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Abstract

The digital twin paradigm represents a significant shift in civil infrastructure management, offering a dynamic 
cyber-physical connection to bridge structural health monitoring. Although the technical concepts of digital 
twins  have  been  widely  discussed,  empirical  evidence  of  their  direct  integration  into  operational 
maintenance decision-making remains limited. This paper examines this integration through a detailed case 
analysis of the Hanjiang River Smart Bridge, a major cable-stayed asset featuring a multi-layered digital  
twin system. We outline the architectural framework of the digital twin, focusing on how real-time sensor  
streams are integrated with a dynamically calibrated finite element model to provide predictive analytics.  
The operational evidence shows that integrating the digital twin into the decision-making workflow reduced 
the time to detect structural anomalies from over seventy-two hours to just over two hours, while decreasing 
the false alarm rate to approximately three percent.  By substituting scheduled preventive repairs with 
demand-driven predictive interventions, the operating agency lowered scheduled maintenance costs by 
nearly  thirty  percent.  These  results  highlight  the  potential  of  digital  twins  to  transform  infrastructure 
maintenance from reactive and schedule-based approaches to proactive, reliability-centered paradigms.

Keywords: Digital Twin; Bridge Engineering; Predictive Maintenance; Structural Health Monitoring; Maintenance 
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1. Introduction

1.1 Background and Significance

Civil  infrastructure  systems,  particularly  large-scale  bridges,  constitute  the  backbone  of  modern 
transportation  networks.  The  preservation  of  these  assets  represents  a  critical  challenge  for  public 
authorities and engineering teams worldwide [1]. Traditional management frameworks historically relied on 
visual inspections and reactive repairs, both of which are notoriously prone to subjective interpretation, 
inspection delays, and escalating life-cycle costs. As structures age under the dual impact of environmental 
degradation and increasing traffic volume, the necessity for robust, proactive, and data-driven management 
methodologies becomes undeniable. To address these vulnerabilities, researchers and engineers have 
progressively turned to structural health monitoring technology. These systems leverage sensor arrays to 
continuously  measure physical  parameters,  providing an empirical  foundation  for  assessing structural 
integrity.  However,  traditional  systems often struggle with the step from raw data capture to dynamic 
decision support, frequently resulting in massive data silos that fail to translate into actionable maintenance 
interventions.

1.2 The Role of Digital Twins in Infrastructure

The digital twin concept has emerged as a transformative paradigm capable of bridging the gap between 
historical monitoring systems and real-time operational decision-making [2]. Originating in the aerospace 
industry,  a  digital  twin  is  defined  as  a  virtual,  high-fidelity  representation  of  a  physical  asset  that  is 
dynamically updated through continuous data streams. When applied to civil engineering, particularly smart 
bridge operations, a digital twin integrates structural health data, meteorological conditions, traffic patterns, 
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and numerical simulation models into a unified, interactive platform. Unlike static geometric models or  
traditional databases, a digital twin establishes a bidirectional communication loop. It not only visualizes the 
current state of the bridge but also predicts future structural behavior under various loading scenarios. This 
continuous synchronization allows operators to visualize latent structural stresses, simulate rehabilitation 
strategies, and optimize intervention timelines, fundamentally shifting the maintenance philosophy from 
scheduled interval-based actions to demand-driven, predictive interventions.

1.3 Scope and Objectives

Despite the clear conceptual advantages of digital twins, empirical documentation of their integration into 
operational maintenance workflows remains scarce. Much of the existing literature focuses on conceptual 
architectures, visualization techniques, or isolated sensor-calibration methods. Consequently, there is a 
critical need to investigate how digital twin platforms are utilized by bridge operators to make daily, weekly, 
and long-term maintenance decisions. This paper addresses this gap by presenting a comprehensive case 
analysis of the Hanjiang River Smart Bridge, a major cable-stayed infrastructure asset that has successfully 
integrated a multi-layered digital twin system. The primary objective of this research is to evaluate the 
operational effectiveness of this integration, analyzing how the dynamic simulation capabilities of the digital 
twin affect decision-making speed, maintenance cost efficiency, and overall structural reliability. Through a 
detailed analysis of the system architecture, data flow, and actual decision scenarios, this study provides 
actionable  insights  for  civil  engineers  and  policymakers  striving  to  modernize  critical  infrastructure 
management.

