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Abstract

This study presents a systematic review of Artificial Intelligence (Al) in vehicular bridge
engineering, covering design, monitoring, and lifecycle decision support. The objective
is to identify, classify, and critically analyze the main Al methods applied across the
bridge lifecycle, including Machine Learning (ML), Deep Learning (DL), Artificial Neural
Networks (ANNSs), and Optimization Algorithms (OAs). The review follows the PRISMA
2020 framework to ensure transparency and reproducibility, considering publications
from 2018 to 2026. The results show that Al applications span the entire bridge lifecycle;
however, current research is predominantly concentrated in Structural Health Monitoring
(SHM), damage detection, inspection, and predictive maintenance, while design-oriented
applications—such as optimization, surrogate modeling, and structural analysis—remain
comparatively less developed. Importantly, SHM data serve as a key input for data-driven
modeling, enabling design optimization, reliability assessment, and lifecycle decision
support. Classical ML methods remain effective for structured datasets, whereas DL models,
particularly convolutional and recurrent neural networks, dominate image-based and time-
series applications. In addition, hybrid physics-informed AI approaches are emerging to
improve model reliability and interpretability. The review also identifies key challenges,
including data quality limitations, lack of standardized methodologies, limited integration
with engineering design codes, and barriers related to trust, expertise, and regulatory
frameworks. Overall, the findings highlight a shift toward integrated digital frameworks,
including digital twins and multimodal data fusion, to support more reliable monitoring
and lifecycle decision-making. This study provides a comprehensive synthesis of current
developments and outlines future research directions toward more resilient and intelligent
bridge infrastructure systems.

Keywords: artificial intelligence; vehicular bridges; structural health monitoring; machine
learning; deep learning

1. Introduction

Vehicular bridges are critical components of modern transportation infrastructure,
enabling the safe and efficient movement of people and goods across urban and interurban
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networks [1]. Their structural reliability directly influences economic productivity, public
safety, and the resilience of transportation systems [2]. As traffic volumes increase and
bridge networks age, ensuring the optimal design, monitoring, maintenance, and lifecy-
cle management of these structures has become a major engineering challenge of these
structures has become a major engineering challenge [3].

Conventional bridge design approaches rely heavily on deterministic analytical mod-
els, empirical design codes, and numerical simulations such as Finite Element Methods
(FEMs) [4]. Although these techniques have proven effective, they often require extensive
computational resources, simplified assumptions, and significant engineering expertise to
address the complex interactions between structural components, environmental condi-
tions, and dynamic traffic loads [5].

In recent years, advances in computational methods and data-driven technologies have
introduced new possibilities for improving structural design and analysis [6,7]. Artificial
Intelligence (Al), including Machine Learning (ML) and its subset Deep Learning (DL),
together with Evolutionary Optimization Algorithms (EOA), has emerged as a powerful
tool for solving complex engineering problems characterized by nonlinear relationships,
large datasets, and uncertainty [8].

In the field of structural engineering, Al techniques have been increasingly applied
to tasks such as Structural Health Monitoring (SHM), damage detection, predictive main-
tenance, performance optimization, and decision support [9]. These methods enable the
extraction of meaningful patterns from structural and operational data, facilitating more ac-
curate predictions and more efficient design processes compared with traditional analytical
approaches [10].

Within bridge engineering, Al-based approaches have demonstrated considerable
potential for improving the design and management of vehicular bridges [11]. ML models
have been used to predict structural responses under various loading scenarios, esti-
mate material properties, and optimize geometric parameters for improved structural
performance [12]. DL techniques, particularly Convolutional Neural Networks (CNNs),
have shown remarkable capabilities in automated damage detection through computer vi-
sion applications, allowing for rapid identification of cracks, corrosion, and other structural
defects [13].

Similarly, OA such as Genetic Algorithms (GAs), Particle Swarm Optimization (PSO),
and differential evolution have been successfully integrated with structural analysis tools
to enhance bridge design processes by minimizing construction costs, material usage, or
environmental impact while maintaining structural safety and serviceability [14].

