted a comprehensive review of GNSS-based structural monitoring technologies, summarizing their
diverse applications in the field of dynamic monitoring. These studies collectively indicate that displacement
estimation technologies are evolving toward higher accuracy, taking into account the characteristics of
sensor data and the consistency of time-series information.

However, systematic comparative evaluations of fundamentally different approaches — such as EnKF
and RF — applied to the same bridge and identical GNSS datasets remain scarce, and empirical studies that
organize their estimation performance and applicable conditions are limited [9, 16, 17]. In this study, it is
demonstrated that both EnKF and RF, despite their differing methodologies, can accurately reproduce
displacements and thereby contribute to the effective utilization of RTK-GNSS data. Notably, EnKF can
provide not only predictions but also quantitative assessments of uncertainty. A better understanding of the
characteristics of both approaches offers practical guidance for selecting estimation techniques in GNSS
displacement monitoring and contributes to the provision of foundational data for bridge health assessment.

7.2. Case Study Bridge and GNSS Data Characteristics
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(1) Case Study: Bridge Monitoring System

This study focused on the Shin-Yahata River Bridge, a five-span continuous curved steel box girder
bridge located in Hiroshima City. By selecting a girder bridge type widely used in Japan, the applicability
of GNSS monitoring to general-purpose bridges was evaluated. Figure 7.1 presents an overview of the
target bridge and the installation layout of the measurement devices. A reference station was installed at a
park adjacent to the A2 abutment, while four rover stations (MG-300, Furuno Electric Co., Ltd.)- R1
through R4—were mounted on the bridge deck. These observation points were strategically located at either
midspans or near supports of each span to capture the global behavior of the bridge, focusing on positions
with large expected structural displacements and representative of overall structural behavior. This
configuration enables characterization of span-by-span displacement distributions and time-series variations
in the relative displacements of the bridge.

Both static measurements and RTK-GNSS positioning were employed, leveraging their respective
advantages. Static measurements provided high-precision displacement data at hourly intervals, suitable for
identifying long-term displacement trends. In contrast, RTK-GNSS positioning acquired measurements
every 5 min, enabling high real-time detectability of displacements. The monitoring campaign was
conducted for approximately 14 months, from January 2022 to March 2023.

To validate the accuracy of GNSS displacement measurements, a contact-type displacement transducer
(SDP-300E, Tokyo Measuring Instruments Laboratory Co., Ltd.) was installed at the downstream bearing
of the A2 abutment to measure the X-axis relative displacement between the superstructure and the abutment
parapet. Furthermore, to assess the influence of environmental factors on superstructure deformation, a
structural temperature sensor was mounted inside the box girder near the R1 observation point to record the
time-series temperature of the superstructure, which is closely associated with longitudinal deformation.

By employing GNSS, displacement behavior caused by temperature variations and other factors can be
monitored with a precision on the order of millimeters, enabling real-time acquisition of essential
information for health condition assessment, early anomaly detection, and decision-making regarding traffic
closures during disasters. Figure 7.2 presents an overview of the monitoring system. Displacement data
obtained from GNSS sensors are transmitted to a cloud server, where results are visualized for remote
monitoring via the Internet.
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5-span continuous steel box girder curved bridge + RC abutment, RC pier.
* Bridge Length: 282.5m ( 51.1+63.9+63.9+60.1+41.5)

Width: 12.25m ( roadway section 7.7m, sidewalk section 3.5m)
* Bevelangle:80.5° -118.5°
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Figure 7. 1 Overview of the target bridge and installation of measurement instruments
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Figure 7. 2 GNSS real-time monitoring system
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(2) Case Study: Bridge Monitoring System

The RTK-GNSS measurement data used in this study, while offering excellent real-time capability, are
highly sensitive to satellite reception conditions and weather, and thus tend to contain significant noise. As
shown in Figure 7.3, sporadic outliers were observed in the RTK-GNSS displacement measurements. A
comparison with static GNSS measurements and contact-type displacement sensor data confirmed that,
although RTK-GNSS performs well in terms of immediacy, its measurement reliability can deteriorate under
certain conditions.

To mitigate the influence of such noise and improve the reliability of displacement estimation, an outlier
removal process was first implemented using a sliding-window k-nearest neighbor method. In this approach,
values deviating substantially from recent displacement trends are regarded as outliers, with determinations
made based on consistency with surrounding data. Outlier detection focuses on the relative difference from
preceding observations, identifying data points that significantly diverge from neighboring values.

Subsequently, displacement smoothing was attempted using a conventional linear Kalman filter.
However, as shown in Figure 7.4, although some outliers were eliminated, the smoothing effect was
insufficient due to the linearity constraints of the filter.

Therefore, two advanced estimation methods were applied: the model-based data assimilation approach,
the Ensemble Kalman Filter (EnKF), which enables flexible state estimation, and the data-driven machine
learning method, Random Forest (RF), which can capture nonlinear relationships. Their estimation
performances were systematically compared.

It is noteworthy that, as shown in Figure 7.5, a clear correlation was observed between the temperature
of bridge components and the measured displacements. This relationship provides the basis for
incorporating temperature as an explanatory variable in displacement estimation, as discussed later, and is
expected to contribute to improved estimation accuracy in this study.
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Figure 7. 3 Comparison of displacements at measurement point R1 obtained using different measurement
methods (RTK-GNSS, static GNSS, and displacement gauge)
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Figure 7. 4 Smoothing results using linear least squares estimation
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Figure 7. 5 Time-series estimation results at measurement point R1: (a) displacement obtained from RTK-
GNSS observations and corresponding member temperature, and (b) their correlation

7.3. Displacement Estimation Methods and Application Results

(1) Displacement Estimation Using EnKF

As noted earlier, when the conventional linear Kalman Filter (KF) was applied, the presence of outliers
in the RTK-GNSS observation data, the inherent nonlinearity of the time-series data, and the linearity

constraints of the model hindered accurate tracking
limitations, the Ensemble Kalman Filter (EnKF)

of the true displacement values. To overcome these
was employed, offering enhanced capability to

accommodate uncertainty and nonlinear system behavior. The EnKF represents the probability distribution
of the system state through multiple state estimation samples (ensembles) and enables both state estimation
and quantification of the associated uncertainty. The detailed mathematical formulation and processing

workflow are illustrated in Figure 7.6.
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Figure 7. 6 Processing flow and estimation model structure of the Ensemble Kalman Filter (EnKF)
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In this study, particular attention was given to the selection of the process noise variance W, and the
observation noise variance V;, as the EnKF estimation results are highly sensitive to these parameters. The
following procedure was adopted: first, a low-pass filter with a time window of 36 samples (equivalent to 3
hours), as expressed in Equation (7.1), was applied to the RTK-GNSS observations. The variance of the
first-order differences of the resulting moving-average smoothed values, calculated using Equation (7.2),
was then used to estimate W;. Next, the variance of the differences between the raw GNSS observations and
their moving-average smoothed values, determined using Equation (7.3), was used to estimate V;.

1 ot+w/2

It =5 Ziztmwy2 Vi (7.1)
W, =Var@: — 9¢-1) (7.2)
Ve =Var(y, — 9:) (7.3)

The estimated process and observation noise variances were W; = 0.0605 and V; = 33.06
respectively. These parameters directly influence both the estimated error bounds and the smoothness of the
displacement trends. Optimizing their values remains an important task for practical implementation in real-
world monitoring environments.

In the comparative analysis conducted in this study, the conventional KF was not applied with a
temperature increment term in the smoothing process. This decision was made to ensure fairness, as the
fundamental principles of the KF differ from those of the proposed EnKF. Evaluating the performance
improvements achievable through such a combination is left for future work.

Figure 7.7 presents the displacement estimation results obtained using the EnKF. In both the KF and
the EnKF applied here, external explanatory variables such as temperature were not explicitly incorporated
into the state or observation equations, and no temperature difference terms were included in the prediction
model.
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Figure 7. 7 Displacement estimation results obtained using the Ensemble Kalman Filter (EnKF), showing
the overall observation period and three selected sub-periods in enlarged views. The shaded area represents
the 5-95% confidence interval.

e Panel (a) illustrates the results for the entire observation period, revealing clear long-term
displacement patterns across different seasons. Comparisons with static measurement results and
displacement gauge data showed small mean errors and high agreement throughout.

e Panel (b) corresponds to a winter period characterized by low temperatures and small diurnal
variations, where the influence of temperature fluctuations was minimal. Under these conditions,
the results from all three methods nearly overlapped, demonstrating stable estimation performance.

¢ Panel (c) shows a summer period with high temperatures and large diurnal variations, during which
the EnKF exhibited strong responsiveness to short-term displacements associated with day—night
temperature changes. In this case, the displacement gauge recorded slightly larger amplitudes than
both the static measurements and the EnKF estimates.
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o Panel (d) represents an autumn period with intermediate meteorological conditions. The three
methods again exhibited high agreement, with consistent performance in both short-term fluctua-
tions and long-term trends.

The shaded gray areas in Figure 7 indicate the 5% confidence intervals, calculated from the 2.5th and
97.5th percentiles of the ensemble distribution at each time step. These intervals allow for a statistical
assessment of both the central tendency of the estimates and their associated uncertainty.

Overall, the results confirm that the EnKF maintains both high responsiveness and stability under
varying short-term temperature fluctuations and external disturbances, providing consistent displacement
estimates across diverse seasonal and meteorological conditions. While the parameter values were
determined from approximately one year of RTK-GNSS data, the estimation process itself operates
sequentially at 5-minute intervals, enabling near real-time displacement monitoring

(2) Machine Learning (Random Forest)

e Asanalternative displacement estimation approach, the Random Forest (RF) method was employed.
RF is a representative ensemble learning technique that constructs multiple decision trees and
averages their predictions, thereby reducing overfitting while achieving high predictive accuracy.
The Random Forest model does not function merely as a black-box estimator; rather, it extracts
physically interpretable decision rules that reflect the thermo-mechanical behavior of the bridge.
Analysis of the trained RF model revealed several dominant rule patterns consistent with
engineering expectations.

(a) Temperature-driven deformation rules: higher member temperatures and elevated smoothed
temperature values consistently led to predictions of positive (expansion) displacement, whereas
lower temperatures corresponded to contraction.
(b) Heating—cooling rate rules: rapid temperature increases produced rules associated with short-
term  expansion, while rapid cooling generated contraction-oriented predictions.
(c) Solar-radiation rules: larger cumulative sunshine duration increased predicted expansion due to
greater  thermal loading, whereas low sunshine reduced the effect.
(d) Wind-adjustment rules: higher wind speeds introduced cooling effects, with decision trees
applying small corrective reductions to displacement predictions.

(e) Multi-variable combination rules: decision paths frequently combined variables—for example,
high smoothed temperature and high sunshine and low wind tended to produce maximum-
expansion predictions, while low temperature and rapid cooling and zero sunshine led to
contraction.

Together, these rule structures demonstrate that the RF model captures meaningful nonlinear
thermo-mechanical behavior rather than fitting statistical noise, reinforcing the justification for
applying RF in displacement estimation. Its underlying mechanism is illustrated in Figure 7.8.
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1. Construct multiple decision trees, each
trained on a randomly selected subset of
samples and features from the training data.

v

2. After training, each tree predicts the target
displacement for new input data (features).

v

3. Forregression problems, the final predicted
value is obtained by averaging the predictions
from all trees.

Figure 7. 8 Estimation mechanism of the Random Forest (RF) method

The feature set used for RF included RTK-GNSS displacement data along with meteorological variables
such as member temperature, air temperature, wind speed, and sunshine duration. These environmental
factors were selected for their potential influence on bridge displacement, with the aim of improving
estimation accuracy.

Detailed feature descriptions are provided in Table 7.1. One key feature, the Temperature Moving
Average, was generated by applying a moving average with a six-step time window (equivalent to 30
minutes) to smooth short-term fluctuations and capture underlying temperature trends.

Table 7. 1 List of features used for displacement estimation with the Random Forest (RF) method

Feature Purpose
Member temperature Captures basic thermal effects
Temperature difference Detects abrupt changes
Average temperature shift Removes short-period noise

; . ; Accounts for thermal
Cumulative sunshine duration .
accumulation effects

Represents cooling effects and

Square of wind speed . i s
q p vibration influences

;s . . Expresses the interaction effect
Air temperature x sunshine duration .
of thermal expansion
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Figure 7. 9 Displacement estimation results obtained using the Random Forest (RF) method (overall and
enlarged views).

So, the explanation of the figures is as follows:

e Panel (a) shows the results for the entire observation period, clearly capturing overall trends and
long-term seasonal patterns. Comparisons with static measurements and displacement gauge data
revealed high agreement, particularly in reproducing long-term displacement trends.

e Panel (b) corresponds to a winter period with low temperatures and small diurnal temperature ranges.
Under these conditions, the results from all three methods nearly overlapped, indicating stable
estimation performance with minimal influence from temperature variation.
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e Panel (c) represents a summer period with high temperatures and large diurnal ranges. Here, RF
demonstrated responsiveness to short-term displacements driven by daily temperature cycles,
although the displacement gauge recorded slightly larger amplitudes than both static measurements
and RF estimates.

e Panel (d) shows an autumn period with intermediate meteorological conditions, during which
agreement among all three methods was again high, with consistency observed in both short-term
fluctuations and long-term displacement trends.

The shaded gray bands in Figure 7.9 indicate =16 confidence bounds, calculated from the 2.5th and
97.5th percentiles of the ensemble distribution at each time step. These intervals allow quantitative
evaluation of both variability and stability in the RF estimates.

In post-training operation, RF predicts displacement instantaneously based on feature values at each
observation time, enabling near real-time estimation. However, as a pre-trained model, RF requires
retraining if substantial changes occur in ground behavior or environmental conditions. Overall, the results
demonstrate that RF maintains consistent accuracy across varying environmental conditions, successfully
reproducing both long-term trends and short-term variations in bridge displacement.

7.4. Performance Comparison and Discussion
(1) Comparison of Estimation Performance of Each Method

The RTK-GNSS observation data and their corresponding displacement estimates contain numerous
short-period fluctuations arising from environmental noise and measurement errors. These fluctuations are
unrelated to the actual structural displacement behavior, and their direct use in analysis can reduce estima-
tion accuracy or lead to misinterpretation.

To mitigate such effects, a smoothing process using a moving average with a time window of 20 steps
(equivalent to 100 minutes) was applied to the estimation results. This filtering clarified the underlying
displacement trends, facilitated the identification of structural tendencies, and produced more stable esti-
mates. In the following performance evaluation, these smoothed results are referred to as KF smooth, EnKF
smooth, and RF smooth. The conventional KF smooth method served as a benchmark, while the effective-
ness of the proposed EnKF smooth and RF smooth methods was assessed.

First, the estimation results from each method were plotted alongside RTK-GNSS data, static GNSS meas-
urements, and displacement gauge readings for visual comparison (Figure 7.10).
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Figure 7. 10 Accuracy comparison among different estimation methods (overall and enlarged views).

Subsequently, estimation accuracy was evaluated based on residuals relative to the displacement gauge
and static GNSS data. Four key statistical indicators — Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), maximum error (Max Error), and correlation coefficient (r) — were calculated. A summary of
these results is provided in Table 7.2.

Table 7. 2 Evaluation metrics for displacement estimation accuracy among different estimation methods.

Estimate
Method

KF

KF

EnKF

Comparison
Target

Displacement
meter
Static

Displacement
meter

RMSE
(mm)

3.672

2.747

3.406
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MAE
(mm)

2.887

1.950

2.720

Max Error Correlation
Coefficient r
(mm)
19.932 0.975
18.619 0.977
13.225 0.982



EnKF Static 1.973 1.505 10.467 0.988

RF Displacement 2.807 2.254 9.093 0.993
meter
RF Static 1.677 1.309 9.093 0.991

The findings confirm that all methods effectively reduced noise present in the GNSS data and produced
high-accuracy displacement estimates. Notably, the EnKF smooth, based on model-driven data assimilation,
and the RF smooth, based on data-driven machine learning, achieved small maximum errors of 13 mm and
9 mm, respectively. These results demonstrate that both approaches provide sufficient accuracy for quanti-
fying structural responses and detecting early signs of anomalies under real-world conditions. Despite their
fundamentally different methodologies, the two advanced methods exhibited comparably high estimation
performance — an important and practically relevant finding of this study.

(2) Discussion and Implications for Application

A key factor underlying the comparable displacement estimation accuracy achieved by both the EnKF
and RF methods is their inherent flexibility in handling the nonlinearity and uncertainty present in GNSS
observation data. The EnKF probabilistically represents uncertainty in the state space through an ensemble
of realizations, enabling robust state estimation under stochastic disturbances. In contrast, the RF captures
complex and nonlinear patterns in displacement fluctuations by aggregating predictions from multiple de-
cision trees, thereby reducing variance and enhancing predictive stability. Despite being based on funda-
mentally different principles — model-driven data assimilation versus data-driven machine learning — both
methods share essential characteristics for addressing the complexity of bridge displacement behavior,
which likely accounts for their similar estimation performance.

From a practical perspective, the EnKF offers the advantage of incorporating physical knowledge
through model formulation and error covariance settings and is inherently well-suited for real-time sequen-
tial processing. However, its high configurability necessitates careful parameter tuning to achieve optimal
performance. Conversely, the RF is highly versatile and can provide accurate predictions immediately after
training, but it requires a sufficiently large and representative training dataset for model construction, and
its predictive performance tends to degrade in extrapolation scenarios.

These comparative insights provide practical guidelines for selecting or combining estimation tech-
niques based on the characteristics of GNSS monitoring data and operational constraints. They also high-
light promising directions for integrating model-based and data-driven approaches, contributing to the con-
tinued advancement of bridge health monitoring technologies.

7.5. Conclusions

This study applied and comparatively evaluated two displacement estimation approaches — data assim-
ilation using the Ensemble Kalman Filter (EnKF) and machine learning using the Random Forest (RF) — for
GNSS-based bridge monitoring. The main findings are as follows:
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¢ EnKF performance — By accounting for nonlinearity and uncertainty, the EnKF successfully over-
came the limitations of the conventional linear Kalman Filter (KF) in tracking true displacement val-
ues. It achieved estimates that closely matched those from displacement meters and static GNSS meas-
urements.

e RF performance — The RF-based machine learning approach, when provided with relevant features
such as member temperature and meteorological conditions, reproduced displacement behavior con-
sistent with reference measurements, demonstrating estimation accuracy comparable to the EnKF.

e Complementary methods — The similar performance achieved by these fundamentally different ap-
proaches suggests the feasibility of flexible method selection for high-accuracy displacement estima-
tion from noisy real-time GNSS data.

These results promote the utilization of GNSS data for bridge monitoring, showing that accurate dis-
placement estimation is achievable even under real-world noise conditions. Future work will include ex-
tending these methods to dynamic displacement estimation, verifying generalizability across various bridge
types and environments, integrating multi-sensor data for redundancy and improved accuracy, implementing
real-time processing, and applying the approaches to long-term health assessment and anomaly detection.

It should be noted that this study did not evaluate the performance of the conventional KF with an added
member temperature increment term; this will be investigated in future work.

Each method also has inherent limitations. The EnKF updates sequentially based on a system model,
making it less suited to extrapolation beyond the modeled phenomena, and its accuracy is sensitive to the
model structure and error covariance settings. The RF excels at nonlinear predictions from observed data
but suffers from reduced accuracy in extrapolation beyond the range of training data, with additional chal-
lenges related to limited interpretability and the need for periodic retraining in long-term monitoring.