2. Literature Review and Conceptual Framework

2.1 Evolution of Bridge Maintenance Strategies

The historical progression of bridge maintenance strategies can be classified into three distinct generations. 
First-generation maintenance was primarily reactive,  characterized by a run-to-failure approach where 
interventions occurred only after visible, often catastrophic, structural degradation had manifested [3]. This 
approach not only introduced unacceptable safety risks but also maximized long-term repair costs. Second-
generation  maintenance  introduced  preventive  paradigms,  relying  on  predefined  time  intervals  or 
operational milestones to perform inspections and repairs [4]. While this strategy reduced the probability of 
sudden structural failures, it frequently led to both over-maintenance of healthy components and under-
maintenance of rapidly degrading elements. The third-generation, which dominates contemporary structural 
engineering  research,  centers  on  predictive  maintenance  [5].  By  utilizing  continuous  monitoring 
technologies, predictive maintenance attempts to forecast structural degradation and schedule interventions 
precisely  before failures occur.  However,  the practical  execution of  predictive  maintenance has been 
hampered by the fragmentation of monitoring data, engineering models, and decision-making processes. 
Traditional structural health monitoring systems collect vast quantities of sensor data, yet these systems 
often  function  as  passive  recording  devices.  The  translation  of  raw time-series  data,  such as  strain, 
acceleration, and temperature, into high-level indicators of structural capacity requires laborious manual 
processing, specialized engineering knowledge, and significant computational time. As a result, critical 
maintenance  decisions  are  often  delayed,  and the  predictive  potential  of  structural  health  monitoring 
remains underutilized.

2.2 Digital Twin Architecture for Civil Infrastructure

To overcome the limitations of passive monitoring systems, researchers have proposed the deployment of 
digital twins in civil infrastructure [6]. The structural architecture of a digital twin for smart bridges typically  
comprises five primary dimensions: the physical asset, the virtual model, the connection layer, the data 
repository, and the service application layer [7]. The physical asset represents the actual bridge structure, 
including its structural members, foundation, and environmental surroundings. The virtual model consists of 
multi-scale geometric and physics-based models, such as high-fidelity finite element representations, which 
are capable of simulating structural mechanics and dynamics under diverse load cases. The connection 
layer encompasses the communication protocols and hardware interfaces that facilitate bidirectional data 
transfer  between  the  physical  bridge  and  the  virtual  model.  The  data  repository  acts  as  the  central  
intelligence hub, aggregating historical maintenance records, real-time sensor streams, weather forecasts, 
and numerical simulation outputs. Finally, the service application layer provides user interfaces, visualization 
tools, decision support algorithms, and predictive analytics designed for bridge operators and engineers [8]. 
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By synthesizing these five dimensions, a digital twin creates a continuous cyber-physical loop, enabling the 
virtual model to evolve alongside the physical structure as it undergoes aging, wear, and environmental 
exposure. This dynamic evolution is crucial for maintaining the accuracy of structural health predictions over 
decadal time horizons.

2.3 Knowledge Gaps in Decision Integration

While the technical components of digital twins have been extensively researched, a significant gap remains 
in understanding how these systems integrate with organizational decision-making processes [9]. Most 
existing studies focus on the technical  challenges of  digital  twin implementation,  such as high-fidelity 
geometric modeling, sensor calibration, and cloud-computing infrastructure. Far less attention has been 
paid to the decision-making workflows of bridge operators, who must balance structural safety constraints 
against  budgetary  limits,  political  pressures,  and  traffic  disruption  concerns.  Consequently,  many 
sophisticated digital twin models remain academic exercises, failing to gain acceptance among practicing 
maintenance engineers who rely on established, albeit conservative, empirical guidelines. Bridging this gap 
requires a systematic analysis of how digital twin outputs, such as real-time reliability indices and localized 
stress contours, can be directly mapped to specific maintenance actions, ranging from localized crack 
injection to major cable tension adjustments [10]. To achieve this, researchers must document empirical 
case studies that demonstrate not only the technical feasibility of digital twins but also their operational and 
economic benefits in real-world infrastructure management.