Recent studies have also explored the integration of Al with advanced simulation envi-
ronments, sensor networks, and digital twin technologies to create intelligent infrastructure
systems capable of real-time monitoring and real-time monitoring and lifecycle decision
support [15-17]. These developments are particularly relevant in the context of smart cities
and sustainable infrastructure, where the efficient management of large-scale bridge net-
works requires innovative solutions capable of handling vast amounts of data and complex
operational conditions [18]. Furthermore, Al-based models have been increasingly used to
improve reliability analysis, risk assessment, and resilience evaluation of bridge structures
under extreme events such as earthquakes, floods, and heavy traffic loads [19].

Despite the rapid growth of Al applications in structural engineering, the litera-
ture remains fragmented, with many studies focusing on specific algorithms or isolated
applications [20]. While several reviews have examined Al in civil engineering or SHM
more broadly, there is still a lack of comprehensive systematic reviews specifically address-
ing the role of Al in the design and optimization of vehicular bridges [21,22].
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Likewise, existing studies often emphasize monitoring or damage detection, reflecting
the current maturity of the field, while design-oriented applications remain comparatively
less developed [23]. Consequently, a structured synthesis of current research is necessary
to identify dominant methodologies, emerging applications, and research gaps within this
rapidly evolving field [24].

Therefore, this study seeks to address the following research questions:
¢ What Al methods have been most widely applied to vehicular bridge engineer-

ing across the lifecycle, including design, monitoring, and maintenance, in recent

scientific literature?

*  How can Al-based approaches be systematically classified according to their method-
ological characteristics and engineering applications?

¢  What technological trends, limitations, and research gaps exist in the integration of Al
into bridge engineering and infrastructure management?

The objective of this research is to conduct a systematic review of Al methods applied
to vehicular bridge engineering, focusing on design, monitoring, and lifecycle decision sup-
port. Although the review includes design-oriented applications, the analysis reveals that
current research is more strongly concentrated in monitoring, inspection, and maintenance
domains. The study follows the PRISMA 2020 (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) [25] guidelines to ensure transparency, methodological rigor,
and reproducibility in the literature review process. By synthesizing recent advances in Al
for bridge engineering, this work aims to provide a structured framework for understand-
ing the current state of the field while highlighting future research opportunities for more
integrated and lifecycle-oriented Al applications in bridge engineering.

This imbalance reflects both the availability of real-world monitoring data and the
current stage of technological maturity, and highlights the need for further research in
Al-driven design methodologies for bridge engineering.

The remainder of this paper is organized as follows. Section 2 describes the methodol-
ogy of the systematic review, including the search strategy, inclusion and exclusion criteria,
and data analysis procedures based on the PRISMA framework. Section 3 presents the
results of the literature analysis, focusing on the classification of AI methods and their
applications in vehicular bridge design and analysis. Section 4 discusses the main findings,
technological trends, and limitations identified in the reviewed studies. Finally, Section 5
summarizes the key conclusions and provides recommendations for future research in the
integration of Al into bridge engineering and smart infrastructure systems.

2. Materials and Methods
2.1. Artificial Intelligence Modeling and Analytical Framework

This section defines the analytical framework used to interpret and compare Al appli-
cations across the studies included in this systematic review. The methodology combines a
structured literature review process with an analytical framework aimed at interpreting
how Al models are used in different bridge engineering applications. The review procedure
follows the PRISMA 2020 guidelines [25] to ensure transparency and reproducibility in the
identification, screening, and synthesis of scientific literature.

This section is not intended as a general tutorial on Al, but rather as a conceptual
framework to support the classification and interpretation of the studies included in
the review.

2.1.1. Artificial Intelligence Modeling Framework

In the reviewed studies, AI models are commonly formulated as mappings between
input monitoring data and predicted structural conditions. In general, Al-based models
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learn relationships between structural measurements and engineering outputs such as
damage states, structural responses, or condition indices [26]:

y=f(X9) 1)

where X represents input data obtained from monitoring systems or inspection datasets, y
denotes the predicted output, and 6 represents model parameters.