From an operational perspective, further evaluations under realistic field conditions are needed to assess
the impact of changes in GNSS observation environments (e.g., signal obstruction, multipath effects), sensor
failures, and sudden weather changes on estimation accuracy. Addressing these challenges will require the
development of hybrid approaches, integration with multiple sensors, and the incorporation of anomaly
detection and retraining mechanisms into operational frameworks.

Overall, both the EnKF and RF demonstrated high agreement with displacement measurements across
different seasonal and meteorological conditions, capturing both short-term variations and long-term trends.
While the EnKF offers immediacy and uncertainty quantification through sequential processing, the RF
enables rapid estimation via a trained model, though retraining is necessary when environmental conditions
change significantly. The balance between real-time capability and accuracy achieved in this study provides
a solid foundation for the practical implementation of continuous GNSS-based bridge monitoring systems,
contributing to early anomaly detection and long-term structural health management.

133



7.6.

3)

4

5)

6)

7)

8)

9)

References

Misa, P., and Enge, P. (2010). Understanding GPS: Principles and Applications (2nd ed.). Trans. by
The Institute of Positioning, Navigation, and Timing of Japan. Tokyo: The Institute of Positioning,
Navigation, and Timing of Japan.

Hofmann Wellenhof, B., et al. (2005). GPS: Theory and Practice (5th ed.). Trans. by Nishi, S. Tokyo:
Springer-Verlag Tokyo.

Soda, H., and Sato, N. (2018). Approximation method for long-term horizontal displacement behavior
of fill dams using GPS measurements. Journal of Japan Society of Civil Engineers, Ser. C (Geosphere
Engineering), 74(3), pp. 248-258. (in Japanese)

Nakajima, S., Furuyama, Y., Hayashi, Y., Nguyen, T. K., Shimizu, N., and Hirokawa, S. (2018). Effect
of error correction and long-term continuous monitoring results for 3D displacement measurement of
steep long slopes using GPS. Journal of the Japan Landslide Society, 55(1), pp.13-24. (in Japanese)

Shirai, T., and Kubo, N. (2012). Improving RTK-GPS reliability in urban areas. Journal of the Japan
Society for Aeronautical and Space Sciences, 60(1), pp. 40-47. (in Japanese)

Kokusai Kogyo Co., Ltd. (n.d.). NETIS registered technology: KT-190078-A, Shamen-net measure-
ment information service.

https://www.shamen-net.com/index.html (Accessed: 2025-08-11).

Nakamura, S. (2000). Measurement of wind-induced deformation of suspension bridge stiffening
girder using GPS. Journal of Japan Society of Civil Engineers, 658/VI1-48, pp. 231-243. (in Japanese)

Yang, J., Ma, X., Yuan, B., Xu, B., Fu, Q., and Xu, Y. (2020). Global Navigation Satellite System-
based positioning technology for structural health monitoring: A review. Structural Control and Health
Monitoring, 27(1), e2467.

Wang, X., Zhao, Q., Xu, R., Liu, C., Liu, G., and Liu, L. (2021). Review of bridge structural health
monitoring based on GNSS: From displacement monitoring to dynamic characteristic identification.
IEEE Access, 9, pp.80043-80065

10) Arii, K., Tanaka, T., Sato, W., Fukuba, T., Egawa, M., and Shimizu, N. (2023). Automatic continuous

three-dimensional displacement monitoring of bridges using GNSS static positioning. Journal of Japan
Society of Civil Engineers, 79(6), 23-00002. (in Japanese)

11) Wada, R., Ohno, T., Yoshida, 1., Sekiya, H., Yasuda, A., and Yoshiura, N. (2025). Interpretation of 3D

deformation behavior of bridges during construction using GNSS. * Al and Data Science Transactions*,
6(1), pp. 217-223. (in Japanese)

12) Wada, R., Ohno, T., Yoshida, I., Sekiya, H., Morichika, S., Yasuda, A., and Yoshiura, N. (2025). Esti-

mation of bridge displacement based on inverse analysis of virtual loads applied to a 3D finite element
model. Journal of Japan Society of Civil Engineers, 81(15), 24-15020. (in Japanese)

134



13) Hotta, K., Maruyama, K., Yoshida, I., Sekiya, H., Yasuda, A., and Yoshiura, N. (2024). Feasibility study
on understanding deformation during bridge construction using GNSS. Journal of Structural Engineer-
ing A, 70A, pp. 155-163. (in Japanese)

14) Sato, W., and Imai, Y. (2024). Efforts to streamline and improve infrastructure inspections by integrat-
ing GNSS, IoT sensors, and satellite SAR. Construction Machinery, p. 111. (in Japanese)

15) Xin, J., Zhou, J., Yang, S., Li, X., and Wang, Y. (2018). Bridge structure deformation prediction based
on GNSS data using Kalman-ARIMA-GARCH model. Sensors, 18(298).

16) Tomoe, Y., Watanabe, G., Tita, E. E., and Nishino, S. (2025). Basic study on anomaly detection of
continuous curved steel box girder bridges using GNSS displacement monitoring and digital twin. Al
and Data Science Transactions, Vol.6, No.2, pp.237-246. (in Japanese)
https://doi.org/10.11532/jsceiii.6.2_237

17) Ma, Y., Zeng, L., Xu, M., Wang, L., and Zhang, L. (2022). Structural displacement estimation by fusing
vision and acceleration using Kalman filter: dealing with nonsynchronization. Automation in Construc-
tion, 138, 104274.

18) Forootan, E., Farzaneh, S., Naderi, K., and Cederholm, J. P. (2021). Analyzing GNSS measurements
to detect and predict bridge movements using the Kalman filter (KF) and neural network (NN) tech-
niques. Geomatics, 1(1), pp. 65-80. doi:10.3390/geomatics 1010006

19) Shen, N., Chen, L., Liu, J., Wang, L., Tao, T., Wu, D., and Chen, R. (2019). A review of Global Navi-
gation Satellite System (GNSS) based dynamic monitoring technologies for structural health monitor-
ing. Remote Sensing, 11(9), 1001. doi:10.3390/rs11091001

135



8. Digital Twin for bridge anomaly detection and
validation based on GNSS and FEA

Overview

This chapter focuses on the physical verification of the proposed Operational Digital Twin framework
through finite element analysis (FEA), addressing a critical requirement for reliable engineering decision-
making. While the preceding chapter established robust displacement estimation under uncertainty using
GNSS observations and data-driven methods, estimation results alone are insufficient unless their physical
plausibility is rigorously examined. Accordingly, this chapter introduces a physics-based validation layer
that evaluates whether the estimated structural responses are consistent with fundamental principles of struc-
tural mechanics.

To this end, a high-fidelity finite element model of the target bridge is developed through seamless
interoperability with the BIM-based digital representation. The numerical model incorporates realistic ge-
ometry, material properties, boundary conditions, and temperature effects, enabling detailed simulation of
structural behavior under operational loading conditions. By systematically comparing GNSS-observed dis-
placements with FEA-predicted responses, the proposed framework verifies the consistency between meas-
ured behavior and mechanically admissible structural states.

Through this integration of monitoring data, uncertainty-aware estimation, and physics-based verifica-
tion, this chapter demonstrates how the digital twin evolves from a data-driven interpretation tool into a
reliable operational system. The results presented herein establish the final component required for the pro-
posed framework to function as an Operational Digital Twin, capable of supporting engineering judgment
and decision-making for complex bridge structures under real-world conditions.

8.1. Introduction

The digital twin (DT) is a dynamic and virtual representation of physical assets, systems, and processes
that are continuously synchronized with those in the real world through data integration. This technology is
emerging as a transformative approach in many fields, including product design, manufacturing, operations,
asset management, and especially in the development of smart cities and intelligent infrastructure systems.
In the context of civil and infrastructure engineering, a digital twin enables real-time monitoring, predictive
maintenance, and performance optimization of complex assets such as bridges, tunnels, and transportation
networks. The evolution of Construction 4.0, which integrates advanced technologies such as Building In-
formation Modeling (BIM), Internet of Things (IoT), artificial intelligence (Al), and digital twin frameworks,
is significantly accelerating the digital transformation of the construction and infrastructure sectors. This
paradigm shift will not only redefine how infrastructure is designed and maintained but also facilitate data-
driven decision-making throughout the lifecycle [1-5].
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In the Architecture, Engineering, and Construction (AEC) industry, the most widely adopted concept of
Digital twin is Building Information Modeling/Management (BIM). This technology enables the creation
of a comprehensive virtual representation of buildings and infrastructure such as bridges, tunnels, road net-
works, and more. BIM offers substantial benefits throughout the entire project lifecycle, encompassing plan-
ning, conceptual and detailed design, construction, operation, and maintenance. Furthermore, it significantly
enhances collaboration among stakeholders, thereby improving productivity and project outcomes|[4,6,7].

Bridges are vital infrastructures that enhance connectivity, enabling the efficient transport of people and
goods, and fostering socio-economic development [8]. The strength and durability of bridges are crucial for
the safe functioning of modern transportation systems [9,10]. These structures frequently experience com-
plex loading conditions, such as vehicle traffic, fluctuations in temperature, and environmental impacts,
which can lead to time-dependent displacements and deformations [11,12]. Accurate and continuous moni-
toring of such displacements is essential for effective bridge maintenance, early anomaly detection, and
overall infrastructure resilience [13].

In bridge engineering, Digital twin technology enables the seamless integration of geometric models,
sensor data, and analytical simulations to support condition assessment and data-driven decision-making.
The implementation of DT in bridge infrastructure, particularly when combined with Global Navigation
Satellite System (GNSS) and Finite Element Analysis (FEA), provides a robust framework for continuous
displacement monitoring and performance numerical validation throughout the structure’s lifecycle [10,14].

GNSS has emerged as a reliable, non-contact displacement monitoring technology capable of capturing
long-term structural movements with millimeter-level accuracy. Its effectiveness is particularly notable in
long-span or curved bridges, where traditional tools such as accelerometers or strain gauges may be con-
strained by limited spatial coverage or increased sensitivity to noise [9,11]. In parallel, FEA serves as a
powerful numerical approach for simulating structural responses under various loading and boundary con-
ditions, enabling the calibration and numerical validation of the DT model against field measurements [12].
Therefore, the integration of DT with high-precision monitoring tools like GNSS and FEA offers a trans-
formative and scalable solution for Structural Health Monitoring (SHM), enhancing both predictive mainte-
nance and lifecycle management of bridge infrastructure [4,5,8,14].

In recent years, the importance of proactive bridge maintenance has been underscored in Japan due to
the aging of a large portion of its infrastructure. More than 40% of Japan’s approximately 730,000 bridges
are over 50 years old, with projections indicating this will exceed 60% by 2030 [15]. In response to this
critical situation, the Ministry of Land, Infrastructure, Transport and Tourism (MLIT) has adopted a strategic
shift from reactive to preventive maintenance, introducing a nationwide inspection cycle of once every five
years for all bridges under public management since 2014 [16]. Moreover, MLIT emphasizes the utilization
of advanced technologies such as sensor-based monitoring, digital twins, and artificial intelligence to sup-
port condition-based maintenance and lifecycle extension strategies. The growing complexity of maintain-
ing long-span and uniquely shaped bridges, such as curved steel bridges, demands the integration of high-
resolution monitoring tools and predictive modeling to support early intervention and optimize maintenance
costs.

Recent studies have explored GNSS observation, FEA models to monitor bridge displacements, and
detect structural anomalies. For example, Niu et al. 2023) presents a method that combines multi-GNSS and
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acceleration data to estimate dynamic displacements and perform modal analysis of long-span bridges. The
integration enhances the accuracy of displacement measurements and provides valuable insights into the
structural behavior under dynamic loads[17]. Xue et al.2023, explore the feasibility of using low-cost GNSS
receivers to monitor the dynamic response of a pedestrian bridge.[18]. Li et al(2023) introduce a predictive
model combining Kalman filter, ARIMA, and GARCH techniques to forecast bridge deformations using
GNSS data. The approach enhances the ability to predict structural responses, contributing to proactive
maintenance strategies[19]. Wang et al (2024) propose a data-driven method to quantity the impact of vari-
ous loading factors on bridge displacements measured by GNSS. The approach aids in distinguishing be-
tween different sources of structural movement, enhancing the interpretation of monitoring data[20]. How-
ever, limited research has been conducted on the application of such integrated DT frameworks to continu-
ous curved steel bridges, which present additional challenges due to their asymmetric geometries and com-
plex boundary conditions.

This study aims to address this research gap by developing a comprehensive DT model for a continuous
curved steel bridge using Building Information Modeling (BIM) as the base geometry, coupled with GNSS-
based displacement monitoring and FEA-based numerical validation. The primary objectives are to (1) im-
plement a real-time GNSS monitoring system at critical bridge points, (2) simulate displacement responses
under real-world loading conditions using FEA, and (3) validate and update the digital twin through com-
parative analysis. However, the FEA conducted in this chapter is linear elastic, appropriate for validating
displacement and deformation shapes, but insufficient for modeling cracking or progressive slab deteriora-
tion. The findings of this research are expected to contribute toward a more intelligent and data-driven ap-
proach to structural health monitoring, offering practical insights for bridge asset management and future
digital twin implementations in civil infrastructure.

8.2. Research strategy

The bridge maintenance management strategy adopted in this study is shown schematically in Figure
8.1. A high-fidelity digital twin of the bridge is built using Building Information Modeling (BIM), accurately
replicating the geometry and attributes of the physical structure. Continuous displacement data is acquired
from observation points strategically positioned along the bridge, using the Global Navigation Satellite Sys-
tem (GNSS). To ensure the reliability of the GNSS-derived measurements, a numerical validation procedure
is carried out using Finite Element Analysis (FEA), allowing a direct comparison between the observed and
simulated structural responses. This comparative validation increases the credibility of the monitoring
framework and allows for a comprehensive understanding of the bridge's structural performance. The inte-
grated approach ultimately supports the development of a robust, data-driven Structural State Monitoring
(SHM) system designed for long-term bridge maintenance.
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Figure 8. 1 Research Strategy

(1) Digital Twin Frameworks for this research

Digital twin technology is increasingly gaining attention across various engineering domains, including
bridge engineering. In this study, we apply DT technology to bridge structural health monitoring (SHM) to
assess the condition and performance of the structure over time. Accordingly, we propose the development
of a DT framework, as illustrated in Figure 8.2. The development process comprises the following six

stages:

1.

Physical Model: This stage involves conducting a site investigation of the bridge and collecting
relevant data from the bridge owner, including as-built drawings, photographs, and inspection re-
ports. These materials form the foundational knowledge base of the bridge’s physical condition and
geometry.

Cyberspace Model: Based on the collected data, a digital model of the bridge is created using Build-
ing Information Modeling (BIM) software, specifically Autodesk Revit. This step involves accu-
rately replicating the geometry and configuration of the actual bridge to create a detailed digital
representation.

Structural Model: A 3D structural model is developed for numerical analysis. The BIM model is
exported as an Industry Foundation Classes (IFC) file to enable interoperability between Revit and
the Finite Element Analysis (FEA) software DIANA. The structural model in DIANA is used to
simulate the bridge's behavior under various loading conditions and later serves as the basis for
validating the deformation behavior observed from the monitoring system.

GNSS Monitoring System: To capture real-time displacement behavior, a Global Navigation Satel-
lite System (GNSS) monitoring system is installed on the bridge. GNSS sensors are strategically
placed at critical locations, including Abutment 2 (A2), the mid-span between A2 and Pier 4 (P4),
at P4 itself, and the mid-span between P4 and Pier 3 (P3). The sensors continuously collect dis-
placement data, which is transmitted to a cloud server. These data are then made accessible to stake-
holders for real-time monitoring and structural assessment.
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5. Observation Data: After data preprocessing, the GNSS observations are analyzed to evaluate the 3D
displacement behavior of the bridge, including longitudinal, transverse, and vertical displacements.
This step provides valuable insights into the bridge’s structural response over time.

6. Numerical Validation: Finally, the numerical results from FEA are compared with the GNSS obser-
vation data to validate the simulated deformation. This comparison ensures the reliability of the DT
framework in capturing actual bridge behavior and enhances confidence in the monitoring system.
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Figure 8. 2 Conceptual Framework of Digital Twin (DT) for this research.

(2) BIM Concept and Application in Bridge Management and Maintenance

Building Information Modeling (BIM) has evolved into a comprehensive digital process that facilitates
the generation and management of structured, interoperable information throughout the life cycle of infra-
structure assets. It integrates geometric, semantic, and temporal data into a centralized digital environment,
supporting informed decision-making from initial design through construction, operation, maintenance, and
eventual decommissioning phases, as shown in Figure 8.3.
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BIM was initially developed for the building sector; its adoption has expanded significantly to include
civil infrastructure, particularly bridge engineering [21,24]. In the bridge engineering field, particularly in
the context of bridge management and maintenance, BIM serves as a powerful enabler for developing a
digital, data-rich representation of bridge assets. These models encapsulate not only the physical character-
istics of structural components but also metadata related to materials, construction history, inspection rec-
ords, and performance attributes. This integration enables infrastructure entities to move from a reactive to
a proactive asset management strategy, enhancing lifecycle performance and sustainability [4,5,22,23].

(3) Target Bridge

In this study, a five-span continuous curved steel girder bridge over the Shin-Yawata River in Hiroshima,
as shown in Figure 8.4, was selected as the target for displacement monitoring using GNSS. This bridge is
an ideal example of modern urban infrastructure in a dynamic seismic and hydrologic environment for long-
term structural health monitoring. The bridge is 282.5 meters long with an overall deck width of 12.25
meters. The cross section consists of a 7.7-meter-wide roadway and a 3.5-meter-wide sidewalk, designed to
accommodate both traffic and pedestrian flows.

The bridge geometry includes significant plane curvatures with bevel angles of 80.8° and -118.5°, which
are essential to the analysis because they result in complex torsional behavior and lateral force effects. The
superstructure consists of a reinforced concrete (RC) slab deck with asphalt pavement, supported by two
parallel steel box girders. This structural configuration provides an efficient balance of flexural capacity,
torsional stiffness, and durability, which is often required for medium- and long-span urban bridges.

The substructure consists of reinforced concrete piers and columns and is founded on concrete piles to
ensure stability against riverbed erosion and seismic loading. To accommodate thermal expansion and struc-
tural movement, a combination of pinned bearings for the abutments and roller (movable) bearings for the
intermediate piers is used. This bearing system allows for longitudinal displacement while maintaining
structural continuity. The bridge was chosen for GNSS-based displacement monitoring due to its geometric
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complexity, mixed material system, and susceptibility to thermal and dynamic effects. Such monitoring
provides highly accurate real-time data essential for validating numerical models, assessing structural per-
formance under operational loads, and developing DTs for bridge life cycle management.
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Figure 8. 4 Top, Side, and Elevation of a Target Bridge of the Digital Twin BrfSHM Research Project (5
Span Continuous Bridge with Steel Two Box Girders and RC Slab).