3. Methodology and Case Selection

3.1 Digital Twin Framework Design

The methodology adopted in this study is anchored in a cyber-physical system framework designed to 
operationalize digital twin technology for bridge maintenance. This framework establishes an automated 
pipeline that  links  physical  sensor  observations to  numerical  simulation engines and decision-making 
algorithms [11]. The primary challenge in this pipeline is the real-time calibration of the high-fidelity finite  
element model. As temperature fluctuations, traffic cycles, and material degradation alter the structural 
characteristics of the bridge, the virtual model must be updated to reflect these changes. To achieve this,  
the digital twin utilizes an automated model updating algorithm based on Bayesian inference and genetic 
optimization [12]. The system continuously extracts modal parameters, such as natural frequencies and 
mode  shapes,  from  acceleration  data  using  operational  modal  analysis.  These  experimental  modal 
parameters are then compared with the analytical outputs of the finite element model. The genetic algorithm 
iteratively calibrates structural parameters, including concrete elasticity modules and boundary condition 
stiffnesses, to minimize the discrepancy between experimental and analytical results. This ensures that the 
digital twin remains an accurate mathematical representation of the physical bridge at any given point in  
time.

Table 1: Sensor Configuration and Data Transmission Specifications

Sensor Type Parameters Measured Sampling Frequency Transmission Protocol

Accelerometer
Structural vibration and 
acceleration

100 Hz Fiber Optic Network

Strain Gauge
Dynamic strain and stress 
cycles

50 Hz Modbus RTU

Anemometer Wind speed and direction 1 Hz Ethernet

Displacement Transducer
Expansion joint 
displacement

10 Hz CAN bus

Temperature Sensor
Concrete and ambient 
temperature

0.1 Hz LoRaWAN

3.2 Case Study Context: The Hanjiang River Smart Bridge

To demonstrate the practical application of this framework, we examine the Hanjiang River Smart Bridge, a 
multi-span cable-stayed bridge spanning 1200 meters, which serves as a vital corridor for freight traffic. 
Given its exposure to heavy industrial traffic and seasonal extreme weather, the bridge was equipped with 
an extensive digital twin system during its recent structural upgrade campaign [13]. The physical bridge is 
monitored  by  an  array  of  over  200  sensors,  including  accelerometers,  strain  gauges,  displacement 
transducers, and environmental sensors, as outlined in Table 1. The digital twin platform for this bridge was 
built  upon a three-dimensional building information model integrated with a cloud-based finite element 
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analysis engine. This system allows operations personnel to monitor localized structural stress variations in 
real time, visualize structural deformation under live traffic loads, and receive early warning notifications 
regarding  structural  anomalies.  The  integration  of  this  system  has  transformed  how  maintenance 
inspections,  scheduled repairs,  and emergency responses are coordinated by the local  transportation 
agency.