In the reviewed studies on bridge SHM, input variables may include vibration signals,
strain measurements, displacement data, environmental parameters, or inspection images
collected from cameras or UAV platforms. Al algorithms such as ML, Artificial Neural
Networks (ANNSs), and DL models extract patterns from these datasets to support tasks
such as damage detection, deterioration prediction, and automated inspection [26-28].

Within this review, this general formulation is used to interpret and compare how
different studies map structural data to engineering decisions across application domains.

2.1.2. Role of Model Training and Prediction Tasks

Across the reviewed studies, model training is typically framed as either regression or
classification tasks, depending on the engineering objective. This review focuses on how
these tasks are implemented, including training strategies, validation approaches, and
performance evaluation in applied bridge engineering contexts.

Rather than focusing on specific mathematical formulations, this review analyzes how
different studies implement training strategies, validation approaches, and performance
evaluation in practical engineering contexts [27,28].

This perspective allows comparing studies based on their modeling strategies and
application objectives rather than on their specific mathematical formulations.

2.1.3. Structural Damage Indicators and SHM Context

Structural health monitoring (SHM) systems rely on damage-sensitive indicators de-
rived from structural responses, such as vibration or modal properties. Variations in natural
frequencies, mode shapes, or damping ratios are commonly used to identify structural
changes associated with damage [27,29].

Al algorithms are applied to analyze these indicators and detect structural anomalies,
particularly in systems where continuous monitoring data are available. These indicators
provide a common basis for comparing how different AI methods are applied to damage
detection and condition assessment tasks.

In this review, such indicators are not analyzed from a theoretical perspective, but as
representative inputs used in the studies included in the synthesis.

2.1.4. Multimodal Data and Integrated Monitoring Frameworks

Modern bridge monitoring systems increasingly rely on multiple sensing technologies,
including vibration sensors, fiber optic systems, displacement sensors, and computer vision
platforms. AI methods enable the integration of these heterogeneous datasets through
multimodal data analysis techniques [26,28].

These approaches improve the robustness of structural condition assessment and sup-
port advanced monitoring frameworks such as digital twins and integrated SHM systems.
The ability to combine multiple data sources is particularly important for distinguishing
between environmental variability and structural damage in real-world conditions.

Within this study, multimodal data integration is considered as a key dimension in the
classification of Al applications across different bridge engineering domains.
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2.1.5. Link to the Analytical Framework of the Review

The concepts described in this section provide a unified perspective that supports
the coding and classification framework used in this review. Specifically, they inform the
categorization of studies according to data types, Al methods, application domains, and
bridge lifecycle stages, as presented in Section 3.

Overall, this analytical framework enables a consistent and application-oriented syn-
thesis of Al methods in vehicular bridge engineering.

2.2. Methodological Design of the Systematic Review Using the PRISMA Protocol

The study was conducted following the PRISMA 2020 methodology [25], a standardized
framework designed to improve transparency, reproducibility, and methodological rigor in
systematic reviews. PRISMA provides a structured approach supported by a 27-item check-
list and a flow diagram that illustrates the progression of studies through the identification,
screening, eligibility, and inclusion phases. The implementation of this methodology allows
for minimizing potential biases while ensuring a reliable and comprehensive synthesis of
the available scientific literature.

The objective of this systematic review was to analyze the current state of research on
Al techniques, including ML, DL, neural networks, and evolutionary algorithms, applied to
vehicular bridge design, structural analysis, monitoring, and optimization. The study aims
to identify the most relevant methodologies, application domains, and emerging research
trends in the integration of intelligent systems within bridge engineering. A structured
review protocol was defined prior to the execution of the search process.

This protocol included the definition of research questions, selection criteria, search
strategy, data extraction procedures, and analysis methods. Establishing this protocol
ensured consistency throughout the review process and enhanced the reproducibility of
the results.