(4) BIM-Based Parametric Modeling of a Continuous Curved Steel Bridge

The digital twin of the continuous curved steel bridge in this study was developed using BIM-based
parametric modeling, as shown in Figure 8.5(a). Based on bridge-related information such as built drawings,
construction documents, and engineering reports, BIM tools were utilized to construct an accurate and data-
rich digital twin model was constructed. In developing a comprehensive Building Information Modeling
(BIM) representation of the continuous curved steel bridge, Autodesk Revit was employed to build both
substructure and superstructure components using an object-oriented and parametric modeling approach.
Two different Revit family types were utilized to address the various geometric and structural complexities
inherent in the bridge system: the generic model family and the adaptive component family were selected
based on their modeling capabilities and flexibility.
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Figure 8. 5 Development of the Digital Twin of the Bridge

(a) Generic Model Families for Substructure Elements:

For the bridge substructure, including abutments, piers, and foundation piles, Generic Model Families
were utilized. These families are particularly well-suited for components with relatively standardized and
prismatic geometries, allowing for efficient parametric control over dimensions, materials, and placement
within the project environment. Generic Model Families support native Revit parameters, which enable the
customization of structural dimensions such as pier height, pile diameter, and abutment geometry, facilitat-
ing consistency across instances and ease of modification. The use of this family type ensured that substruc-
ture elements were modeled with the required geometric fidelity while maintaining interoperability with the
overall Revit project model.

(b) Adaptive Component Families for Superstructure Modeling:

The superstructure of the bridge, comprising the curved alignment of steel box girders, the RC slab deck,
and the asphalt surfacing, presented significant geometric complexity due to the bridge’s plan curvature and
variable cross-sectional profiles along its span. To accurately capture these variations, Adaptive Component
Families were employed. Adaptive components offer a higher degree of flexibility and are specifically de-
signed to respond to multiple adaptive points placed in 3D space. These points can be positioned along a
reference curve or surface, allowing the modeled element to adapt its shape and orientation dynamically
based on control geometry. This approach was particularly effective in representing the continuous curvature
of the steel girders, as well as the alignment of the bridge deck in both the longitudinal and transverse
directions. The Adaptive Family method allowed for seamless alignment with reference paths derived from
civil alignment data, ensuring both geometric accuracy and consistency with roadway design intent.

(c) Integration with Dynamo for Parametric Control:

To further enhance the automation and parametric adaptability of the superstructure model, Dynamo for
Revit, a visual programming interface, was integrated into the modeling workflow. Dynamo scripts were
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developed to place adaptive components along the bridge alignment was automated to control variables
such as span length, deck width, girder spacing, and cross-sectional orientation. This parametric integration
enabled the generation of a data-rich, geometrically accurate bridge model that can dynamically respond to
changes in design parameters and alignment profiles.

(d) Model Integration in Revit Project Environment:

Once the modeling of individual components was completed, both substructure and superstructure ele-
ments were integrated within the unified Revit project model as shown in Figure 8.5(b). This integration
facilitated spatial coordination, clash detection, and documentation generation within a single BIM environ-
ment. The integrated model serves as the foundation element of the bridge's digital twin and allows for
future enhancements such as structural analysis, construction sequencing, and GNSS-based displacement
data integration.

(5) GNSS-based Monitoring System

In this study, a GNSS-based monitoring system was established to capture long-term, real-time defor-
mation of a continuous curved steel bridge, as illustrated in Figure 8.6. To ensure comprehensive defor-
mation monitoring across critical structural regions, multiple high-precision GNSS sensors were strategi-
cally installed along the bridge. The sensor layout consists of the following: R1 at the A2 abutment, R2 at
the mid-span between A2 and pier P4, R3 on pier P4, and R4 on pier P3. This sensor configuration was
designed to capture both global and localized displacement behavior across different structural components,
particularly in areas expected to exhibit significant dynamic and thermal responses. To complement the
GNSS measurements, a displacement gauge and a component temperature sensor were also installed at the
A2 location. This setup enables the simultaneous capture of thermal-induced deformation and material re-
sponses, thereby facilitating a more holistic interpretation of structural behavior under varying environmen-
tal and loading conditions.

The GNSS units were configured to collect position data at five-minute intervals over a 436-day moni-
toring period, spanning from January 12, 2022, to March 27, 2023. These sensors continuously receive
signals from a constellation of GNSS satellites, allowing for the precise detection of three-dimensional dis-
placement over time. The raw data were transmitted and archived in a cloud-based server infrastructure,
enabling remote accessibility and facilitating data processing from any internet-connected location. To en-
hance the signal quality and eliminate noise measurement, a Kalman Filter algorithm was implemented
using Python programming tools.

This filtering process significantly improved the reliability of the displacement time series by minimiz-
ing stochastic errors inherent in GNSS observations. The refined displacement data were then utilized for
evaluating long-term structural deformation, identifying anomalous movement patterns, and assessing the
bridge’s structural integrity under real-world operational conditions. Ultimately, this monitoring framework
contributes to the creation of a data-driven digital twin of the bridge, serving as a foundational tool for
structural health monitoring (SHM), predictive maintenance, and lifecycle management.
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Figure 8. 6 GNSS-based Monitoring System

(6) Temperature observation

To assess the influence of thermal effects on the structural behavior of the bridge during long-term

monitoring, component temperature sensors were installed on a steel box girder near abutment A2, as shown
in Figure 8.7.
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At Position A2, a component thermometer is installed on the box girder near the bridge abutment for
collecting the temperature data every 5 minutes for 436 days.

Figure 8. 7 Temperature observation

This location was strategically chosen due to its sensitivity to thermal boundary conditions and its prox-
imity to both substructure and superstructure interfaces, where thermal gradients are expected to cause sig-
nificant deformation. The temperature sensors were set to record data at five-minute intervals and
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continuously captured diurnal and seasonal temperature changes throughout the 436-day observation period.
This monitoring period spanned the four seasons of Japan, in particular Hiroshima city, covering the entire
thermal cycle from the coldest days of winter to the hottest days of summer.

During this period, the highest temperature was recorded on July 29, 2022, at 34.3°C, and the lowest
temperature dropped to -0.9°C on January 25, 2023. This high-resolution temperature data plays an im-
portant role in understanding the thermal behavior of steel bridge structures, particularly the longitudinal
displacements, stress distribution, and expansion and contraction phenomena that affect the overall perfor-
mance of the structure. In continuous curved steel bridges, temperature-induced deformation not only affects
linear expansion but can also lead to secondary effects such as torsional response and bearing movement,
especially in the vicinity of abutments and piers. By integrating this temperature data set with corresponding
GNSS-based displacement measurements, the relationship between temperature and displacement can be
quantitatively evaluated.

This analysis is essential to distinguish between load-induced and thermally induced movements, vali-
date numerical models, and improve the accuracy of the digital twin for structural health monitoring (SHM).
In addition, the dataset will support the development of predictive models for maintenance scheduling, fa-
tigue assessment, and long-term performance prediction of steel bridge infrastructure under a variety of
climatic conditions.

(7) BIM-to-FEA Interoperability for Structural Analysis of the Digital Twin

In this study, a digital twin-based interoperability workflow was implemented to facilitate the structural
analysis of a continuous curved steel bridge, as shown in Figure 8.8. The objective was to bridge the gap
between the BIM (Building Information Modeling) and FEA (Finite Element Analysis) environments, al-
lowing seamless exchange of geometry and structural data between the platforms. The process begins with
the creation of a parametric BIM model of the subject bridge using Autodesk Revit to accurately model key
structural components such as girders, slabs, abutments, and piers based on construction drawings.
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Figure 8. 8 BIM-to-FEA Interoperability for Structural Analysis of the Digital Twin

146



The model is exported in Industry Foundation Classes (IFC) format, a widely adopted open standard for
data interoperability between BIM authoring tools and analysis platforms. The exported IFC files are im-
ported into DIANA FEA, a software environment dedicated to nonlinear and Multiphysics structural anal-
ysis. The imported bridge geometry undergoes a data validation and transformation process to interpret and
refine the analysis elements.

At this stage, material properties, boundary conditions, and load cases (including dead weight, live loads,
and thermal loads) are assigned based on engineering specifications and design codes. Following data as-
signment, finite element mesh generation techniques are used to discretize the geometry and convert the
continuous structural model into an interconnected element-node system. Selecting the appropriate element
type (in this case, Shell element and Solid element are used) and mesh density is critical to obtaining accu-
rate simulation results while maintaining computational efficiency.

After the discretization is complete, a structural analysis is performed. DIANA FEA calculates stress
distributions, deformation patterns, and structural response under a variety of loading scenarios. The results
are interpreted to evaluate the structural performance of the bridge and its behavior under complex opera-
tional and environmental conditions.

This BIM-FEA interoperability framework enhances the analysis capabilities of the digital twin, allow-
ing engineers to perform predictive simulations and validate real-time sensor data within a unified modeling
environment. In addition, the process improves consistency, reduces manual rework, and provides a scalable
pathway for integrating design, monitoring, and analysis workflows in bridge lifecycle management.

(8) Validation using FE analysis

In this phase of the study, the deformation behavior of the bridge structure obtained from Global Navi-
gation Satellite System (GNSS) observations is subjected to numerical validation using Finite Element (FE)
Analysis that specifically considers the effects of loading due to temperature. The numerical validation pro-
cess compares the observed GNSS displacement time series with the simulated displacements obtained from
the FE model under identical temperature and boundary conditions. This step ensures that the numerical
model accurately represents the physical behavior of the bridge relative to real-world environmental influ-
ences.

The numerical validation work focuses on ensuring that the FE model, including material properties,
boundary conditions, and thermal loading conditions, can reproduce the measured structural response within
acceptable limits. Special attention is paid to the effects of thermal expansion. The effect of thermal expan-
sion is particularly significant for steel bridges due to the high coefficient of thermal expansion of the ma-
terial; incorporating temperature data measured simultaneously with GNSS displacements allows for a cou-
pled thermal-mechanical analysis and increases the fidelity of the numerical validation.

Through this integrated verification and numerical validation process, the accuracy and reliability of the
Digital Twin-based Bridge Structural Health Monitoring (BrSHM) system were established. This allows the
digital twin to function not only as a real-time monitoring tool but also as a predictive analytical model
capable of simulating structural response under a variety of operational and environmental conditions. This
dual capability is an important advance in the implementation of data-driven SHM strategies for complex
bridge structures.
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8.3. Bridge deformation based on GNSS observation data

After collecting long-term deformation data of the target bridge using GNSS observation sensors, the
data is thoroughly processed and evaluated to reduce noise. Then, the displacement results of Longitudinal,
transversal, and vertical are presented as follows

(1) Longitudinal Deformation of the Bridge Based on GNSS Observation Points

The longitudinal deformation behavior of the bridge was evaluated using GNSS-based monitoring data,
as shown in Figure 8.9. The results show a clear spatial gradient in displacement along the longitudinal axis
of the bridge, highlighting that the deformation response varies depending on the location of the structure.
The R1 GNSS sensor located near abutment A2 recorded a maximum longitudinal displacement of 43.6 mm.
This displacement gradually decreased at R2, located at the midpoint between Abutment A2 and pier P4,
where a displacement of 38.5 mm was observed; at R3 (on pier P4), the displacement decreased further to
30.5 mm, and the minimum displacement was 22.3 mm at R4, located between P4 and P3.

This deformation trend is mainly due to the temperature-induced expansion and contraction of the steel
superstructure. Steel has a relatively high coefficient of thermal expansion of about 12 x 10-¢ /°C and is
particularly sensitive to changes in temperature. During periods of higher temperatures, such as the summer
months, the bridge superstructure expands, especially in the longitudinal direction. The expansion is more
pronounced near the abutment (R1), where longitudinal restraint is relatively limited due to the continuous,
horizontal curvature of the bridge and the presence of pinned bearings at the abutments and roller bearings
at the intermediate piers.
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Figure 8. 9 Bridge deformation in the longitudinal direction at the GNSS observation point

Conversely, in cold weather, the decrease in temperature leads to thermal contraction, which reverses
the direction of displacement. The magnitude of longitudinal deformation at each GNSS observation point
is strongly influenced by its proximity to structural restraints such as fixed piers or movable supports. Ob-
servation points close to expansion joints or roller bearings (e.g., R1 and R2) exhibit larger displacements
because the structure can accommodate thermal movement. In contrast, observation points close to fixed or
rotationally constrained supports (e.g., R3 and R4) show less movement due to the stiffness provided by the
restraints. A 436-day-long-term monitoring of the bridge and data acquisition during all four seasons pro-
vided comprehensive knowledge of the bridge's thermo-mechanical performance. These findings are essen-
tial for evaluating thermal fatigue behavior, expansion joint serviceability, and stress redistribution mecha-
nisms in continuous steel bridges with curved geometries. In addition, the deformation data obtained from
GNSS serves as a benchmark data set for validating finite element (FE) models within the digital twin
framework, ensuring consistency between simulation and actual structural behavior under environmental
loading conditions.

(2) Transverse Deformation of the Bridge Based on GNSS Observation Points.

In addition to longitudinal behavior, lateral deformation of the bridge was also monitored using GNSS
sensors, the results of which are shown in Figure 8.10. The data revealed that a distinct pattern of lateral
movement occurred, especially during periods of hotter temperatures. Lateral displacements of approxi-
mately 10.9 mm were observed at R1, located near abutment A2, indicating that significant lateral displace-
ments occurred during the summer period. This behavior is due to the thermal expansion of the steel super-
structure, which causes the bridge to move not only longitudinally but also laterally due to its curved shape
and associated eccentric load path. As the bridge expands, the superstructure may contact the abutment back
wall or bearing seat, causing deflection due to restraint, leading to lateral movement. When axial expansion
reaches its limit due to contact and restraint, the superstructure is forced to move laterally downstream,
especially on curved bridges where curvature induces out-of-plane effects. A similar, though less significant,
lateral displacement was observed at R2 (mid-span between A2 and pier P4), with a displacement of about
4.0 mm. The magnitude of displacement was further reduced at R3 (on pier P4), where approximately 2.0
mm of lateral movement was observed; at R4 (between P4 and P3), the displacement was negligible (close
to 0 mm). This suggests that lateral movement is minimal in areas where the structure is highly constrained
or where thermal expansion has dissipated along the length of the bridge.
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Figure 8. 10 Bridge deformation in the transversal direction at the GNSS observation point

This spatial decay of lateral displacement from R1 to R4 emphasizes the combined effects of structural
boundary conditions, curvature-induced kinematics, and constrained stiffness. The abutment region (R1) is
usually more susceptible to asymmetric thermal forces, especially in bridges with horizontal curvature, lead-
ing to more pronounced lateral deformations. Conversely, piers and intermediate support (e.g., R3 and R4)

Date (yy/mm/dd)
(d) R4 (at the center of P4 and P3)

provide greater restraint in the lateral direction, thereby limiting lateral movement.

Understanding this behavior is critical, especially as unexpected excessive lateral deformation can affect
the structural integrity of bearing alignments, expansion joints, and even the joints between deck segments
and supporting elements. The results of this study underscore the importance of continuous lateral monitor-
ing in curved steel bridges, which can reveal potential misalignments and performance issues that cannot be
captured by longitudinal monitoring alone. In addition, the dataset supports the calibration and numerical
validation of numerical models within the digital twin framework, allowing for more accurate simulation of

thermal-mechanical interactions under realistic boundaries and environmental conditions.
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(3) Vertical (Up-Down) Deformation of the Bridge Based on GNSS Observation Points

Vertical deformation, which represents the vertical movement of the bridge deck, was also monitored
using high-precision GNSS sensors, the results of which are shown in Figure 8.11. These observations
provide insight into the bending response of the bridge under the combined effects of dead load, thermal
effects, and time-dependent behaviors such as creep and settlement. At R1, located near abutment A2, the
vertical displacement observed was negligible (approximately 0 mm). This is consistent with expectations,
since abutments are usually installed on relatively stiff substructures such as spread footings or pile caps
that provide rigid vertical support and limit vertical movement. In contrast, a downward displacement of
approximately 9.2 mm was observed at R2, located near the midspan between A2 and P4. This deformation
is consistent with deflection of the girder span due to long-term effects such as dead weight, environmental
loading, deck system creep, and minor settlement of the supports.
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Figure 8. 11 Bridge deformation in the up and down direction at the GNSS observation point

Vertical displacement was almost 0 mm at R3 (location of pier P4), confirming that the piers as inter-
mediate supports generally have high vertical stiffness due to the deep foundation and pile arrangement,
which suppressed significant vertical displacement. Interestingly, a positive (upward) displacement of about
8.5 mm was observed at R4, located between P4 and P3 piers. This counterintuitive behavior suggests the
influence of thermal gradients and differential expansion in curved steel bridges, possibly causing local
uplift effects. In continuous curved girders, warping torsion, thermal warping, and bearing reaction may
lead to unexpected vertical displacements. For example, uneven heating of the top and bottom flanges during
the day can cause vertical camber due to differences in thermal curvature, especially in lightly restrained
segments of the bridge. In addition, the bearing stiffhess and thermal restraint of piers can create articulated
ridges in adjacent spans under certain boundary and loading conditions.

These vertical deformation patterns are critical to understanding the structural health and serviceability
of bridges, especially for evaluating span deflections, bearing capacity, and overall curvature behavior. It
also serves as an important input for validating the results of finite element analysis (FEA) to ensure that
the digital twin model accurately reflects the actual structural response. By capturing both quasi-static ver-
tical deformations and possible dynamic vertical anomalies, this GNSS-based monitoring increases confi-
dence in the long-term structural performance assessment of continuous curve steel bridges.

8.4. Validation of the Digital Twin model based on the GNSS observation data for bridge
deformation behavior

(1) Bridge deformation behavior due to the temperature fluctuations

This study uses long-term GNSS displacement data and temperature records to critically examine the
relationship between bridge deformation behavior and ambient temperature fluctuations. Figure 8.12 shows
the correlation between temperature fluctuations and the resulting deformation of the structure, focusing in
particular on observation point R1, located near abutment A2.
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Figure 8. 12 Bridge deformation and temperature fluctuation

The longitudinal deformation observed at R1 clearly shows a strong seasonal correlation with tempera-
ture. As the ambient temperature increases (especially in summer), the bridge superstructure undergoes ther-
mal expansion, resulting in an observed maximum displacement of approximately 43.6 mm. This expansion
follows a linear thermal strain relationship given by Equation:

AL = a.L.AT (8.1)
Where:

e AL is the change in length,
e o is the coefficient of thermal expansion of steel (approximately 12x107%/°C),
e L isthe effective length of the girder segment,

o AT is the temperature changing.

This relationship explains the gradual increase in displacement from cold (non-summer) to hot (sum-
mer) months and the decrease in displacement as the cooler months return. This response is most pronounced
at the free or semi-fixed ends of the bridge, such as the abutments, where the longitudinal restraints are more
limited, allowing for more definite heat transfer. The data confirms the expected elastic deformation behav-
ior of steel bridge systems subjected to environmental loading.

(a) Transverse Deformation

In the lateral direction, the displacement pattern exhibits a distinct nonlinear behavior. Initially, as tem-
peratures begin to rise before the summer peak, the lateral displacement remains relatively small. However,
once the maximum summer temperature is reached, a drastic lateral displacement of approximately 10.9
mm is observed at R1. This drastic displacement was attributed to the bridge superstructure expanding be-
yond the capacity of the designed expansion joints. When the expansion reaches the mechanical limit of the
joint, the girder applies pressure against the abutment wall, resulting in a forced lateral displacement, often
downstream due to geometric asymmetry or support conditions. This behavior emphasizes the importance
of detailed design and maintenance of proper expansion joints in steel bridges, especially in regions with
extreme temperature fluctuations. Restrained expansion joints can induce unintended lateral forces that can
compromise bearing performance and long-term structural integrity.
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(b) Vertical deformation

In the vertical (up and down) direction, the observed displacement is negligible at R1, even under peak
thermal conditions. This is consistent with engineering expectations. This is because vertical thermal defor-
mation is generally minimal for steel box girders with symmetrical cross-sections and uniform temperature
distribution. Furthermore, vertical restraints by abutments and piers minimize significant vertical displace-
ments due solely to temperature changes. This observation confirms that thermal effects on vertical defor-
mation are less significant than in the longitudinal and transverse directions, unless accompanied by differ-
ential heating or long-term settlement.