Figure 1: Comprehensive Schematic of Digital Twin Data Flow and Decision Integration Framework for Smart Bridge 
Operations

3.3 Data Acquisition and Modeling Protocol

The data acquisition and modeling protocol implemented on the Hanjiang River Smart Bridge follows a 
rigorous multi-stage pipeline designed to ensure high data quality and robust simulation accuracy. Raw 
sensor readings are first aggregated at edge computing nodes positioned on the bridge pylons, where 
preliminary filtering and denoising are performed. For instance, high-frequency acceleration signals are 
filtered using a low-pass Butterworth filter to eliminate environmental noise while preserving structural  
vibration characteristics. The cleaned data is then transmitted via a secure fiber-optic network to the central 
cloud platform. Here, the data is stored in a hybrid SQL and NoSQL database architecture, which allows for 
fast  querying  of  historical  trends  alongside  high-velocity  real-time  streams.  Simultaneously,  the  finite 
element analysis engine executes structural simulation runs at scheduled intervals and in response to 
predefined triggering events, such as extreme wind gusts or heavy truck crossings. These simulations 
compute the dynamic structural responses, internal forces, and fatigue damage accumulation across all  
critical bridge components. By comparing the simulated stress levels against the material design limits, the 
system continuously calculates localized safety factors and fatigue life expectancies, which are visually 
mapped onto the three-dimensional geometric model for direct inspection by engineering staff.

4. Analytical Results and Discussion

4.1 Real-Time Structural Assessment Outcomes

The deployment of the digital twin on the Hanjiang River Smart Bridge yielded significant enhancements in 
the  speed  and  accuracy  of  structural  health  assessments.  Prior  to  system  integration,  structural 
assessments  relied  on  manual  inspections  conducted  semi-annually,  supplemented  by  basic  alarm 
thresholds on isolated sensors. This legacy framework was highly susceptible to delayed detection and false 
alarms caused by environmental  temperature swings, which often mimicked structural anomalies [14]. 
Under  the  digital  twin  framework,  the  automated  model  updating  algorithm  successfully  decoupled 
environmental  temperature effects from structural stiffness degradation. When a localized reduction in 
stiffness occurred due to micro-cracking in the concrete deck, the system detected the change within hours, 
pinpointing the location to within a five-meter radius. This localized detection capability is directly attributed 
to the continuous comparison between the real-time sensor streams and the calibrated finite element model, 
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which acts  as  a  dynamic  baseline.  The  performance improvements  achieved  through this  integrated 
approach are summarized in Table 2, highlighting substantial reductions in detection latency, false alarm 
rates, and overall decision-making timelines.

Table 2: Operational Performance Comparison of Maintenance Decision Systems

Evaluation Metric Legacy SHM Framework Digital Twin Integration Percentage Improvement

Mean Time to Anomaly 
Detection

72.4 hours 2.1 hours 97.1 percent

False Alarm Rate 18.5 percent 3.2 percent 82.7 percent

Decision Preparation 
Duration

14 days 1.5 days 89.2 percent

Scheduled Maintenance 
Overhead

125000 USD 88000 USD 29.6 percent

Unscheduled Down Time 48 hours 4 hours 91.6 percent

4.2 Impact on Predictive Maintenance Planning

In addition to real-time anomaly detection, the digital twin has fundamentally reshaped long-term predictive 
maintenance planning for the bridge. By continuously calculating fatigue damage accumulation using real-
time strain gauge data and traffic weigh-in-motion inputs, the system estimates the remaining useful life of 
individual structural components, such as the steel stay cables and orthotropic steel decks [15]. Instead of 
scheduling costly cable inspections and tension adjustments at fixed calendar intervals, the maintenance 
agency now schedules interventions based on the accumulated fatigue damage index provided by the digital 
twin. This approach has led to a significant reduction in unnecessary field operations, minimizing lane 
closures and associated public economic losses. For example, during a routine maintenance planning cycle, 
the digital twin revealed that several stay cables, which were scheduled for tension adjustment under the 
preventive schedule, had experienced lower fatigue accumulation than anticipated due to localized traffic 
patterns. Consequently, their maintenance was safely deferred by two years, saving direct maintenance 
costs while redirecting scarce engineering resources to highly stressed deck joints that required immediate 
rehabilitation.