The literature search was conducted using the Scopus database due to its extensive
coverage of peer-reviewed publications in engineering and interdisciplinary research. The
search strategy was based on a Boolean query applied to the title, abstract, and keyword
fields (TITLE-ABS-KEY), combining terms related to Al and vehicular bridge design.

The final search string used in Scopus was defined as follows:

TITLE-ABS-KEY(("artificial intelligence" OR "machine learning" OR

"deep learning" OR "neural network*" OR "data-driven")

AND ("bridge design" OR "bridge optimization" OR "bridge structural" OR
"bridge monitoring" OR "bridge assessment" OR "bridge evaluation" OR
"bridge health monitoring"))

AND (PUBYEAR > 2017 AND PUBYEAR < 2027)

AND (LIMIT-TO(DOCTYPE, "ar") OR

LIMIT-TO(DOCTYPE, "re")) AND (LIMIT-TO(LANGUAGE, "English"))

The initial search yielded 526 records, which were subsequently refined through the
PRISMA screening process.

Additional filters were applied to restrict the results to publications between 2018
and 2026, within the subject areas of engineering, computer science, materials science, and
mathematics. Only research articles and review papers written in English were considered.

To ensure the relevance and quality of the selected studies, inclusion and exclusion
criteria were carefully defined. Only studies focused on the application of Al in vehicular
bridge design and related structural engineering problems were included. Publications
outside the selected subject areas or those not directly related to bridge engineering appli-
cations were excluded.
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Additionally, duplicate records, non-peer-reviewed documents, and studies lacking
sufficient methodological detail were removed during the selection process. Special atten-
tion was given to excluding works that focused exclusively on theoretical models without
practical engineering application or those unrelated to infrastructure systems.

The screening process was conducted using a sequential filtering approach. First,
duplicate records were removed automatically. Second, titles and abstracts were systemati-
cally reviewed to exclude studies that did not address bridge engineering applications or
did not involve Al techniques. Third, full-text articles were assessed to verify compliance
with inclusion criteria, ensuring consistency across the selection process.

In the eligibility phase, full-text articles were assessed in detail according to the estab-
lished criteria. Finally, in the inclusion phase, only those studies that met all requirements
were selected for qualitative synthesis and analysis. Data extraction was performed sys-
tematically for each selected study. Relevant information such as authorship, year of
publication, type of Al technique, application domain, type of bridge, data sources, key
findings, and limitations was collected. This process enabled a structured comparison of
methodologies and facilitated the identification of patterns and trends within the literature.

To ensure the reliability and consistency of the qualitative assessment, each study
was evaluated based on four criteria: (i) methodological clarity, (ii) relevance to vehicular
bridge engineering, (iii) data robustness, and (iv) contribution to the field. Each criterion
was assessed using a three-level scale (high, medium, low).

Studies were included in the final synthesis if they demonstrated at least moderate
relevance and methodological clarity. Studies were excluded if they lacked sufficient
technical detail, did not provide clear methodological descriptions, or were not directly
related to bridge engineering applications.

This evaluation framework was applied consistently across all selected studies to
support a structured and transparent evidence synthesis.

Finally, a qualitative synthesis of the selected studies was carried out to classify Al
techniques, identify application areas, and detect research gaps and emerging trends. This
analysis provided a comprehensive overview of the current state of Al in vehicular bridge
design and highlighted future research directions, particularly in areas such as digital twins,
smart infrastructure, and predictive maintenance systems.

The application of the PRISMA methodology, together with the defined evalu-
ation framework, ensured a transparent, reproducible, and methodologically robust
review process.

Likewise, the review protocol was retrospectively registered in the Open Science
Framework (OSF) to ensure transparency and reproducibility of the review process, the link
of registration is: (https://doi.org/10.17605/OSFIO/NG4PK, accessed on 19 March 2026)
and the completed PRISMA 2020 checklist is provided as Supplementary Material.