Therefore, the results from this long-term monitoring study highlight the important role of temperature
as the dominant environmental load on bridge performance, particularly for continuous curved steel bridges.
Longitudinal expansion, lateral shifts due to joint restraints, and minimal longitudinal changes form a com-
prehensive thermal deformation profile of the bridge. These results are not only essential for calibrating
digital twin models and validating finite element simulations, but also for future design improvements of
bearings, expansion joints, and bridge connection systems under thermal loading.

(2) Validation of GNSS Observations Using LVDT Measurements at Abutment A2

To further evaluate the accuracy and reliability of GNSS-based displacement monitoring, an independ-
ent sensor-based verification approach was employed at abutment A2, where the maximum longitudinal
displacement was observed. Specifically, a linear variable differential transformer (LVDT) was installed to
acquire highly accurate displacement data at the same location, as shown in Figure 8.13. LVDT is widely
recognized in structural health monitoring (SHM) due to its high sensitivity and sub-millimeter resolution,
making it a suitable benchmark for validating displacements acquired via GNSS. Comparison between dis-
placement time series obtained from GNSS and LVDT measurements have revealed a strong correlation,
especially in thermal expansion and contraction cycles, it is clear that there is a strong correlation in terms
of both magnitude and temporal response.

The consistency between the two data sets confirms the effectiveness of GNSS systems in capturing
real-time bridge deformation with sufficient accuracy, even in the slow-moving thermally induced displace-
ment regime. This agreement is particularly significant given the inherent differences between the two meas-
urement technologies: GNSS provides geospatial positioning in a global coordinate frame, whereas LVDT
provides high-frequency, local relative displacement data. The successful cross-validation not only rein-
forces confidence in the GNSS measurements but also supports its integration into digital twin frameworks
for long-term SHM of bridges.
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Figure 8. 13 Validation of GNSS Observations Using LVDT Measurements at Abutment A2
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(3) Bridge Deformation Trends in the Horizontal Plane at A2

To evaluate and verify the deformation trends of the bridge in the horizontal plane under various tem-
perature conditions, particularly longitudinal and lateral displacements, GNSS displacement data were an-
alyzed over three time periods (pre-summer, summer, and post-summer) with a primary focus on the location
of'the A2 abutment. As shown in Figure 8.14, the pre-summer period extended from January 12 to June 27,
2022. During this period, the ambient temperature increased gradually, and corresponding GNSS measure-
ments showed a gradual expansion of the bridge superstructure in the longitudinal direction. This is con-
sistent with the thermoelastic response of steel, in which the elongation of the structure occurs linearly with
increasing temperature. The summer season began on June 28, 2022, and lasted until September 30, 2022.
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Figure 8. 14 Bridge deformation at the horizontal plane at A2

This period is the peak of the heat load on the structure. As a result:

e Longitudinal displacements in R1 (near A2) reached a maximum of 43.6 mm, reflecting significant

axial expansion along the bridge alignment.

e At the same time, a lateral displacement of approximately 10.9 mm was observed downstream, indi-
cating lateral movement of the superstructure.

This combination of horizontal displacements (both longitudinal and lateral) highlights the complex
two-dimensional (2D) thermal deformation behavior of continuously curved steel bridges, where geometry,
support conditions, and boundary constraints amplify multi-directional expansion.

Following the peak of summer, the ambient temperature gradually decreased after summer ended (Oc-
tober onward). As expected, the bridge contracted, and horizontal displacements gradually decreased. This
reversible deformation behavior confirms that the horizontal movement of the structure is primarily elastic
and thermally driven, consistent with the principle of linear thermal expansion in homogeneous isotropic
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materials such as steel. The horizontal deformation observed at location A2 can be attributed to the following
engineering mechanisms:

¢ Axial movement due to thermal expansion: Due to the continuous and curved geometry of the bridge,
expansion is more pronounced at the free or semi-constrained ends (like A2), especially if the struc-
ture is supported by rollers or guided bearings.

e Lateral displacement due to abutment restraint: The transverse displacement occurs when the ex-
panding girder reaches the mechanical limit of its expansion joint, causing the structure to bear
against the abutment wall, which leads to a forced lateral redirection of the expansion vector.

e Support Configuration and Expansion Path: The deformation path is influenced by the location
and type of support. At abutments like A2, roller bearings allow longitudinal movement, but once
constrained laterally, this results in non-uniform deformation in the transverse plane.

To provide more context, Figure 8.15 shows a spatial deformation map across the entire bridge structure,
integrating GNSS data from all observation points. This comprehensive view shows gradients in both lon-
gitudinal and lateral displacements, highlighting how different segments of the bridge respond in varying
ways based on their proximity to expansion joints, piers, and fixed points. Systematic deformation patterns
confirm that thermal gradients and structural connections influence the overall horizontal deformation be-
havior.

Figure 8. 15 Bridge deformation in the horizontal plane for all measurement points

8.5. Validation of Deformation-Based GNSS Observation by FEA Simulations

In this study, two finite element simulation scenarios were developed and analyzed to assess the relia-
bility of GNSS-based displacement monitoring and to validate the numerical model of the bridge's structural
response. This section presents a comparison of the simulation results with observed GNSS deformation
data under two different boundary conditions.

(1) Case 1: Fixed-Based Assumption (Without Soil-Foundation Interaction).

In the first scenario, the bridge supports are modeled using a simplified fixed foundation assumption,
as shown in Figure 8.16. This approach assumes that the foundation system is perfectly rigid and prevents
any relative movement between the structure and the ground. While this model is easy to implement and
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computationally efficient, it does not account for the flexibility of the ground medium or the actual behavior
of the pile foundation system.

Floor plate, pavement,
piers, abutments
Concrete: 2.4t/m”3

Slab

Main Girder Structure
Steel: 7.85t/m"3

Right bank
(shore)
108 diaphragms and 54 horizontal
girders (placed at intervals
of approx. 5 m)

Figure 8. 16 Structural model for the Finite Element Analysis to validate the bridge behavior.

The fixed-base model typically underestimates displacements at the abutments and piers, particularly in
curved and continuous bridge structures where temperature-induced movements are significant. Conse-
quently, this assumption often leads to discrepancies between observed GNSS displacements and simulated
results, especially in the transverse and longitudinal directions.

(2) Case 1: Full Scale Model of Finite Element Analysis (FEA)

A necessary for conducting detailed and accurate finite element analysis (FEA) of bridges is the creation
of a high-fidelity, full-scale, three-dimensional (3D) structural model. In this study, Building Information
Modeling (BIM) was employed to build a comprehensive 3D model of the bridge, which was exported in
Industry Foundation Class (IFC) format. The IFC format serves as a standardized, interoperable data ex-
change format. It functions as a standardized, interoperable data exchange format and allows seamless inte-
gration with advanced FEA software such as DIANA FEA, as shown in Figure 16. The 3D model captures
the basic geometric, material, and structural properties of the bridge, ensuring that all critical components
are included in the simulation environment. The structural system of a bridge consists of the following
elements. Superstructure like concrete Slab, Twin Steel Box Girders, Diaphragm Bracing system (108 dia-
phragms), Horizontal Cross (54 cross girders). Substructure components such as Abutments and Piers.

(a) Material Properties for Fixed-Base Assumption Case.

In the fixed-base assumption scenario used in finite element analysis (FEA), the structural response of
a bridge is simulated without incorporating the effects of soil-structure interaction. To ensure the fidelity
and accuracy of the simulation results, appropriate material properties must be assigned to all structural
members in accordance with established engineering standards and actual design specifications.
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Table 8. 1 Material properties

Material Parameters Symbol Units
Young’s modulus E GPa 25
Poisson’s ration v 0.2
Mass density p Kg/m3 2400
Thermal Effect
Thermal expansion o /°C 1.0E-5
coefficient
Concrete
Heat flow
Conductivity W/m°C 2.7
Capacity J/m3°C 2.8+E6
Young’s modulus E GPa 210
Poisson’s ration v 0.3
Steel -
Mass density p Kg/m3 7850
Thermal expansion
coctficient o /°C 1.2E-6

The main materials considered in the model include reinforced concrete and structural steel, which are
commonly used in the construction of steel-concrete composite bridges. The detailed mechanical properties
applied to the simulations are shown in Table 8.1. These material definitions are crucial for simulation.

(b) Idealization of Boundary Conditions for Pile Caps and Abutments

In finite element modeling of bridge structures, an accurate representation of boundary conditions is
fundamental to obtaining realistic simulation results. In this study, the pile caps and the bottom of the abut-
ments were idealized as fixed supports. This modeling assumption is used in Fixed-Based Assumption sce-
narios, where the interaction between the substructure and the surrounding soils is ignored to simplify the
analysis. As shown in Figure 8.17, fixed support was implemented by fully constraining the translational
degrees of freedom: T1(Longitudinal direction), T2 (Transverse direction), and T3 (Vertical direction). This
constraint implies that no displacement occurs in any of the three global coordinate directions at the base of
the supports. The rigid connection to the ground effectively treats the abutments and pile caps as being
anchored into an infinitely stiff foundation.

: The Support are applied Fixed
Trandational(Tx, Ty, T2)

Figure 8. 17 Support
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(c) Modeling of Bearings Using Spring Elements

To accurately capture the boundary flexibility and load transfer characteristics at the superstructure and
substructure interface, the bridge bearings were modeled using spring elements with directional stiffness
characteristics. As shown in Figure 8.18 and detailed in Table 8.2, these spring elements simulate the elastic
behavior of the actual bearing system, controlling translational and rotational motion while resisting exces-
sive displacement under operational loads. From a structural engineering perspective, modeling the bearings
as spring supports provides a more realistic representation of the behavior of semi-rigid joints, especially in
long-span bridges where thermal expansion, creep, contraction, and dynamic loading can significantly affect
the structural response. The spring constants assigned in each direction reflect the mechanical stiffness of
the bearing system; Longitudinal (x) and Transversal (y) stiffnesses represent lateral resistance to traffic and
Seismic loads, Vertical(z) stiffness addresses vertical load bearing capacity, and Rotational Stiffnesses(Rx,
Ry, Rz) simulate the flexural and torsional resistance offered by the bearings. Therefore, this modeling ap-
proach also enables the simulation of differential displacements across supports, an essential factor in eval-
uating stress redistribution, bridge deck continuity, and expansion joint behavior.

Bearings are Idealized by
Spring Elements

Figure 8. 18 Springs
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Table 8. 2 Boundary conditions are idealized as springs.

S rt 7 i i : 5 . i
UPP? Direction Stiffness Value Unit Engineering Assumption
Location
X (Vertical) 106 MN/m FuIIY restrained vertically to simulate support against
vertical loads.
L Free in longitudinal direction to simulate thermal
Y (Longitudinal) ; ; :
- MN/ expansion (expansion bearing).
. m
Free in transverse direction to accommodate lateral
A2 & Al Z (Transverse)
movement.
Rx (Rotation about X) 106 MN/? Restrained to simulate bending stiffness.
Ry (Rotation about Y) Restrained to simulate rotational fixity.
Re (Rotation:about 2) 1.0 MN/® Free torsional rotation to allow minor twisting due to
thermal effects.
X (Vertical) Fully restrained vertically, simulating foundation fixity
Y (Longitudinal) 106 MN/m |Fixed longitudinally to provide axial stability.
Z (Transverse) Fixed transversely to resist lateral forces.
P4-P1 Rx (Rotation about X) - MN/? Rotational fixity against lateral bending.
Ry (Rotation about Y) Rotational fixity against longitudinal bending.
Rz (Rotation about 2) 1.0 MN/? Torsional. freedom tl.) accommodate deck warping or
thermal-induced twist.

(d) Load Considerations in Finite Element Analysis

The loads considered in this analysis are as follows:

Self-weight (DL): This load represents the self-weight of all permanent structural components of the
bridge, including the concrete deck, steel box girders, diaphragms, and piers. Dead load is automatically
calculated within the DIANA FEA software based on the defined material densities and geometries of
the modeled components. It forms the baseline gravitational force acting on the bridge and significantly
influences the design of both the superstructure and substructure.

Superimposed dead load (SDL): Superimposed dead loads are additional non-structural permanent loads
applied to the bridge after construction of the primary load-carrying system. These include the asphalt
concrete pavement, steel railings, parapets, barriers, and safety fences. In this analysis, the total SDL
was simplified and applied as a uniformly distributed line load of 50 kN/m along the longitudinal direc-
tion of the bridge deck.

Temperature load effect (Thermal Load Effect): Thermal loads can induce expansion or contraction in
the bridge components, leading to additional stresses if restrained. This phenomenon is particularly im-
portant in steel bridges due to the high coefficient of thermal expansion of steel.

(e) Discretization ( Meshing)

A mesh is a discrete representation of a larger geometric domain using smaller cells. Meshing is dividing

continuous geometry into discrete elements in order to solve the structural behavior by FEA. In this study,
a full-scale 3D bridge model was meshed in DIANA FEA using the HEX/SQUAD element type and a mesh
size of 700 mm. Hexahedral elements were used to capture stress and displacement fields with greater ac-

curacy, while SQUAD elements were used in geometrically complex regions. Figure 8.19 shows a mesh
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configuration that balances computational efficiency and modeling accuracy, especially in regions where
stress concentrations and structural interactions are likely to occur.

Meshing type: Hex/Quad
D.O.F: Approx. 2.2 million

Steel Box Girder

Figure 8. 19 Discretization

() Analysis type

In this study, nonlinear 3-D finite element analyses were performed to understand the complex behavior
of material nonlinearities and boundary interactions, which are important in large-scale bridge structures, as
shown in Table 8.3. Solid elements were employed for the model, which can accurately simulate volumetric
stresses and strains under service and extreme loading conditions. A mesh size of 700 mm was selected to
ensure a balance between computational cost and result accuracy, and a combination of hexahedral and
quadrilateral elements was used to match the geometric complexity of the bridge. The final model achieved
approximately 2.2 million degrees of freedom, reflecting the detailed discretization required for high-fidel-
ity simulations.

Table 8. 3 Analysis type
Name Type
Analysis Non-Linear
Dimension 3- Dimension
Element Solid
Mesh size 700 mm
Mesh Type Hex/Quad
D.O.F Aprox. 2.2 million
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(g) Validation Results: Deformation-Based GNSS Observations vs. FEA under Fixed-Based Assumption

The numerical validation process compares Finite Element Analysis (FEA) results with GNSS-based
displacement observations, assuming a Fixed-Based Assumption (soil-structure interaction is ignored)
over two conditions: before and after bridge collision.

e Before Collision Scenario

In the scenario prior to the bridge collision, FEA results under fixed-base conditions revealed a temper-
ature-induced displacement pattern that deviates significantly from GNSS-observed trends during non-sum-
mertime, as shown in Figure 8.20. This inconsistency suggests that thermal responses captured by the FEA
model may not fully reflect the boundary conditions and actual structural behavior, particularly due to the
idealized fixed support assumption. Temperature-induced effects in real bridges are influenced by boundary
flexibility and substructure-soil interaction, which are simulated in this case, potentially leading to underes-
timation or misrepresentation of true displacement responses.
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Figure 8. 20 Before collision

e After Collision Scenario

Post-collision simulation results also showed inconsistencies with GNSS data collected during the sum-
mer time, as shown in Figure 8.21. Deviations in the observed displacement patterns could be attributed to
changes in boundary conditions and stiffness distributions due to the collision accident that are not fully
captured by the fixed-base model. This highlights the limitations of ignoring soil-foundation interactions,
especially when load paths and structural stiffnesses change due to structural damage or system nonlineari-
ties. This mismatch emphasizes the importance of incorporating realistic boundary conditions to accurately
simulate actual bridge behavior.
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Figure 8. 21 After Collision

(3) Case 2: Soil-Foundation Interaction Included

The second scenario incorporates soil-structure interaction (SSI) into the finite element model to more
realistically represent boundary conditions. Instead of assuming rigid support, this model includes:

e Pile Foundation Systems: Bridge substructures are supported by pile foundations modeled with ap-
propriate stiffness and nonlinear behavior to reflect axial, lateral, and rotational resistance.

e Pile—Soil Interface Parameters: Interface elements are implemented along the pile shafts to simulate
slippage, separation, and load transfer characteristics. These are defined using appropriate normal
and tangential stiftness coefficients based on geotechnical data.

e Pile tip interaction: The bearing behavior of the pile tip is included by specifying the end bearing
stiffness, which is essential for understanding the vertical load transfer mechanism.

e Surface interface parameters: The contact surface between the pile tip and the soil boundary is mod-
eled to reflect the potential for interaction due to differential pressure settlement and load redistri-
bution.

e Soil stratigraphy and layer properties: The ground is modeled using multiple layers with distinct
mechanical properties such as elastic modulus (E), Poisson's ratio (v), cohesion (¢), internal friction
angle (¢), and unit volume weight (y). These parameters are derived from detailed geotechnical
investigations, including borehole profiles and laboratory tests.

These parameters are incorporated in order to simulate the realistic behavior of the bridge under thermal
fluctuations.

(a) Full-Scale Finite Element Analysis (FEA) Model with Soil-Foundation Interaction

In order to realistically simulate the structural behavior of bridges, a full-scale finite element analysis
(FEA) model incorporating soil-foundation interaction (SFI) was developed. This advanced modeling tech-
nique includes a detailed representation of pile foundations and reproduction of layered soil layers, capturing
the geotechnical profile of the site as demonstrated in Figure 8.22.
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Unlike the fixed support assumption, this model takes into account the relative flexibility and interaction
between the foundation elements and the surrounding soil. Based on soil investigation data, key parameters
such as the interface characteristics between the piles and the soil, the support conditions at the pile tips,
and the soil stiffness of each layer were defined. This level of detail enables more accurate simulation of
boundary conditions and load transfer mechanisms. By incorporating SFI, the model captures critical as-
pects of bridge behavior under service loads and environmental effects, such as temperature-induced defor-
mations, more realistically

Gravel Sand
Grave! Comacted San

Figure 8. 22 Full-scale model

(b) Soil Properties and Subsurface Stratigraphy

A comprehensive geotechnical investigation was conducted to evaluate the foundation conditions sup-
porting the bridge. The soil consists of five different soil layers, each with its unique mechanical properties
as demonstrated in Table 8.4. Specifically, these are sand (AS1), clay (Ac), silty sand (Dscl), gravelly sand
(Dsc2), and dense gravelly compacted sand (Dsg). These layers were modeled using the Mohr-Coulomb
failure criterion, which is suitable for simulating the elastic-plastic behavior of soil materials under varying
load conditions.
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Table 8. 4 Soil Properties

Layer

Layer 3_Sandy Layer 4_ Gravel 5_Gravelly

Layer 1 Layer 2

Soil P t Symbol it Silt
ol Farameters  Symuols  uni _Sand(AS1) _Clay(Ac) i sand Soil(Dsc2) compacted
Sand(Dsc1)
sand (Dsg)
Young’s modulus E MPa 47.14 43.50 285.63 397.18 554.18
Poisson’s ratio v 0.3 0.45 0.3 0.28 0.27
Saturated soil
T, 1. 1.5 1. 2. 2:2
density P I 6 8 0
Yield type Mohr-Coulomb Mohr-Coulomb Mohr-Coulomb Mohr-Coulomb Mohr-Coulomb
Cohesion c MPa 0 0.01 0 0 0
Friction Angle o) ° 30 15 30 38 42
Dilatancy angle @ ° 0 0 0 15 0
Lateral pressure ratio KO 0.50 0.74 0.50 0.29 0.29

Furthermore, as shown in Figure 8.23, the bridge pier foundations consist of 12 concrete piles with a
diameter of 700 mm and a length of 51 meters, extending through the soft upper layer to the deep dense
sand layer (Dsg layer) to ensure sufficient tip bearing capacity and lateral friction. According to the N-value
profile (standard penetration test), hardness and strength increase in depth, avoiding soft soil layers, sup-
porting the rational use of deep foundations to utilize the resistance of the dense layer. The integration of
this stratified soil profile into the full-scale FEA model enhances the accuracy of simulating soil—structure
interaction effects on the bridge.