4.3 Practical Challenges and Implementation Barriers

Despite these documented benefits, the implementation of the digital twin at the Hanjiang River Smart 
Bridge revealed several practical challenges that must be addressed for broader industry adoption. The first 
primary challenge relates to the long-term durability  and reliability  of  the sensor network [16].  Bridge 
environments are highly corrosive and subjected to severe vibration and temperature extremes, leading to 
progressive sensor drift and hardware failures. If sensor drift is not detected and corrected, the digital twin 
will calibrate its virtual model using corrupted data, leading to erroneous structural assessments. To mitigate 
this, self-diagnosis algorithms must be integrated into the data preprocessing pipeline to identify and isolate 
faulty sensors automatically. The second major barrier is the high computational cost of running high-fidelity 
finite element simulations in real time. To maintain interactivity within the digital twin visualization platform,  
the system must utilize surrogate modeling techniques, such as artificial neural networks or reduced-order 
modeling,  to  approximate  complex  structural  behaviors  instantaneously  without  sacrificing  physical 
accuracy. Finally, the integration process highlighted significant organizational resistance, as maintenance 
crews accustomed to visual inspection routines had to be trained to trust and operate the digital platform. 
Overcoming this hurdle requires the development of intuitive user interfaces that present engineering data 
in an easily digestible, highly visual format suitable for non-expert field personnel.

5. Conclusions and Future Directions

5.1 Key Findings

This  study  has  demonstrated  the  critical  value  of  integrating  digital  twin  technology  with  operational  
maintenance  decisions  for  large-scale  bridge  infrastructure.  By  analyzing  the  implementation  of  a 
comprehensive cyber-physical digital twin on the Hanjiang River Smart Bridge, we have shown that this 
technology bridges the historical gap between passive data collection and active decision-making. The 
system achieved a ninety-seven percent reduction in mean time to anomaly detection and lowered the false 
alarm rate to just over three percent. Furthermore, the ability of the digital twin to continuously calibrate its 
physics-based virtual model against real-time physical observations enabled precise fatigue life forecasting, 
facilitating a shift from schedule-based preventive maintenance to demand-driven predictive maintenance. 
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These findings provide strong empirical evidence that digital twins can simultaneously improve structural 
safety, reduce operational costs, and minimize unscheduled bridge downtime.

5.2 Theoretical and Practical Implications

The theoretical implications of this research lie in the systematization of cyber-physical integration for civil  
infrastructure. While previous studies have treated digital twins primarily as visual representations or data 
storage repositories, this paper establishes a formalized framework where real-time sensor observations 
actively  drive  mathematical  model  calibration  and  maintenance  decision  support.  This  advances  the 
scientific understanding of how complex, heterogeneous data streams can be synthesized with physical 
principles to manage uncertainty in civil infrastructure systems. From a practical standpoint, this research 
offers a blueprint for transportation agencies, structural engineers, and software developers aiming to deploy 
digital  twin  platforms.  The  case  analysis  outlines  the  necessary  hardware  configurations,  modeling 
protocols,  and software architectures,  while demonstrating the direct  economic benefits  of  digital  twin 
integration in terms of reduced operational overhead and optimized resource allocation.

5.3 Limitations and Path Forward

While the results of this study are highly promising, several limitations must be acknowledged. First, the 
capital  cost of  deploying and maintaining a dense sensor network and cloud computing infrastructure 
remains high, which may limit the feasibility of digital twins for smaller, less critical bridge assets. Future 
research should explore cost-effective sensor layouts and optimized deployment strategies to maximize the 
information gain per sensor. Second, this study relied on a single case analysis of a cable-stayed bridge;  
consequently, future work should apply this framework to other bridge typologies, such as suspension and 
arch bridges, to validate its generalizability. Additionally, future efforts should focus on integrating machine 
learning-based surrogate models to reduce the computational burden of real-time finite element simulations, 
thereby enhancing the responsiveness and scalability of digital twin systems. Finally, standardizing data 
exchange formats and interoperability protocols across different proprietary software tools will be essential 
to  foster  widespread  adoption  and  enable  seamless  integration  with  regional  geographic  information 
systems and asset management systems.
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