2.3. PRISMA Flow Diagram and Study Selection Process

The PRISMA flow diagram (Figure 1) illustrates the systematic selection process of the
scientific literature included in this study. The diagram visually summarizes the progression
of records through the four main stages of the PRISMA methodology: identification,
screening, eligibility, and inclusion.

In the identification phase, a total of 526 records were retrieved from the Scopus
database using the defined search strategy. After initial filtering, 482 records remained for
further analysis. During the screening phase, titles and abstracts were evaluated, leading to
the exclusion of 53 studies that were considered irrelevant or outside the scope of vehicular
bridge engineering and Al applications. This initial filtering step reflects the intentionally
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broad nature of the search strategy, which was designed to maximize coverage and was
subsequently refined to focus on engineering-specific contributions.

Identification of studies via databases and registers

Phase 1.

Records identified from Scopus data-

base searching (n=526)

Records excluded

(n=44)

A 4

Phase 2.
Records after initial filtering (n=482)

Record excludes

v Irrelevant topics, outside scope

Phase 3. (n=53)
Full-text articles assessed for eligibili-
ty (n=429)
R Full text articles excluded
! Non-engineering studies, insufficient details
Phase 4. (n=284)

Studies included in the systematic re-

view (n=145)

Figure 1. PRISMA flow diagram of the study selection process for Al in vehicular bridge engineering.

Subsequently, 429 full-text articles were assessed for eligibility. The eligibility as-
sessment was conducted based on predefined inclusion and exclusion criteria to ensure
consistency in the selection process. At this stage, 284 studies were excluded due to reasons
such as insufficient methodological detail, lack of direct application to bridge engineering,
or focus on non-engineering domains. This phase was critical to ensure that only studies
with a strong methodological foundation and direct relevance to the research objectives
were included.

Finally, 145 studies were selected for qualitative synthesis. This reduction from the
initial dataset reflects the rigorous filtering process required in systematic reviews to ensure
both relevance and scientific quality.

From an analytical perspective, the PRISMA diagram reveals several important in-
sights. First, the significant reduction in the number of studies between the identification
and screening stages indicates that, although Al is widely studied, only a limited subset
is directly applicable to vehicular bridge engineering. This suggests a fragmentation of
research across domains and highlights the need for more focused interdisciplinary studies.

Second, the high number of exclusions during the eligibility phase underscores the vari-
ability in methodological quality within the field. Many studies lack sufficient experimental
validation or practical engineering application, which limits their inclusion in rigorous
systematic analyses. This finding emphasizes the importance of developing standardized
methodologies and validation frameworks in Al-based bridge engineering research.

Overall, the PRISMA flow diagram not only documents the study selection process
but also provides insight into the maturity and structure of the research field. The results
suggest that while there is growing interest in the application of Al to bridge engineer-
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ing, further efforts are needed to standardize methodologies, improve data quality, and
strengthen the integration between computational techniques and real-world engineer-
ing applications.

All numerical values reported in Figure 1, this section, and the Supplementary PRISMA
checklist have been cross-validated to ensure full internal consistency and reproducibility
of the study selection process.

2.4. Bibliometric Network Analysis of Artificial Intelligence in Vehicular Bridge Research

The bibliometric network map (Figure 2) was generated using VOSviewer software,
(version 1.6.20) and illustrates the co-occurrence relationships among keywords related to
Al applications in infrastructure and transportation systems, providing contextual insight
into the broader research landscape in which vehicular bridge studies are embedded. The
network is organized into multiple clusters differentiated by color, each representing a
thematic subdomain. Nodes represent keywords, with their sizes reflecting frequency of
occurrence, while the links indicate the strength of co-occurrence relationships.
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Figure 2. Keyword co-occurrence network of Al applications in infrastructure and transportation
systems generated using VOSviewer. Node size represents keyword frequency, while links indicate
co-occurrence strength. The figure provides contextual background situating bridge-related research
within the broader Al and infrastructure domain.