N-value
0 50
- ¥ E T
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e Concrete
n Ac pile foundation
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l ]
Disg

Figure 8. 23 Subsurface Stratigraphy

(c ) Pile Parameters

165



The pile parameters used in this study are summarized in Table 8.5(a), (b), (c), and (d). These include
the interface characteristics of the pile shaft, pile tip, and surrounding soil. These parameters are essential
for accurately simulating the interaction between the pile and the soil and predicting the structural response

of the bridge.

Table 8. 5(a) Pile Interface

Pile Interface

Parameters Symbols Unit
Stiffness modulus normal to pile Kn kN/m3
Shear stiffness modulus along the pile Kt kN/m3
Shaft interface failure model
Maximum shear force per length of pile kN/m
Shaft interface normal stiffness
Table 8. 5(b) Pile Tip Parameters
Pile Tip Parameters
Parameters Symbols Unit
Stiffness modulus normal to pile Kn kN/m3
Shear stiffness modulus along the pile Kt kN/m3
Shaft interface failure model
Maximum shear force per length of pile kN/m

Shaft interface normal stiffhess

Table 8. 5(c) Surface Interface Parameters of pile tip
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Bending pile
1.0e+10
1.0e+07
Ultimate shear force/ length

1.0e+08
Linear

Bending pile
1.0e+10
1.0e+07
Ultimate shear force/ length

1.0e+08

Linear



Surface Interface Parameters of pile tip

Parameters

Normal stiffness modulus in pile direction | En

Shear stiffness modulus normal to pile
Pile tip failure model

Ultimate pile tip resistance force

kN/m

kN/m

kN

Pile Tip
1.0e+06

1.0e+05

kN/m

kN/m

Ultimate resistance force

500

Geometrical properties of the pile

Table 8. 5(d) Surface Interface Parameters of Soil

Section A-A

Diameter: 700mm

Surface Interface Parameters of Soil

Parameters
Normal stiffness modulus
Normal stiffness modulus

Model type

Cohesion
Friction angle
Dilatancy angle
Interface opening model

Maximum compressive stress

(d) Soil-Foundation Interaction Meshing

Kx=Ky

¢

Nonlinear soil bedding
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Unit

kN/m3

kN/m3

kN/m2

kN/m2

3D surface inter-
face
1.0e+05
1.0e+04
Coulomb friction
0
30

0

200



The mesh configuration of the soil-foundation interaction model is shown in Figure 8.24. To ensure
geometric fidelity and convergence efficiency in finite element analysis (FEA), a structured mesh with an
average element size of 700 mm and a hexahedral/tetrahedral (Hex/Quad) mesh type was used for the bridge
superstructure and foundation structure. This mesh size provides a balance between computational effi-
ciency and the resolution required to capture stress gradients and displacement fields, especially in regions
of load transfer such as pier-deck junctions and pile heads.

An 8-segment discretization method was adopted for the surrounding soil area, and hexahedral/quadri-
lateral elements were used. This meshing strategy enables accurate modeling of stress propagation and set-
tlement behavior within soil blocks. Hexagonal elements are particularly well-suited for capturing the non-
linear stress-strain response of soil in 3D analysis, as they offer superior numerical performance compared
to tetrahedral elements. The resulting model has over 2.2 million degrees of freedom (DOF) and reflects the
high resolution necessary to reliably simulate complex soil-structure interaction effects on the bridge body.
The large DOF count enables accurate capture of local and global deformations to simulate realistic behavior

conditions of the bridge.
T

Gravel San

Model with Piles (1

Gravel Comgacted Sand Layer

«  Sze: 700mm
+ Type: HeyQuad
o Soil meshing:
» Sze:8divisons
+ Type: He/Quad
o DO.F:Morethan 2.2 million

Figure 8. 24 Discretization/ Meshing

(e ) Validation of Bridge Displacement: GNSS Observations vs. FEA with Soil-Foundation Interaction

To verify the developed finite element analysis (FEA) model, displacement data based on deformation
obtained from global navigation satellite system (GNSS) monitoring and numerical simulation results con-
sidering soil-foundation interaction (SFI) were systematically compared as shown in Figures 8.25 and Fig-
ure 8.26. Two behavioral cases were considered: (i) the Before collision case, where bridge components are
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free to expand and contract, and (ii) the Afier-collision case, where thermal expansion leads to physical
contact with structural boundaries (e.g., abutments), inducing constrained behavior.

In both cases, the bridge exhibited periodic deformation patterns with amplitudes and trends that cor-
relate strongly with seasonal temperature fluctuations. The GNSS data revealed the temporal evolution of
structural displacement with high accuracy, particularly in the longitudinal and transverse directions.

A particularly important engineering point is the observation that abnormal lateral deformation occurs
in the superstructure. This phenomenon is believed to be caused by the longitudinal expansion of the bridge
exceeding the initial design gap between adjacent structural elements (e.g., finger joints and abutment clear-
ances). Once this threshold is exceeded, the interaction forces caused by the restraint effect induce lateral
deformation, which becomes particularly pronounced during thermal expansion in summer.

By incorporating the interaction between the soil and the foundation into a finite element analysis (FEA)
model, it has become possible to accurately simulate this coupled behavior. The interaction between the
substructure and the surrounding soil plays an important role in constraining or redirecting movement, es-
pecially under loads caused by temperature changes. Horizontal deformation of the foundation system is
transmitted to the superstructure, resulting in orthogonal displacement components that tend to be underes-
timated in simplified models.

Therefore, the adoption of Soil Foundation Interaction(SFI) significantly improves the predictive accu-
racy and physical reality of FEA models. This makes it possible to reproduce complex boundary conditions
and constraints that are essential for understanding the actual behavior of bridge structures. This demon-
strates that SFI modeling is an essential element in developing reliable digital twin systems for structural
health monitoring and lifecycle bridge management.
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Figure 8. 25 Case before Collision
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8.6. Conclusions

This study successfully developed and validated a robust Operational Digital Twin (DT) framework for
continuous displacement monitoring of continuous curved steel bridges by integrating high-precision GNSS
observations and finite element analysis (FEA) within a Building Information Modeling (BIM) environment.
Through the synergistic integration of monitoring, estimation, and physical verification, the proposed frame-
work demonstrates its capability to function as a reliable engineering system rather than a static digital
representation. The main conclusions of this study are summarized as follows:

1.  Realization of an operational digital twin for complex bridge structures

A high-fidelity digital twin of a continuous curved steel bridge was successfully constructed using
BIM, demonstrating its effectiveness in representing complex geometries and serving as a founda-
tional platform for integrating real-time sensor data and numerical simulations. The parametric mod-
eling strategy employing Generic Models and Adaptive Component Families, supported by Dynamo,
proved essential for accurately capturing the geometric and structural characteristics of curved super-
structures and substructures. This modeling approach establishes a scalable basis for operational de-
ployment in real bridge environments.

2.  High-precision monitoring of complex displacement behavior using GNSS

By implementing a multi-point GNSS monitoring system, the proposed framework effectively cap-
tured the three-dimensional displacement behavior of a curved bridge over a long-term observation
period. Continuous monitoring over 436 days revealed clear diurnal and seasonal displacement pat-
terns induced by temperature variations. In particular, curved bridge geometry amplified longitudinal
displacements—reaching up to 43.6 mm at the abutment—and lateral movements of up to 10.9 mm,
highlighting the necessity of three-dimensional, high-precision monitoring for such structures.

3. Robust BIM-FEA interoperability and physical verification
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A seamless interoperability workflow between BIM (Revit) and FEA (DIANA FEA) was successfully
implemented using IFC-based data exchange. This workflow enabled the generation of high-resolu-
tion numerical models capable of simulating bridge responses under realistic loading conditions. Fo-
cusing on temperature-induced behavior, systematic comparisons between GNSS-observed displace-
ments and FEA-predicted deformations confirmed that the numerical model accurately reproduced
actual structural responses. This physical verification process significantly enhances confidence in
the predictive reliability of the digital twin.

4. Advancement of data-driven bridge management under operational conditions

The integrated DT framework provides a practical foundation for proactive bridge management by
combining continuous monitoring with physics-based validation. The ability to distinguish tempera-
ture-induced displacements from load-related responses enables engineers to assess thermal fatigue,
evaluate the performance of expansion joints, and support maintenance decision-making based on
verified structural behavior. This data-driven approach contributes directly to improving the resilience,
safety, and long-term durability of critical bridge infrastructure.

5.  Addressing research gaps for curved bridge applications

The successful application of the proposed framework to a continuous curved steel bridge addresses
a significant research gap in digital twin—based structural health monitoring. Curved bridges, char-
acterized by complex geometries and boundary conditions, pose challenges to conventional SHM
approaches. The results demonstrate that the proposed framework is well suited to such structures
and provides clear advantages over traditional monitoring methodologies.

Overall, the incorporation of a physical verification layer substantially enhances the engineering relia-
bility of the proposed approach. These results demonstrate that the proposed framework functions not
merely as a digital representation, but as an Operational Digital Twin capable of integrating monitoring,
estimation, and physical validation for engineering decision-making.
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9. Discussions and Conclusions

9.1.Summary of Findings

This dissertation presented a practical and engineering-oriented framework for an operational digital
twin of bridge infrastructure, designed to function under uncertain and noisy monitoring environments.
Starting from the limitations of conventional digital twin implementations that primarily emphasize visual-
ization and data integration, this research redefined the digital twin as a dynamic cyber—physical system
capable of state estimation, physical verification, and decision support. Through a structured progression
from conceptual definition (Chapter 1), critical review of related work (Chapter 2), and framework design
(Chapter 3), the proposed approach was demonstrated at both asset and system levels using real-world
bridge and traffic management applications (Chapters 4 and 5). Furthermore, the effectiveness of the oper-
ational digital twin under abnormal and emergency conditions was illustrated through a post-accident bridge
case study (Chapter 6), followed by robust state estimation using data assimilation and machine learning
techniques (Chapter 7) and physical verification through finite element analysis (Chapter 8). Collectively,
these chapters establish a coherent digital twin framework that advances bridge infrastructure management
from descriptive monitoring toward reliable, uncertainty-aware decision support.

9.2. Contributions to Knowledge

This dissertation makes several technical contributions to the development of an operational digital twin
framework for bridge infrastructure under uncertain monitoring environments. The primary contribution
lies in the systematic integration of monitoring, state estimation, and physical verification into a unified
cyber—physical architecture, enabling the digital twin to function as an engineering decision-support system
rather than a visualization-oriented information model:

1. This research established a robust displacement estimation framework for bridges based on GNSS
observations by combining probabilistic data assimilation and machine learning techniques. By ex-
plicitly addressing the uncertainty, noise, and non-stationary characteristics inherent in long-term
GNSS displacement data, the proposed approach enables stable and reliable estimation of structural
states, even under abnormal and post-accident conditions. This contribution advances GNSS-based
structural health monitoring from raw data interpretation toward uncertainty-aware state inference
within a digital twin environment.

2. This dissertation introduced finite element analysis (FEA) as a physical verification layer within the
digital twin framework. Unlike conventional digital twin implementations that rely solely on data-
driven outputs, the proposed framework evaluates whether the estimated structural responses are
consistent with fundamental principles of structural mechanics. This verification process prevents
physically implausible interpretations and enhances the engineering reliability of the digital twin,
particularly in safety-critical infrastructure applications.

(98]

The research demonstrated the effective integration of Building Information Modeling (BIM) as a
semantic and geometric backbone for operational digital twins of bridge infrastructure. BIM was
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not treated merely as a static geometric model, but as an interoperable platform that links monitoring
data, analytical models, and simulation results across different lifecycle stages. This integration en-
abled seamless transitions between visualization, analysis, and decision support, reinforcing the op-
erational nature of the proposed digital twin.

4. The proposed framework extended the scope of digital twins from asset-level structural monitoring
to system-level applications, including traffic management and environmental impact assessment.
By incorporating traffic simulation and policy evaluation within a digital twin environment, this
dissertation demonstrated how infrastructure digital twins can support evidence-based decision-
making beyond individual structures, contributing to broader transportation system management.

Collectively, these contributions redefine the role of digital twins in bridge infrastructure management
by embedding uncertainty-aware estimation and physics-based verification into their core architecture. The
proposed operational digital twin framework provides a foundation for more reliable, scalable, and decision-
oriented digital twin applications, bridging the gap between monitoring technologies, analytical modeling,
and practical infrastructure management.

9.3. Limitations of the Proposed Framework

Despite the demonstrated effectiveness of the proposed operational digital twin framework, several lim-
itations remain and should be acknowledged. First, the reliability of state estimation strongly depends on
the quality, spatial configuration, and continuity of monitoring data. Although the framework explicitly ac-
counts for uncertainty and noise in GNSS observations, sparse sensor deployment or data outages may re-
duce estimation accuracy, particularly for complex structural behaviors.

Second, the current implementation assumes that finite element models reasonably represent the struc-
tural system and boundary conditions. In practice, uncertainties in material properties, boundary conditions,
and structural deterioration may lead to discrepancies between simulated and actual responses. While the
proposed physical verification layer enhances reliability, model updating and parameter calibration remain
challenges, especially for long-term operation.

Third, the computational cost associated with data assimilation, machine learning, and finite element
analysis limits the real-time applicability of the framework. Although suitable for offline or near-real-time
assessment, full real-time operation may require further optimization, model reduction, or cloud-based com-
putation strategies.

Finally, the generalizability of the proposed framework has been validated through selected bridge types
and case studies. Application to a wider range of bridge forms, loading conditions, and environmental con-
texts will require additional verification and adaptation, particularly when transferring the framework to
different geographic or operational settings.

These limitations highlight that the proposed framework represents a foundational step toward fully
autonomous and scalable operational digital twins rather than a finalized solution.
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9.4. Future Research Directions

Building upon the findings and limitations identified in this dissertation, several directions for future
research are envisioned to further advance operational digital twin technologies for bridge infrastructure
management. A primary direction involves the integration of multi-sensor data to enhance robustness and
observability. Combining GNSS measurements with complementary sensing modalities such as accelerom-
eters, inertial measurement units (IMUs), vision-based monitoring, and fiber-optic sensors would enable
more comprehensive characterization of structural behavior and improve state estimation under diverse op-
erational conditions.

Another important direction is the development of adaptive and automated model updating mechanisms.
While this dissertation employed finite element analysis as a physical verification layer, future work should
focus on coupling data assimilation results with automated parameter updating to continuously refine struc-
tural models. The incorporation of artificial intelligence and Bayesian inference techniques may enable self-
updating digital twins that adapt to long-term structural changes, damage progression, and environmental
effects.

Scalability and real-time operation also represent critical challenges for future research. Advancements
in reduced-order modeling, surrogate modeling, and cloud-edge hybrid computing architectures could sig-
nificantly reduce computational costs, allowing operational digital twins to function in near-real-time. Such
developments are essential for practical deployment in emergency response, rapid post-event assessment,
and continuous infrastructure management.

Furthermore, extending the proposed framework from individual bridges to network-level infrastructure
systems present a promising research path. Integrating multiple asset-level digital twins into a unified plat-
form would enable system-level optimization, risk prioritization, and coordinated maintenance planning
across transportation networks. This extension would support evidence-based policy-making for infrastruc-
ture agencies and local governments.

Ultimately, future research should aim toward fully autonomous operational digital twins that seam-
lessly integrate sensing, estimation, verification, and decision-making processes. Such systems have the
potential to transform bridge infrastructure management by enabling proactive maintenance, enhanced re-
silience, and data-driven governance in increasingly complex and uncertain environments.
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Appendices

Appendix 1: Contextual Background, Motivation, and Research Framework

1.1 Background

Infrastructure is the backbone of modern society, supporting economic growth, social connectivity, and
public safety. Among transportation networks, bridges are particularly critical; their structural integrity and
operational efficiency directly affect mobility, commerce, and safety. However, bridges are increasingly
challenged by aging, higher traffic loads, environmental exposure, and insufficient monitoring and mainte-
nance strategies [ 1-4]. These factors accelerate deterioration, posing safety risks, operational inefficiencies,
and significant economic burdens.

This challenge is particularly acute in developed countries. In Japan, much of the infrastructure con-
structed during the high-growth period of the 1960s and 1970s is approaching or exceeding its design service
life. Over 40% of Japan’s approximately 730,000 bridges are more than 50 years old, with projections ex-
ceeding 60% by 2030 [5, 6]. In response, the Ministry of Land, Infrastructure, Transport and Tourism
(MLIT) has shifted from reactive to preventive maintenance, implementing a nationwide inspection cycle
every five years and promoting advanced technologies, including sensor-based monitoring, Digital Twins
(DTs), and artificial intelligence, to support condition-based maintenance and service-life extension [7].

Aging infrastructure is similarly pressing worldwide. In Europe, a large portion of bridges and high-
voltage transmission lines exceeds 40 years of age, and investment gaps constrain modernization efforts,
threatening resilience and operational efficiency [8—11, 27]. In Germany, approximately 4,000 bridges re-
quire urgent modernization, with recent collapses underscoring the consequences of deferred maintenance
[9]. In the United States, over 617,000 bridges exist, 42% of which are over 50 years old, and 7.5% are
structurally deficient. Addressing a $125 billion repair backlog requires increasing annual bridge spending
from $14.4 billion to $22.7 billion to prevent further deterioration [12].

Conventional infrastructure management, dominated by periodic inspections and reactive maintenance,
is increasingly inadequate. These methods provide only static snapshots, often overlooking hidden damage,
ignoring dynamic environmental loads, and offering limited predictive insight into degradation pathways.
Such limitations are manifested at two interconnected levels:

= Asset level: Individual bridges must maintain safety, serviceability, and durability. Traditional
lifecycle management often fails to detect early signs of damage or deformation, leaving struc-
tures vulnerable to unexpected failures, as evidenced in our case study of the 2018 Prutt Truss
Bridge collision in Yamaguchi Prefecture, Japan.

= System level: Infrastructure operates as an interconnected urban system. Rapid urbanization,
as seen in cities like our case study in Dili of Timor-Leste, produces traffic congestion, air
pollution, and cascading failures that traditional siloed management cannot efficiently address.
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Effective infrastructure management requires understanding interactions between capacity, de-
mand, and environmental impact.