The network reveals a highly interconnected and multidisciplinary research structure,
where central nodes such as “machine learning”, “deep learning”, “learning systems”, and
“neural networks” act as dominant hubs, indicating that these techniques constitute the
core methodological foundation across infrastructure-related applications. These terms
are strongly linked to application-oriented concepts such as “optimization”, “forecasting”,
and “performance”, suggesting that Al is primarily employed for predictive modeling and
decision-support tasks.

A detailed analysis of the clusters highlights distinct but interconnected research
domains. The red cluster is mainly associated with DL and advanced computational
approaches, including topics such as autonomous systems, aerial vehicles, and real-time
analysis, reflecting the broader integration of Al in intelligent transportation systems.
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The green and blue clusters are primarily related to optimization techniques and
algorithmic development, including genetic algorithms, particle swarm optimization, and
neural network-based modeling. These clusters emphasize the role of optimization-driven
approaches across engineering applications.

The yellow cluster focuses on data-driven technologies and digital infrastructure,
including Internet of Things (IoT), cloud computing, and edge computing, indicating the
transition toward smart infrastructure systems and real-time data processing environments.

Additionally, the purple cluster is associated with cybersecurity and network-related
topics, highlighting emerging concerns related to data integrity, communication reliability,
and system security in Al-enabled infrastructure systems.

Although the network reflects a broad and multidisciplinary research landscape,
the relatively limited presence of explicitly bridge-focused terms indicates that research
specifically targeting vehicular bridge design represents a more specialized and emerging
subset within the wider field of Al applications.

Overall, the bibliometric analysis provides contextual insight into the intellectual
structure of Al research in infrastructure systems. It highlights the dominance of ML
methodologies, the importance of optimization and digital infrastructure, and under-
scores the need for stronger integration of these approaches within bridge-specific
engineering applications.

3. Results

To improve conceptual clarity, the results are organized into four main subdomains
of Al applications in vehicular bridge engineering: (i) design optimization and structural
analysis, (ii) surrogate modeling and reliability assessment, (iii) monitoring and inspection,
and (iv) lifecycle decision support.

This structure reflects both the functional roles of Al across the bridge lifecycle and the
current distribution of research efforts, where monitoring and inspection applications are
more mature, whereas design-oriented approaches remain comparatively less developed.

Likewise, to further improve clarity and analytical depth, the results distinguish
between overview tables that classify Al methods and applications, and evidence-based
tables that compare representative studies in terms of datasets, validation strategies, and
reported performance.

3.1. Al Methods Across the Vehicular Bridge Lifecycle

The application of Al techniques in vehicular bridge engineering spans a broad range
of analytical tasks, including condition assessment, damage detection, deterioration predic-
tion, and inspection automation. The increasing availability of monitoring data, inspection
imagery, and traffic information has enabled the adoption of data-driven approaches for
analyzing bridge behavior and supporting infrastructure management. Consequently, dif-
ferent algorithmic families have been adopted depending on the characteristics of the
available datasets and the specific engineering objectives.

In bridge engineering practice, classical ML algorithms are frequently applied to
structured datasets derived from inspections and monitoring systems, whereas DL models
are typically used when large image datasets or complex temporal signals are involved.
This diversity of approaches reflects the wide range of analytical challenges encountered
throughout the lifecycle of bridge infrastructure [21,22,30-34].

Table 1 summarizes representative Al techniques reported in the literature for vehic-
ular bridge applications. The table highlights the relationship between algorithm type,
the engineering tasks addressed, the most common data sources, and the advantages and
limitations associated with each method.

https:/ /doi.org/10.3390/ai7060192
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Table 1. Overview classification of Al method families in vehicular bridge engineering, including

typical tasks and associated data types.