Digital Twin (DT) technology provides a transformative solution to these challenges. A DT is a dynamic,
virtual representation of physical assets continuously synchronized with real-world data. In civil infrastruc-
ture, DT enables real-time monitoring, predictive maintenance, and performance optimization, bridging the
gap between observed structural conditions and actionable decision-making. It is essential to distinguish
between two foundational concepts used throughout this dissertation: Monitoring and the Digital Twin
(DT). Monitoring refers to the collection and recording of physical sensor data—such as GNSS, LVDT,
temperature, or accelerometer measurements—used to observe structural behavior in real time. By contrast,
a Digital Twin is a dynamic, data-driven virtual counterpart of a physical bridge that continuously synchro-
nizes real-world monitoring data with simulation models (BIM, FEA) and data-driven analytics (machine
learning). A DT not only represents the current physical state but also enables prediction of future behavior
and decision support for lifecycle management. When integrated with Building Information Modeling
(BIM), the Internet of Things (10T), and artificial intelligence (Al), the paradigm of Construction 4.0, DT
allows simulation of structural responses, prediction of degradation pathways, optimized maintenance
scheduling, and assessment of environmental impacts across entire infrastructure networks [13—17, 26].

Within the Architecture, Engineering, and Construction (AEC) sector, BIM is the most widely adopted
form of DT, supporting planning, design, construction, operation, and maintenance of bridges, tunnels, and
road networks. BIM enhances stakeholder collaboration, improves lifecycle performance, and facilitates
data-driven decision-making [16, 18, 19]. For bridges, which experience complex, time-dependent loads
from traffic, environmental fluctuations, and operational use, DT enables continuous monitoring of dis-
placements and deformations, early anomaly detection, and informed maintenance planning, directly miti-
gating risks associated with aging infrastructure [20—25]. In addition to asset-level benefits, DT supports
system-level management by enabling integrated analysis of urban infrastructure networks. Traffic simula-
tions, performance evaluations, and environmental impact assessments can inform proactive interventions,
optimize resource allocation, and enhance resilience. This holistic approach addresses both localized struc-
tural safety and the broader operational and environmental performance of transportation networks. To il-
lustrate the connection between infrastructure challenges, conventional limitations, and the role of DT so-
lutions, Figure 1.1 presents the conceptual framework guiding this research. Infrastructure deterioration is
driven by aging, higher traffic loads, and environmental exposure, creating vulnerabilities that conventional
management approaches, such as periodic inspections and reactive maintenance, cannot adequately address.
These limitations result in static and fragmented decision-making. By contrast, Digital Twin—based solutions,
integrated with Building Information Modeling (BIM), Finite Element Analysis (FEA), Internet of Things
(IoT), and Artificial Intelligence (Al), enable real-time monitoring, predictive maintenance, and holistic
optimization. Together, these tools form a proactive and data-driven strategy for infrastructure lifecycle
management.

In summary, aging infrastructure worldwide highlights the urgent need for a paradigm shift from reac-
tive, fragmented practices to predictive and integrated strategies. Digital Twin technology offers this path-
way, bridging asset-level monitoring and system-level optimization, and ultimately supporting the sustain-
able and resilient management of critical infrastructure.
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Figure 1. 4 Conceptual framework linking infrastructure deterioration, conventional management lim-
itations, and Digital Twin solutions

1.2. Motivation

The motivation for this research arises from the urgent need to address the challenges posed by aging,
increasingly complex infrastructure, and the limitations of conventional management practices. As estab-
lished in the background, bridges and transportation networks worldwide are deteriorating under the com-
bined pressures of age, increased traffic loads, and environmental exposure. Conventional approaches rely-
ing on periodic inspections and reactive maintenance provide only fragmented, static insights into infra-
structure conditions. This situation necessitates a paradigm shift toward proactive, predictive, and integrated
strategies.

Digital Twin (DT) technology offers transformative potential to enable this shift. By creating dynamic,
continuously updated virtual representations of infrastructure assets, DT integrates real-time monitoring,
predictive analytics, and lifecycle management into a unified framework. The convergence of high-precision
Global Navigation Satellite System (GNSS) monitoring, Building Information Modeling (BIM), advanced
Finite Element Analysis (FEA), and intelligent data analytics provides an unprecedented opportunity to
overcome the fragmentation of current practice.

The core motivation of this research is therefore to develop, apply, and validate a unified and scalable
Digital Twin framework that addresses challenges at both the asset level and the system level of infrastruc-
ture management. At the asset level, the research seeks to create robust DTs for structural health monitoring
(SHM), enabling continuous assessment of safety, serviceability, and durability. At the system level, it aims
to extend DTs to urban-scale applications, integrating transportation dynamics, environmental impacts, and
infrastructure performance into a holistic decision-making platform.
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The technological and methodological drivers of this research can be grouped as follows:
> Asset-Level Drivers

¢ High-Fidelity Representation (BIM): Digital Twins require robust geometric and semantic founda-
tions. BIM provides this capability by creating detailed, data-rich models that serve as living digital
replicas throughout the asset lifecycle.

¢ Real-Time Sensing and Anomaly Detection (GNSS): Continuous, high-precision GNSS monitoring
captures true structural responses, including displacements, thermal deformations, and post-acci-
dent changes, enabling anomaly detection beyond the capacity of visual inspections.

¢ Robust Data Processing (EnKF / RF): Raw GNSS data is inherently noisy. Advanced filtering (e.g.,
Ensemble Kalman Filter) and machine learning algorithms (e.g., Random Forest) are essential for
extracting reliable structural responses and identifying unexpected anomalies.

¢ Physics-Based Validation (FEA with SSI): Predictive capability requires validation against physical
principles. FEA, including Soil-Structure Interaction (SSI), ensures DTs accurately reflect real-
world structural behavior under complex loading conditions.

» System-Level Drivers

e Holistic Simulation: Infrastructure does not operate in isolation but as part of interconnected urban
systems. Integrative simulation tools are required to analyze the interplay of traffic dynamics, in-
frastructure performance, and environmental impacts, supporting evidence-based planning and pol-

icy.

Thus, the motivation for this research lies in bridging the gap between emerging digital technologies
and their practical application to infrastructure lifecycle management. By unifying BIM, GNSS, FEA, and
advanced analytics in a validated DT framework, this work seeks to deliver transformative tools for both
engineers and policymakers.

1.3. Problem Definition

Despite growing interest in the importance of data-driven proactive infrastructure management, a sig-
nificant gap persists between the potential of digital technologies and their actual application in civil engi-
neering practice. Current approaches remain fragmented, reactive, and lack in integration, limiting their
effectiveness in addressing the growing challenges posed by aging infrastructure. This study identifies three
interrelated core challenges:

e Integration Challenges at the Asset Level

At the individual structure level, management workflows remain fragmented. While BIM is widely
adopted during design and construction, it is rarely leveraged as a dynamic, living model throughout the
entire lifecycle. Similarly, even when collected, SHM data is often stored in isolated silos, disconnected
from the asset's digital representation. Consequently, there is no unified, reliable source of information
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regarding structural condition, making it difficult to verify performance, detect anomalies, or confidently
predict deterioration.

e System-Level Scale Problem

Infrastructure extends beyond individual assets to entire urban systems. Yet, current tools are unable to
analyze these broader interactions in an integrated manner. For example, traffic congestion both contributes
to and results from infrastructure performance, with significant impacts on mobility and environmental
quality. The absence of scalable frameworks capable of modeling and simulating these dynamics prevents
policymakers from designing effective, evidence-based interventions.

e Data-to-Decision Problem

The adoption of high-precision sensors such as GNSS produces vast and complex datasets. However,
this data is inherently noisy and cannot be directly translated into actionable insights. Current monitoring
methods are often limited to tracking expected behavior and lack robust mechanisms for detecting unex-
pected anomalies that may signal emerging structural problems. The challenge lies in transforming raw data
into reliable, actionable information for real-time decision-making. Taken together, these challenges reveal
the absence of a unified, validated, and scalable DT framework that integrates BIM-based modeling, GNSS
monitoring, and FEA simulation. Without such a framework, infrastructure management remains reactive,
fragmented, and insufficiently predictive, limiting the ability to ensure safety, extend service life, and opti-
mize system performance. These challenges demonstrate the absence of an integrated methodology capable
of merging sensing technologies (GNSS), digital representation (BIM), numerical simulation (FEA), and
advanced analytics (EnKF/RF) into a unified Digital Twin framework. This gap leads directly to the research
question addressed in this dissertation.

1.4. Research Gap

Recent research highlights the growing application of Digital Twin (DT) concepts in civil infrastructure for
bridge management, structural health monitoring (SHM), and transportation systems [13—19]. BIM-based
DTs have been widely adopted for lifecycle documentation and visualization [16,18,19], while sensor-based
monitoring methods, including GNSS, have demonstrated potential for long-term displacement measure-
ment of large-scale structures [21-25]. Finite Element Analysis (FEA also remains a fundamental tool for
physics-based evaluation of structural performance [22,27].

Despite these advances, existing studies predominantly address these components in isolation. BIM models
are typically static and weakly coupled with real-time monitoring data, SHM systems often operate inde-
pendently of digital representations, and FEA is commonly applied offline rather than as an active compo-
nent of a live DT framework [16,19]. Furthermore, although GNSS monitoring enables continuous displace-
ment observation, its practical application is constrained by noise, environmental sensitivity, and limited
use of robust data assimilation and machine learning techniques for anomaly detection and decision support
[21-23,25].

In addition, most DT implementations remain focused on the asset level, with limited extension to system-
level analysis integrating bridge performance, traffic dynamics, and environmental impacts, which are
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essential for urban-scale infrastructure management and policy-making [20,26]. Consequently, a validated,
unified, and scalable Digital Twin framework integrating BIM-based digital representation, GNSS-based
displacement monitoring, data-driven estimation methods, and physics-based FEA—capable of supporting
both asset-level SHM and system-level transportation analysis—remains absent from the current literature.
Addressing this gap constitutes the central contribution of this research.

1.5. Core of Research Question

How can a digital twin framework integrating BIM, GNSS-based displacement monitoring, data-driven
estimation methods, and finite element analysis (FEA) enhance the accuracy, efficiency, and decision-mak-
ing capabilities of long-term bridge structural health monitoring and transport system analysis?

1.6. Research Hypothesis

A digital twin integrating BIM modelling, GNSS-based displacement monitoring, data assimilation
techniques (extended Kalman filter), machine learning-based estimation (random forest), and physics-based
finite element method simulation:

1. Improve displacement estimation accuracy by reducing noise and environmental bias.

2. Enable earlier identification of structural anomalies through synchronized comparison of measured
and simulated behavior.

3. Facilitate improved decision-making for bridge management by integrating structural and system-
level traffic analysis; and

4. Provide more comprehensive lifecycle insights than conventional monitoring approaches.

The results presented in subsequent chapters support this hypothesis by demonstrating the enhanced
performance of the integrated DT workflow in both structural and transportation applications.

1.7. Research Aim and Objectives

The core aim of this study is to develop and validate a digital twin-based structural health monitoring
(SHM) framework integrating Building Information Modelling (BIM), Global Navigation Satellite System
(GNSS) displacement monitoring, data-driven estimation techniques, and finite element analysis (FEA),
thereby enhancing the long-term performance evaluation of bridges and the assessment of transport systems.

This aim arises from identified research gaps: Existing monitoring systems are often operated in isola-
tion, lacking the capability to establish a unified operational environment integrating real-time sensing,
physics-based simulation, and predictive analytics. As emphasized in the preceding section, this constraint
limits the ability of current structural health monitoring (SHM) methodologies to support preventive mainte-
nance, anomaly detection, fault tolerance assessment, and system-level decision-making.
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» Research Objectives

To address the research, aim and respond to the core questions, the dissertation established the following
specific objectives:

Objective 1: Develop a BIM-based Digital Representation of Bridge Structures

e Create a high-fidelity BIM model that captures geometric, material, and structural attributes of the
bridge.

o Establish data interoperability pathways between BIM, GNSS, and FEA environments.
Objective 2: Implement a GNSS-Based Real-Time Monitoring System

o Deploy GNSS sensors to measure long-term displacement of bridges under environmental and load-
ing conditions.

o Characterize noise, drift, and environmental dependencies in GNSS displacement observations
Objective 3: Enhance Displacement Estimation Through Data-Driven Techniques

o Apply the Ensemble Kalman Filter (EnKF) and Random Forest (RF) algorithms to improve the
precision and stability of GNSS displacement data.

e Extract interpretable engineering rules from the RF model related to thermal expansion and envi-
ronmental influences.

Objective 4: Validate Bridge Behavior Using Finite Element Analysis

e Develop linear elastic FEA models to verify global deformation patterns derived from GNSS ob-
servations.

e Address the limitations of linear FEA and identify pathways toward nonlinear crack-progression
modeling

Objective 5: Extend the Digital Twin to System-Level Transportation Analysis
e To apply DT for traffic simulation to assess traffic congestion and air pollution concentrations.
Objective 6: Demonstrate the Practical Benefits of the Digital Twin Framework

e To illustrate how synchronized sensing—simulation systems support bridge maintenance, accident
assessment, and transportation planning.

e To provide an applicable methodology not only to long-span bridges but also scalable to medium-
and short-span structures, with sensor-selection considerations
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Appendix 2: Review of Digital Technology and Digital Transformation (DX)

2.1 Introduction

This chapter comprehensively outlines digital twin technology and its transformative role in civil infra-
structure, focusing on structural health monitoring (SHM), data filtering, advanced structural analysis using
finite element analysis (FEA), and traffic management. Beginning within the context of Industry 4.0, it
highlights innovative technologies such as cyber-physical systems, the Internet of Things (IoT), artificial
intelligence (Al), and cloud/edge computing as key drivers of digital transformation (DX). These technolo-
gies have reshaped infrastructure management by enabling a shift from reactive maintenance to a predictive
and intelligent decision-making framework. The concept of digital twins is introduced as a core technology
for smart civil infrastructure, integrating real-time monitoring, simulation, and predictive analytics into a
dynamic, data-driven digital replica of physical assets. This chapter outlines cutting-edge structural health
monitoring (SHM) technologies, including GNSS, accelerometers, fiber optic sensing, UAV-based inspec-
tions, and wireless sensor networks, analyzing their application specifically to displacement, strain, vibra-
tion, and monitoring of bridges. Advanced data analytics are applied to anomaly detection, sensor fusion,
and machine learning-based degradation modeling, while finite element analysis (FEA) is presented as a
tool for simulation, verification, and validation. Finally, digital twins in traffic management are examined
in relation to mobility, congestion, and environmental impacts. This chapter concludes by identifying re-
search gaps in interoperability, scalability, and the integration of Al and simulation, establishing the foun-
dation for a digital twin-based structural health monitoring (SHM) framework.

2.2. Industry 4.0 & Revolutionary Technology

The Fourth Industrial Revolution, widely known as Industry 4.0 (I4.0), represents a fundamental para-
digm shift in how industries design, produce, operate, and manage assets. Unlike earlier revolutions driven
by steam power, electricity, and automation, 14.0 is defined by the convergence of cyber-physical systems
(CPS), the Internet of Things (IoT), cloud and edge computing, artificial intelligence (Al), big data analytics,
and advanced robotics into highly integrated value chains [1], [2]. As illustrated in Figure 2.1, the evolution
from mechanization to cyber-physical integration demonstrates how each industrial revolution has progres-
sively transformed both production systems and daily life. From a global perspective, this revolution pro-
motes digitally networked
ecosystem in which machines, sensors, humans, and processes continuously exchange information to enable
autonomous, real-time decision-making [3], [4].
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Figure 2. 2 The four industrial revolutions: from mechanization (Industry 1.0) to cyber-physical integration
(Industry 4.0).

At the macroeconomic level, Industry 4.0 is widely regarded as a driver of productivity, resilience, and
sustainability across diverse sectors such as manufacturing, energy, logistics, and healthcare [5]. New busi-
ness models such as “everything-as-a-service” and predictive maintenance are transforming the global econ-
omy, while governments worldwide have launched national initiatives to accelerate digital adoption (e.g.,
Germany’s Industrie 4.0, China’s Made in China 2025, and the U.S. Industrial Internet Consortium) [6],
[7]. Despite this momentum, adoption remains uneven due to challenges in interoperability standards, cy-
bersecurity risks, and human—machine collaboration frameworks [8]-[10].

While manufacturing has been the early proving ground of Industry 4.0, the civil and infrastructure
sector is beginning to adapt these technologies to its unique demands. Unlike manufacturing, which empha-
sizes short production cycles, civil infrastructure is long-lived, capital-intensive, and critically safety-de-
pendent. As such, the emphasis of digital transformation in civil engineering is not only on efficiency, but
also on lifecycle management, resilience, and sustainability [11], [12]. This transition is particularly relevant
as global infrastructure faces increasing pressures from urbanization, climate change, and aging assets. To
illustrate this transition, Figure 2.2 highlights how Industry 4.0 concepts and technologies are being mapped
into civil and infrastructure engineering, demonstrating the progressive adaptation of digital tools, such as
BIM and IoT-enabled monitoring, to support lifecycle-based asset management.

One of the most transformative technologies bridging Industry 4.0 and the civil sector is the Digital
Twin (DT). Originally developed in product lifecycle management, DTs are now recognized as a core
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enabler of Industry 4.0 in the built environment [13]. Within civil infrastructure, Building Information Mod-
eling (BIM) provides the geometric and informational foundation, while sensor networks (e.g., GNSS, ac-
celerometers, strain gauges, vision systems) supply continuous real-time data. This integration enables DTs
to support Structural Health Monitoring (SHM), traffic flow modeling, and environmental assessment,
thereby allowing engineers to move from reactive maintenance toward predictive and prescriptive asset
management [ 14]-[17]. In this way, Figure 2.2 also demonstrates how DT-BIM integration operationalizes
the closed-loop intelligence principle of Industry 4.0 across the entire lifecycle of civil infrastructure assets.
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Figure 2. 3 Application of Industry 4.0 concepts in civil and infrastructure engineering.

Moreover, the revolutionary technologies of 14.0 are reshaping how infrastructure systems are designed,
validated, and managed. Through CPS, simulation models and physical measurements can be continuously
coupled, allowing finite element analysis (FEA) models to be updated in real time with sensor data for
anomaly detection and structural performance validation [14], [18]. Similarly, the fusion of ToT-driven traf-
fic data with Al and cloud analytics enables the development of system-level digital twins for urban mobility.
These twins enhance congestion forecasting, environmental impact assessment, and policy testing, thereby
extending the industry 4.0 paradigm from factories to cities [19]-[21].

This evolution parallels the shift from “smart factories” in manufacturing to “smart infrastructure” in
civil engineering, bridges, tunnels, and transportation systems that can sense, think, and adapt in real time.
Such a transformation underscores the role of Industry 4.0 as not merely a technological revolution, but a
redefinition of infrastructure management where safety, sustainability, and resilience are governed by con-
tinuous, data-driven intelligence [12], [14], [16],[17].
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2.3. Digital Twin Paradigm for Civil Infrastructure

The digital twin (DT) paradigm has emerged as a transformative framework in infrastructure engineer-
ing, enabling the creation of a dynamic, continuously updated virtual representation throughout the entire
lifecycle of physical assets. Unlike traditional monitoring systems, whose primary functions are the collec-
tion, recording, and visualization of sensor-based measurements, digital twins establish a bidirectional and
adaptive connection between the physical system and its virtual counterpart [13]. This mutual interaction
enables not only observation but also interpretation, simulation, prediction, and intelligent decision support.

The concept of digital twins, initially developed for product lifecycle management and the aerospace
sector, has progressively expanded into civil and infrastructure engineering, providing advanced capabilities
for asset lifecycle management, real-time structural assessment, predictive analytics, and decision-making
[14], [22], [23]. Conventional monitoring methods typically employ sensors such as GNSS, LVDTs, accel-
erometers, and ToT devices to measure displacement, temperature, vibration, and load effects. Whilst these
systems provide important insights into structural behavior, they often operate independently of simulation
tools and predictive models. Consequently, conventional monitoring primarily answers the question: *“What
is the current state of the structure?’

In contrast, digital twins integrate diverse sources of information—such as monitoring data, finite ele-
ment analysis (FEA), machine learning models, and building information modelling (BIM)—into a unified,
continuously updated computational environment. By synchronizing physics-based and data-driven models
with real-time data, the DT evolves alongside the physical asset, capturing its current structural state while
simultaneously simulating potential future behavior under various operational and environmental scenarios.
Consequently, the digital twin moves beyond the descriptive nature of traditional monitoring, enabling it to
address higher-level questions such as: “Why is the structure exhibiting this behavior?’

‘What will happen next under changing conditions?’

As illustrated in Figure 2.3, the Digital Twin paradigm for civil infrastructure is structured as a multi-
layer ecosystem, extending the traditional three foundational pillars—physical assets, digital models, and
data flows—into an operational framework suitable for long-term monitoring and decision support. At its
foundation, the physical asset layer is instrumented through a variety of sensors, whose measurements are
transmitted through the data acquisition and communication layer. These data feed the Digital Twin Core,
composed of BIM, FEA, GIS, and AI/ML models that replicate and predict asset behavior. The integration
and intelligent layer enable real-time synchronization, anomaly detection, SHM, and system-level analysis,
while the decision-making layer delivers actionable insights for maintenance, safety, and transportation
planning. This architecture ensures continuous interaction between real and virtual systems, forming the
essential feedback loop of the Digital Twin.
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Figure 2. 4 Conceptual Framework of Digital Twin for Civil Infrastructure

In the civil infrastructure sector, digital twins (DT) are increasingly recognized as essential for address-
ing challenges such as aging assets, urbanization, and sustainability. Unlike static models such as Building
Information Modeling (BIM), which primarily provide geometric and semantic information, DT integrates
sensor data (IoT, GNSS, strain gauges, accelerometers), advanced simulations (finite element analysis), and
Al-driven analytics to form a continuously updated virtual environment [12], [16],[24]. This dynamic col-
laboration enables engineers to assess structural integrity in real time, predict deterioration, and optimize
maintenance schedules.

A number of studies have highlighted DT as a key driver for lifecycle-based asset management. Liu et
al. [16] provides a thorough review of digital twin technologies in civil infrastructure, showing how frame-
works integrating BIM, sensor networks (IoT), and simulation are contributing to improved maintenance
planning and structural health prediction. Similarly, Sakr et al. [25] presents a methodology for visualizing
structural health monitoring (SHM) data through DTs, demonstrating that real-time visual analytics en-
hances decision support for asset managers. From a practical demonstration perspective, Armijo & Zamora-
Sanchez [26] report a case study in which DT, IoT sensing, and machine learning are integrated to monitor
a railway bridge over time; their findings reveal the effectiveness of DT-based anomaly detection and sug-
gest scalability for broader infrastructure management contexts.

Figure 2.4 provides a schematic representation of DT applications at different scales, from individual bridge
components to city-wide systems. This illustrates how DTs integrate data across levels to provide both mi-
cro- and macro-scale insights for decision-makers.
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Figure 2. 5 Multi-Scale Application of Digital Twins

A significant aspect of the digital twin (DT) paradigm in civil infrastructure is its ability to integrate
multiscale data and models. At the asset level, DTs are increasingly applied to monitoring bridges, tunnels,
and high-rise buildings, where sensors such as GNSS, accelerometers, and vision-based systems are em-
ployed for displacement tracking and anomaly detection [27], [28]. At the system level, DTs support urban
mobility analysis, traffic flow simulation, and environmental assessment, thereby aligning infrastructure
management with broader sustainability and resilience goals [27], [29]. These multiscale applications
demonstrate the paradigm’s flexibility, spanning from component-level fatigue detection to city-wide resil-
ience planning.

Despite these advances, several challenges remain. First, interoperability and standardization issues still
hinder seamless integration of BIM, ToT, and simulation tools, as highlighted in recent reviews [17], [30].
Second, data quality and reliability are persistent concerns, since noisy or incomplete sensor datasets can
compromise the accuracy of DT models and limit their value for decision-making [17], [27]. Third, the
computational complexity of real-time DT updates, particularly when coupling high-fidelity finite element
analyses with continuous sensor data streams, demands scalable digital architectures based on cloud and
edge computing [29]. Finally, cybersecurity, governance, and ethical considerations remain underdeveloped,
raising critical questions around data ownership, accountability, and algorithmic transparency in safety-crit-
ical infrastructure systems [17], [30].

Overall, the DT paradigm in civil infrastructure extends beyond traditional BIM or SHM by enabling
continuous, real-time synchronization of physical and virtual assets. Through the integration of IoT, GNSS,
advanced simulations, and Al, DTs have the potential to revolutionize infrastructure lifecycle management.
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2.4. Structural Health Monitoring (SHM) technology for bridges

Structural Health Monitoring (SHM) has become an essential strategy in modern civil engineering to
ensure the safety, durability, and resilience of bridge infrastructure. Bridges are critical assets in transporta-
tion networks, yet they are constantly exposed to operational loads, environmental impacts, and abnormal
events such as earthquakes, high winds, and vehicle collisions. Traditional inspection-based approaches
relying on manual visual inspections are labor-intensive, subjective, and prone to missing hidden or early-
stage damage. To address these limitations, SHM introduces a systematic, data-driven approach utilizing
sensors, automated data collection, and computational models to continuously or periodically assess bridge
integrity [31].

The purpose of SHM extends beyond damage detection to include early anomaly detection, performance
evaluation, optimization of lifecycle maintenance, and cost reduction [32]. With rapid advances in sensing
technology, wireless communication, artificial intelligence, and digital twin integration, SHM has evolved
into an interdisciplinary field bridging structural engineering, computer science, and data analysis, collabo-
rating to achieve the goal of a smart bridge monitoring system. The following are the current state of bridge
SHM, categorized by sensor technology, data acquisition and processing methods, integration with digital
modeling, and challenges.

2.4.1. Sensor Technologies and Data Acquisition

The foundation of the SHM system lies in its ability to capture reliable structural responses under di-
verse loading and environmental conditions. Sensors commonly used in bridges include strain gauges, ac-
celerometers, displacement transducers, temperature sensors, fiber Bragg grating (FBG) sensors, and global
navigation satellite system (GNSS) receivers [33].

e GNSS-Based Monitoring

GNSS technologies have proven especially valuable for long-span bridges as demonstrated in Figure
2.5. GNSS based positioning system [34], where traditional contact-based sensors face deployment and
maintenance challenges. Xi et al. [35] demonstrated the application of multi-GNSS observations for bridge
monitoring, achieving millimeter-level precision in three-dimensional displacements. An et al. [36] further
enhanced this by integrating GNSS with attitude determination methods and filtering algorithms, improving
accuracy in both displacement and rotation monitoring of long-span bridges. These approaches illustrate the
role of GNSS as a robust tool for real-time displacement tracking under dynamic environmental conditions.
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Figure 2. 6 GNSS-based positioning technology for bridge Monitoring [34]

Vibration and Accelerometer-Based Monitoring

Accelerometers remain the primary instrument for bridge structural health monitoring (SHM) due to

their effectiveness in capturing vibration characteristics under traffic and environmental excitation, as shown
in Figure 2.6. Vibration and Accelerometer-Based Monitoring [37]. Analysis of mode parameters such as
natural frequency, mode shape, and damping ratio provides insights into stiffness degradation and potential

structural damage [38]. The introduction of wireless accelerometer networks has significantly enhanced
scalability, reduced wiring costs, and enabled distributed dynamic monitoring across entire bridge spans.
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Figure 2. 7 Vibration and Accelerometer-Based Monitoring [37]
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e Fiber Optic and Strain-Based Monitoring

FBG sensors are increasingly being integrated into bridge components to measure strain and tempera-
ture. Their immunity to electromagnetic interference, durability, and embeddability within structural mate-
rials make them highly suitable for long-term structural health monitoring (SHM). Marques et al. [39] em-
phasized the role of FBGs in detecting localized strain, crack initiation, and fatigue progression, particularly
in steel and composite bridges.

e Vision-Based and Non-Contact Sensing

Recent advances in computer vision and photogrammetry have enabled the introduction of non-contact
structural health monitoring (SHM) techniques, as demonstrated in Figure 2.7. Displacement Monitoring
using UAV [40]. High-speed cameras, drones, and laser scanners are being utilized for displacement track-
ing, surface crack detection, and corrosion assessment [40], [41]. Vision-based systems offer full-area mon-
itoring capabilities but are susceptible to lighting conditions and occlusions, requiring extensive calibration.
These methods are increasingly integrated with Al algorithms for automated defect recognition.

Marker (Mk)

UAYV (Drone)

Figure 2. 8 Displacement Monitoring using UAV (Drone)[40]

2.4.2. Wireless Sensor Networks and Energy Harvesting

The widespread adoption of wireless sensor networks (WSNs) has enabled the dense deployment of
sensors without extensive wiring. Chen [42] reviewed optimal placement strategies for wireless sensors in
bridges, emphasizing the trade-offs between spatial coverage, redundancy, and energy efficiency. However,
challenges such as synchronization, packet loss, and long-term durability remain.

In a parallel trend, development is advancing for self-powered structural health monitoring (SHM) sys-
tems utilizing energy harvesting technology. Harvesters utilizing solar, wind, and vibration energy are being
investigated as power sources for wireless sensor network (WSN) nodes, reducing the need for battery re-
placement and enhancing sustainability [43], [44]. Such systems are particularly promising for long-term
SHM in remote or inaccessible bridges.

195



2.4.3. Data Processing and Anomaly Detection

Large-scale SHM deployments generate vast amounts of heterogeneous data. Therefore, efficient data
processing and robust anomaly detection are essential.

e Anomaly and Outlier Detection

Sensor data is often contained by noise, bias, or environmental interference. Deng et al. [45] reviewed
anomaly detection techniques in SHM, highlighting methods such as statistical filtering, wavelet analysis,
and robust reconstruction. Ye et al. [46] introduced a deep learning-based approach for automatic anomaly
detection in bridge SHM, demonstrating superior performance over conventional threshold-based methods
in identifying sensor failures and false signals.

e Damage Detection and Diagnosis

Damage detection methods in SHM are commonly classified into four levels: (1) existence of damage,
(2) localization, (3) quantification of severity, and (4) prediction of remaining service life [47]. Modal anal-
ysis-based approaches are effective in global condition assessment, while strain-based techniques provide
localized damage detection. Recent developments in machine learning and deep learning such as convolu-
tional neural networks (CNNs) and recurrent neural networks (RNNs), allow for advanced pattern recogni-
tion in SHM data [48], [49].

e  Multi-Sensor Data Fusion

Integrating heterogeneous sensor data improves robustness and accuracy in SHM. GNSS sensors cap-
ture low-frequency displacements, while accelerometers capture high-frequency vibrations. Combining
them provides comprehensive structural response information [50], [51].

2.4.4. Integration with Structural Models and Digital Twins

A transformative trend involves integrating SHM data with finite element analysis (FEA) models, and
digital twin (DT) platforms can be seen in Figure 2.8 about a physical bridge model with its Digital twin
model. Naderi [52] noted that DTs continuously updated with SHM data provide predictive capabilities that
support lifecycle management and resilience assessment. Jiménez Rios et al. [53] validated DT-based anom-
aly detection for bridges, demonstrating a method that dynamically synchronizes sensor data streams with
a virtual model to achieve real-time anomaly detection.

This integration bridges the gap between monitoring and decision-making, enabling predictive mainte-
nance strategies, real-time risk assessment, and preventive asset management.
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2.4.5. Challenges in Bridge SHM

Despite progress, several significant challenges remain:

e Data quality and reliability: Sensor drift, noise, and missing data compromise reliability. Long-term
sensor durability and calibration remain ongoing challenges.

e Scalability and cost: High-density SHM deployment across entire bridge assets is economically chal-
lenging. A prioritization framework is needed to optimize monitoring resources.

e Interoperability and Standardization: The lack of standard protocols for SHM data limits interopera-
bility between different systems and vendors.

e Real-Time Processing: Scalable cloud and edge computing architectures are required to process con-
tinuous data streams in real time.

e Cybersecurity and Governance: Increasing reliance on wireless transmission and digital transfor-
mation (DT) integration raises concerns regarding cybersecurity, data ownership, and governance.

2.5. Advanced Data Analytics for SHM

As civil infrastructure grows increasingly complex and deteriorates, there is a demand for analytical
tools that process vast streams of heterogeneous data while delivering accurate real-time insights. In this
context, advanced data analytics has emerged as a transformative element for structural health monitoring
(SHM). Broadly speaking, data analytics refers to the process of generating actionable insights through the
collection, processing, modeling, and interpretation of sensor data. This process extends beyond traditional
statistical analysis, integrating techniques such as signal processing, machine learning (ML), artificial intel-
ligence (Al), and data assimilation.
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Across the entire infrastructure sector, advanced data analytics has played a crucial role in managing
smart cities, transportation systems, energy grids, and water networks [54]. These systems share three com-
mon characteristics:

e Data is large-scale and multimodal, sourced from IoT devices, satellites, drones, wireless sensor net-
works, etc.

o Itis often streamed in real-time, requiring online algorithms for processing.

e Safety and performance are paramount, as analytical errors can lead to severe consequences.

In civil engineering, these challenges are further exacerbated in Structural Health Monitoring (SHM)
for bridges. This is because data is required to support predictive maintenance, safety assurance, and lifecy-
cle management for assets subjected to diverse loading conditions.

This section reviews the role of advanced data analysis in SHM. We begin with a broad overview of
analytical paradigms, gradually narrowing our focus to discuss state estimation using data assimilation tech-
niques and predictive modeling using machine learning, specifically Random Forest (RF).

2.5.1. Advanced Data Analytics in Civil Infrastructure

Civil infrastructure is characterized by heterogeneous data sources and scales. For example, data ranges
from material-level strain measurements to structural-level displacement responses and system-level traffic
patterns. Traditional methods such as threshold-based alarms and regression analysis are increasingly inad-
equate for handling such multi-source, high-frequency data.

The literature highlights several new directions in infrastructure data analysis:
e Data Assimilation: Combining sensor data with numerical models to perform accurate state estimation

[55].

e Big Data Architecture: Management and analysis of streaming sensor data utilizing cloud/edge com-
puting frameworks [56].

e Al/Machine Learning Applications: Anomaly detection, damage classification, and degradation trend
prediction [57].

e Digital Twin Integration: Real-time synchronization between physical infrastructure and its digital
replica [58].

A common challenge across these approaches is the need to address uncertainty in measurements and
models. Factors such as noise, missing data, environmental variability, and computational complexity all
require methods that balance robustness, accuracy, and scalability.

2.5.2. Data Analytics for SHM of Bridges

When assessing the structural health monitoring (SHM) of bridges, advanced data analysis primarily
serves two functions: (a) state estimation: inferring the true state of the structure from noisy, incomplete
data, and (b) predictive modeling: forecasting future states or detecting anomalies.

Recent studies have emphasized that multi-sensor fusion and model-based updating play a central role
in advancing self-health monitoring (SHM) for bridges [59]. For example:
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e GNSS provides low-frequency displacement data, while accelerometers capture high-frequency vi-
bration signatures.

e Vision systems detect cracks or spalling, while fiber Bragg grating sensors provide localized strain
data.

e Finite Element Analysis (FEA) models simulate structural responses but require updating with real-
time data.

To manage these diverse data streams, analytical methods such as Kalman filters (KF) and Ensemble Kal-
man filters (EnKF), along with machine learning algorithms like Random Forests (RF), are employed. To-
gether, these tools form the foundation of an advanced SHM framework, facilitating the transition from
reactive inspections to predictive and intelligent maintenance.

2.5.3. Data Assimilation Techniques for State Estimation

(a) Kalman Filter (KF)

e Overview

The Kalman Filter (KF) is one of the most influential algorithms in estimation theory, introduced by
Rudolf E. Kalman in 1960. Originally developed for acrospace navigation (e.g., the Apollo program), the
KF has become central to control engineering, robotics, economics, and structural health monitoring (SHM).
Its appeal lies in its recursive and optimal estimation capabilities. It fuses noisy sensor data with a mathe-
matical model to estimate the most probable system state in real time.

In SHM, the Kalman Filter (KF) is useful because bridge sensor data (particularly displacement meas-
urements from GNSS and accelerometers) inherently contain noise. The KF corrects errors by incorporating
prior knowledge from structural models (such as finite element models or state-space representations) into
a recursive framework, thereby generating physically consistent state estimates, improving monitoring reli-
ability [60], [61].

e Mathematical Formulation

The KF operates on a linear state-space model, which consists of a system (state) model and an obser-
vation (measurement) model:

X = Axp—q + Buj_g + Wy, wi—1 ~ N (0,Q) (2.1)

Zp = ka + Vk» Vi~ N (0, R) (22)
Where:

e X, = state vector (e.g., displacement, velocity, modal parameters),

e u, = Input vector (e.g., traffic load, wind, earthquake excitation),

e 7, = observation vector (e.g., sensor readings),

e 4 = state transition matrix, B = input matrix, 4 = measurement matrix,
e ()= process noise covariance, R = measurement noise covariance.

The filter proceeds recursively in two steps:

1. Prediction (Time Update):
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Xpjk—1 = AXppg—1 + Bug_q (2.3)
Pyjk—1 = APy A" +Q (2.4)

2. Correction (Measurement update)

1
Ki = Pije—1H' (HPye—1H' + R) (2.5)
Xije = Xigpe—1 + Kk(zk - Hffk|k—1) (2.6)

Pre = (I — KiH)Ppj—q (2.7

Here, K}, is the Kalman Gain, which balances trust between model predictions and sensor measure-
ments. If R is small (accurate sensors), the KF relies more on measurements; if O is small (accurate model),
the KF relies more on predictions.

The Kalman Filter (KF) can be intuitively understood as a dynamic weighted averaging process that
combines model-based predictions and sensor-based observations according to their respective uncertainties.
This balance is critically important in bridge monitoring. This is because sensor data often exhibits fluctu-
ating accuracy and reliability. For example, GNSS displacement measurements are susceptible to atmos-
pheric and multipath errors, while accelerometers capture high-frequency vibrations but suffer from long-
term drift. The KF adjusts for these discrepancies, generating a smoothed, physically consistent estimate of
the structural state [62], [63].

In structural health monitoring (SHM) for bridges, the Kalman filter (KF) has been applied in multiple
domains. First, it significantly improves the accuracy of GNSS-based displacement monitoring, enabling
reliable estimation of deflection in long-span bridges under dynamic loading [62]. Second, KF-based frame-
works support mode identification and vibration analysis, where mode parameters like frequency and damp-
ing ratio serve as indicators of stiffness loss and structural degradation [64]. Third, KF provides a mathe-
matically rigorous multi-sensor fusion method. By combining the complementary strengths of GNSS and
accelerometers, it generates drift-free, accurate displacement time-series data [65]. Finally, KF integration
with finite element method (FEM) models is advancing, establishing a digital twin application foundation
where measured data continuously updates simulation outputs, maintaining real-time synchronization be-
tween physical and virtual structures [66].

Despite its versatility, classical KF has inherent limitations. It assumes linearity of system dynamics and
Gaussian noise distributions, both of which are rarely satisfied in real-world SHM contexts, especially under
seismic loading or extreme wind conditions. Additionally, KF suffers from scalability challenges in high-
dimensional state spaces, as the covariance update step is computationally demanding. These limitations
have motivated extensions such as the Extended Kalman Filter (EKF), which linearizes nonlinear dynamics,
and the Ensemble Kalman Filter (EnKF), which provides a scalable framework for large, high-dimensional
SHM problems.
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In summary, KF serves as the foundational technology for SHM analysis, providing robust state esti-
mation and sensor fusion capabilities. Its integration with FEM and digital twin frameworks positions it as
a critical enabling technology for intelligent real-time monitoring. Meanwhile, its extended variants (EKF,
EnKF) ensure adaptability to nonlinear, data-intensive structural systems.

(b) Extended Kalman Filter (EKF)

The EKF generalizes the classical KF by linearizing the nonlinear state-space model around the current
estimate using a Taylor expansion. This makes the EKF the standard approach for slightly nonlinear systems,
such as the dynamic behavior of bridges under moderate excitation [67].

e Formulation
For a nonlinear dynamical system:
1. State equation
X = f (1, Wemt) + Wiy, wi—1~ N(0,Q) (2.8)
2. Measurement equation
z; = h(hy) + vy, v, ~N(O,R) (2.9)
Where f{') and /() are nonlinear functions.
e Linearization

The Extended Kalman Filter (EKF) linearizes around the current estimate using Jacobians:

or| o dh
Fk:_f _f ,Hk:_ (210)
x| ox Rh—1 oxlg k-1
o Recursive Steps
1. Prediction
5Ck|k—1 = f(’ACk—1|k—1,uk—1) (2.11)
Pijk—1 = FxPr_1jk—1Fr + Q (2.12)
2. Correction
-1
Ky = Pyy—yH}, (HyPyy—1Hy, + R) (2.13)
Rk = Rige—t + Ki (2 — h(Rie=1)) (2.13)
Py = (I = KiHi) Pijre—1 (2.14)
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e Applications and Limitations of the Extended Kalman Filter in SHM

The EKF has been widely applied in structural health monitoring (SHM) due to its ability to capture
nonlinear structural dynamics.

e Bridge vibration monitoring: EKF has been employed for nonlinear modal identification, particularly
under seismic excitations, where bridge structures exhibit strong nonlinear responses. Lee and Yun
[67] demonstrated that EKF can track nonlinear dynamic parameters in reinforced concrete bridge
piers during earthquake loading, making it highly effective for monitoring stiffness degradation and
damage initiation.

e Damage detection: EKF-based model updating approaches have been applied to detect nonlinear
changes in structural properties, such as stiffness reductions or damping variations caused by cracks,
material deterioration, or joint loosening [67]. By assimilating measurement feedback, EKF enables
damage detection and localization in bridge systems.

e Sensor fusion: EKF has also been used in combining GNSS and accelerometer data. Since GNSS
captures global, low-frequency displacement trends while accelerometers capture high-frequency vi-
brations, EKF effectively manages the nonlinear transformation between displacement and velocity.
Kim et al. [68] applied a two-stage Kalman filter to integrate RTK-GNSS and accelerometer signals,
achieving accurate displacement estimation for long-span bridges.

e Model updating in GNSS/attitude determination: Recent studies have highlighted EKF’s role in
GNSS-based SHM. However, limitations have been observed when systems are highly nonlinear. An
et al. [69] compared EKF with the Unscented Kalman Filter (UKF) for integrated displacement and
attitude determination in bridge monitoring, concluding that while EKF is useful, UKF provides su-
perior accuracy under strongly nonlinear conditions.

Despite its versatility, the EKF has several limitations. Its reliance on first-order linearization makes
it prone to divergence under strong nonlinearities, such as those arising during extreme seismic events or
nonlinear soil-structure interaction. Furthermore, the EKF is computationally more demanding than the
classical KF, due to the requirement of Jacobian evaluations at each iteration. Nonetheless, it remains
computationally feasible for medium-scale SHM applications, particularly for bridges with manageable
degrees of freedom [67], [68].

(© Ensemble Kalman Filter (EnKF)

EnKF was developed to address scalability issues in KF and EKF for high-dimensional systems such as
weather forecasting and has recently gained attention in the SHM field for civil engineering structures [70].
Unlike EKF, which requires the Jacobian, EnKF employs a Monte Carlo method that propagates an ensem-
ble of state realizations.

e Formulation

Given an ensemble of N states at time £:
i~ N
x; 2.15
AT (2.15)
The forecast mean and covariance are approximate as:
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A 1 ;
Xijh—1 = NZ?LI Xlle—1 (2.16)

1

. . . _ T
Prjp—1 = EZL(xﬁqkq - xk|k—1)(xf<|k-1 - xk[k—l) (2.17)

Each ensemble member is updated as:
Xiple = Xt K (2} - Hx;qk—l) (2.18)
where z}, is perturbed with noise to maintain ensemble diversity.

e Applications and Limitations of the Ensemble Kalman Filter in SHM

The Ensemble Kalman Filter (EnKF) has emerged as a powerful alternative to the classical Kalman
Filter (KF) and Extended Kalman Filter (EKF), proving particularly useful for large-scale, nonlinear, and
high-dimensional problems characteristic of civil infrastructure systems. Its primary advantage lies in avoid-
ing the explicit computation of large covariance matrices. This is computationally infeasible for systems
with thousands of degrees of freedom (DOF), such as long-span bridges or high-accuracy finite element
models. Instead, the EnKF uses a set of realizations to approximate state statistics, making it computation-
ally manageable and scalable. Furthermore, unlike the EKF, the EnKF does not require linearization of
nonlinear functions via the Jacobian, allowing it to naturally handle nonlinear system dynamics without
approximation errors. These characteristics make the EnKF particularly well-suited for structural health
monitoring (SHM) applications, where both model and data stream complexity continue to increase.

Multiple applications in Structural Health Monitoring (SHM) demonstrate the versatility of the Ex-
tended Kalman Filter (EnKF). In GNSS-based monitoring of long-span bridges, EnKF assimilates noisy
displacement measurements with finite element method (FEM) predictions, enabling reliable real-time es-
timation of structural condition [71], [72]. In earthquake response tracking, EnKF is utilized to update non-
linear bridge models during seismic events, enabling near-real-time safety assessments and rapid post-event
evaluations [73], [74]. Furthermore, EnKF is increasingly integrated into digital twin frameworks, enabling
continuous synchronization between physical measurements and large-scale digital models of infrastructure
assets. This real-time consistency enhances predictive maintenance and supports data-driven decision-mak-
ing at both the asset and system levels [75].

Despite these advantages, the EnKF is not without limitations. The filter's accuracy strongly depends
on the ensemble size. Too few components cause filter divergence, reducing the reliability of state estimation.
Conversely, very large ensembles significantly increase computational cost, posing problems for real-time
structural health monitoring (SHM) applications requiring rapid updates. Furthermore, the filter's perfor-
mance is extremely sensitive to the specification of the covariance matrix for processing noise and meas-
urement noise, necessitating careful tuning to balance measurement reliability and model accuracy.

In summary, EnKF represents a significant advancement in data assimilation techniques for SHM. Its
scalability, ability to handle nonlinearities, and compatibility with digital twin frameworks make it a prom-
ising tool for monitoring and managing complex civil infrastructure systems. However, its dependence on
ensemble size and noise tuning highlights the importance of refining the methodology to ensure robust real-
time performance for safety-critical applications such as bridges.
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(d) Machine Learning Applications for Predictive Modeling

Data assimilation is a model-based approach, whereas machine learning (ML) provides a data-driven
approach for discovering patterns within SHM datasets. Among the many ML techniques, Random Forest
(RF) is widely applied for predictive modeling in structural engineering.

e Random Forest (RF)

Random Forest (RF) is particularly well-suited for SHM due to its robustness to noise and its ability to
rank feature importance. RF constructs multiple decision trees on random subsets of the data and features.

For regression:

FG) = 228 by (2.19)
For classification:

C(x) = argmax Y.2_, I(h,(x) = ¢) (2.20)
where hy, (x)is the b-th decision tree, and [ is the indicator function.

RF is nonparametric, robust against overfitting, and interpretable through feature importance metrics.
In the context of bridge structural health monitoring (SHM) applications, Random Forest (RF) is used for
the following purposes: (a) Classifying damaged and sound states from vibration characteristics [76], (b)
Predicting displacement/strain progression under variable traffic loads [77], (c) Integrating multimodal data
(GNSS, strain, temperature) for anomaly detection [78], [79].

Combining RF with data assimilation enables hybrid analysis: KF/EnKF estimates latent structural
states, which are then fed into RF for damage classification and remaining life prediction. This integration
presents a promising path toward real-time, intelligent structural health monitoring (SHM).

2.6. Advanced Simulation for Structural Validation based on FEA

2.6.1. Overview of FEA

Finite Element Analysis (FEA) is a numerical method for solving complex engineering problems by
discretizing a continuous physical domain into smaller subdomains, known as finite elements. Each element
is described by interpolation functions (shape) that approximate the displacements, which are then assem-
bled into a global system of equations.

The origins of FEA date back to Turner, Clough, Martin, and Topp (1956), who introduced the method
for aerospace applications [80]. Clough (1960) later introduced the term finite element method (FEM)[81],
and Zienkiewicz and Taylor (from 1971) formalized its application to structural mechanics[82]. Over time,
FEA has evolved into a versatile tool capable of solving problems in statics, dynamics, heat transfer, fluid
mechanics, and Multiphysics [83], [82].

The standard finite element formulation for linear elasticity is derived from the principle of virtual work
and expressed as:
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Ku=F (2.21)

Where K is the global stiffness matrix, # is the nodal displacement vector, and F is the external load
vector. The element stiffness matrix is given by:

Ke = fV BTDBdAV (2.22)

with B as the strain—displacement matrix, D the constitutive elasticity matrix, and /' the element volume.
Stress—strain relationships follow Hooke’s law:

o =DBu (2.23)

This equation provides the theoretical basis for static structural analysis. Extensions for dynamic, non-
linear, and thermal analyses have expanded the capabilities of FEA, making it indispensable for civil engi-
neering problems such as long-span bridges. In the context of structural health monitoring (SHM) and digital
twin (DT) frameworks, FEA enables the validation of monitoring data, the identification of anomalies, and
the prediction of degradation. By integrating field measurements (GNSS, accelerometers, fiber optic sen-
sors) with FEA simulations, digital models can be continuously calibrated to reflect the actual condition of
the infrastructure [84].

2.6.2. Structural validation through FEA

e Static Structural Validation

Structural validation usually begins with comparing simulated displacements and stresses with moni-
toring data. For linear static conditions, equilibrium is described by:

Ku=F (2.24)

where deviations between calculated and measured displacements indicate potential anomalies due to errors
or damage to sensors [85].

e Dynamic Simulation for Bridge Validation

Bridges are subjected to dynamic excitation from traffic, wind, and seismic forces. The governing dy-
namic finite element method (FEM) equations are as follows:

Mi(t) + Ci(t) + Ku(t) = F(t) (2.25)

Where M is the global mass matrix, C is the damping matrix, and F(t) is the time-varying load. Modal
analysis, frequency response, and time history simulations allow for the validation of measured natural fre-
quencies, damping ratios, and vibration amplitudes [86].

e Thermal Analysis in Bridge Validation
Temperature effects are extremely important in steel box girder bridges, and temperature gradients in-

duce displacements comparable to those caused by traffic loads. Thermal effects are considered as follows:
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Ku=F+ Fy, (2.26)
With thermal strain:
& = alATI 2.27)
And corresponding stress:
o =D ey, = DaATI (2.28)
The equivalent nodal thermal force vector is:
Fg, = J,B"Deydv (2.29)

Combining thermal FEA simulation with temperature sensors enables the distinction between displacement
caused by environmental factors and displacement caused by degradation [87].

e Nonlinear and Damage Simulations

To achieve realistic verification requires nonlinear modeling to capture cracking, yielding, and large defor-
mations of the structure. The equation for the Nonlinear simulation is as follows:

Kr(WAu = AF (2.30)

where K7 is the tangential stiffness matrix. This is critical in seismic validation, fatigue analysis, and chain
collapse analysis [88].

2.7. Digital Twins for Traffic Management

Traffic congestion, infrastructure deterioration, and environmental sustainability issues are being made
more serious by the rapid increase in vehicle ownership and accelerating urbanization. As modern transpor-
tation systems grow increasingly complex, traditional traffic management approaches based primarily on
static models and reactive strategies are proving inadequate. In this context, digital twin (DT) technology
has emerged as a transformative paradigm, offering the capability to create real-time, data-driven, and con-
tinuously updated digital replicas of physical transportation networks[89], [90].

The concept of the digital twin extends traditional traffic modeling by facilitating a bi-directional ex-
change of information between the physical and virtual domains. In contrast to static models, DTs dynami-
cally integrate a variety of data sources, including roadway sensors, GNSS-based vehicle tracking, and traf-
fic cameras, as well as connected and autonomous vehicles (CAVs), to continuously reflect real-time traffic
conditions [91], [92].

2.7.1. Functional Framework of DT-Based Traffic Management

The DT-enabled traffic management system is considered to be composed of the following three basic
layers:
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(a) Data Collection Layer: Aggregates data from Internet of Things (IoT) devices, edge computing nodes,
Vehicle Ad Hoc Networks (VANETSs), and satellite navigation systems to capture vehicle dynamics,
road occupancy, weather conditions, and emissions [93].

(b) Modeling and Simulation Layer: Integrate traffic simulation environments (such as microscopic agent-
based models and macroscopic flow models) with infrastructure models generated by BIM. Currently,
machine learning (ML) and artificial intelligence (Al) techniques are increasingly being utilized to im-
prove prediction accuracy [94], [95].

(c) Decision and Control Layer: ensures the effectiveness and robustness of the transportation network by
offering operational solutions, including dynamic rerouting, adaptive signal control, congestion reduc-
tion, and emergency response planning [96].

This layered approach ensures interoperability, scalability, and real-time adaptability, promoting con-
tinuous alignment between physical transportation systems and their digital counterparts.

2.7.2. Application in Modern Transportation Systems

In the field of transportation systems, particularly traffic management, the adoption of Digital Twin
technology covers a wide range of applications:

e Real-Time Congestion Monitoring and Control: DTs enable the visualization of traffic conditions in
a three-dimensional digital environment, allowing traffic operators to dynamically detect and manage
congestion hotspots [97].

e Predictive Traffic Forecasting: By integrating historical datasets with real-time sensor feeds, the DT
platform predicts traffic congestion patterns, optimizes signal timing, and provides commuters with
predictive route guidance[98].

e Construction and Work-Zone Traffic Management: In infrastructure development and construction
projects, DT-BIM integration supports diversion route simulations, minimizes congestion, and en-
hances road user safety [99].

e Incident and Emergency Response: DT provides situational awareness by directly mapping accidents,
hazardous events, and natural disasters onto BIM-based road models, thereby improving response
times and coordination [100].

e Sustainability and Emission Monitoring: Traffic data sets (DTs) are increasingly being utilized to
evaluate energy consumption and greenhouse gas emissions associated with traffic flows, enabling
environmentally conscious traffic management strategies [101].

2.7. 3. Integration with Emerging Technologies

The potential of DT-based traffic management is amplified through integration with emerging technol-
ogies:

e Artificial Intelligence (Al) and Machine Learning (ML): Support advanced traffic prediction, anomaly
detection, and adaptive control strategies [98].

e 5G and Vehicle-to-Everything (V2X) Communication: Enable ultra-low latency data exchange be-
tween vehicles and infrastructure, fostering cooperative traffic management in mixed human-autono-
mous traffic systems [100].
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e [Edge and Cloud Computing: Facilitate scalable data storage and processing, ensuring real-time re-
sponsiveness and system-wide scalability [101].

e Big Data Analytics: Support pattern recognition, risk analysis, and policy development at urban and
regional scales.

The DT in traffic management has made remarkable progress, yet multiple technical and operational
challenges persist. Data interoperability remains a significant issue due to the heterogeneity of data formats,
sensor accuracy, and communication protocols [53]. The computational load of real-time DT simulations in
large-scale networks poses scalability challenges, while cybersecurity vulnerabilities associated with [oT
and V2X infrastructure raise concerns regarding privacy and system resilience. Furthermore, ensuring
model fidelity through continuous calibration and validation against real-world measurements is essential
to avoid discrepancies between the physical and digital worlds.
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Appendix 3: Summary Table of Representative Related Works

The following table summarizes approximately 8—12 representative studies from the literature review
(Chapter 2) that establish the technical foundations for this research. These works cover key areas such as
Digital Twin applications, GNSS-based structural health monitoring, and data-driven analysis.

Author (Year) | Focus / Method Key Limitation Addressed / Noted

Niu et al. Multi-GNSS and acceleration High complexity in accurately capturing

(2023) integration for dynamic bridge the full 3D behavior of asymmetric or
displacement. curved structures.

Xue & Psi- Feasibility of low-cost GNSS re- | Lower signal-to-noise ratios compared to

moulis (2023) | ceivers for monitoring pedes- geodetic-grade sensors, limiting precision

trian bridges.

in small-scale movements.

Li etal. (2024)

Integrated DT framework for
real-time SHM using wireless
IoT sensing and structural analy-
sis.

Primarily data-driven; often lacks direct
physics-based validation through high-fi-
delity finite element models.

Wang & Zhu | Analysis of loading factors in- Difficulty in isolating structural anomalies

(2024) fluencing GNSS-derived struc- | from diurnal and seasonal thermal fluctua-
tural displacements. tions.

Yuetal. Comprehensive review of Identification of significant gaps in the

(2019) GNSS-based positioning for in- | real-time interoperability between sensing
frastructure SHM. data and digital models (BIM).

Avci et al. Machine learning applications Requires extremely large training datasets,

(2021) for vibration-based structural which are often unavailable for aging or
damage detection. unique bridge assets.

Kéhler & Pet- | Kalman filter update for indirect | Focuses heavily on high-frequency vibra-

ryna (2024) load identification in structural tions rather than long-term static or semi-
monitoring. static deformations.

Wada et al. Interpretation of 3D deformation | Specific to construction states; less focus

(2025) behavior in bridges during con- | on the long-term operational maintenance
struction phases using GNSS. phase of the infrastructure.

Sato & Imai Streamlining infrastructure in- Focuses on improving manual inspection

(2024) spections by integrating GNSS, | efficiency rather than providing an auto-
10T, and satellite SAR. mated, self-updating Digital Twin.

Hotta et al. Feasibility study on understand- | Analysis is restricted to short-term tempo-

(2024) ing structural deformation dur- | rary construction states rather than full

ing bridge construction using
GNSS.

lifecycle monitoring.

Hassani et al.
(2024)

Systematic review of multi-sen-
sor data fusion techniques for
optimized SHM.

Challenges remain in managing the inher-
ent noise and "drift" in high-precision sen-
sor datasets like GNSS.

Jiménez Rios
et al. (2023)

Systematic review of bridge
management through DT-based
anomaly detection systems.

Highlights current limitations in the scala-
bility and standardized architectural frame-
works for multi-layer Digital Twins.
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