. . . Primary
AI Method Typical Bridge Task Main Data Type Engineering Role References
Decision Trees, Random Damage classification, SHM sensors, inspection Data-driven classification [21,22,32,34]
Forest, GBM condition/state prediction  data and condition assessment e
Vlbrat}on—based damage Acceleration signals, Pattern recognition in
SVM detection, pattern : . [21,32]
e modal properties SHM signals
classification
Deterioration prediction, . . .
ANN, MLP structural response Load history, traffic data, Nonhr}ear struc?ural [21,22,32-34]
. damage records behavior modeling
modeling
Crack detection, Inspection images, Vision-based inspection
CNN defect identification UAV imagery and damage detection [22,30-32,35]
RNN/LSTM Time-series an.al}'lsw, Sensor s'1gnals, traffic Temporal model'mg of [21,22,31]
response prediction time series structural behavior
. . Integration of
. ety szt naly il models physics-based and [21,22,30,33]
Py gility Y data-driven modeling
Expert Inspectlon support, Inspection protocols, Rule-based
maintenance . . .. [30,34]
systems/rule-based . engineering standards decision support
prioritization
Classical computer vision  Displacement tracking, Video monitoring, Feature extraction in [22,32,35]

(e.g., SIFT)

feature recognition

UAV imagery

visual monitoring

Table 1 highlights several important trends in the use of Al methods for vehicular
bridge applications. Classical ML algorithms such as tree-based models and SVM remain
widely used for condition classification and vibration-based damage detection tasks due to
their ability to perform well with relatively small datasets and their robustness to noisy
monitoring measurements [21,22,32]. These characteristics make them particularly suitable
for applications where inspection data or limited monitoring records are available.

Neural network models, including ANN and recurrent architectures, are increasingly
used to address prediction problems involving deterioration processes and structural
response analysis. Their capability to capture nonlinear relationships between traffic loads,
structural behavior, and damage evolution makes them especially suitable for long-term
monitoring and predictive maintenance applications [21,22,32-34].

Table 1 also indicates the growing importance of computer vision approaches for auto-
mated bridge inspection. CNN-based models have significantly improved the detection of
cracks, corrosion, and surface defects in inspection imagery obtained from field surveys or
UAV platforms [22,30,35]. This effectiveness stems from their ability to learn hierarchical
feature representations directly from raw image data, progressively increasing selectivity
toward damage-relevant patterns while remaining invariant to irrelevant variations such
as background clutter, lighting changes, and camera pose—limitations that constrain tradi-
tional hand-crafted feature extractors and shallow classifiers such as SVMs [36]. Despite
their high accuracy, these models typically require large labeled datasets and may present
limitations when inspection conditions differ from those used during model training.

This challenge is particularly relevant in operational monitoring contexts, where DL
models must contend with continuously changing environmental and inspection conditions,
such as variations in lighting, temperature, and viewing geometry [37]. Furthermore,
conventional CNN-based classification frameworks face an additional limitation: they
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typically require retraining when new structural components or inspection scenarios
are introduced.

To address these challenges, alternative approaches such as similarity-based methods,
including Siamese Convolutional Neural Networks, have been proposed. These approaches
reformulate damage detection and classification as a similarity learning problem, enabling
the identification of structural components and defects from limited labeled data and
improving adaptability to changing inspection conditions [38].

Another relevant observation from Table 1 is the increasing interest in hybrid ap-
proaches that integrate physics-based models with data-driven algorithms. These models
aim to combine the predictive capabilities of Al with the physical consistency provided
by analytical structural models, thereby improving model reliability and extrapolation
capability in safety-critical infrastructure systems [22,30].

Likewise, while Table 1 provides a general classification of Al method families, subse-
quent tables present a more detailed comparison of their performance, validation context,
and application-specific limitations.

To complement the information summarized in Table 1, Figure 3 presents a graph-
ical overview of the different algorithm families used in vehicular bridge applications.
The Figure 3 visually synthesizes the methodological diversity identified in the liter-
ature and highlights how multiple Al paradigms coexist in bridge monitoring and
inspection workflows.

Relative Application Emphasis

2 N >
\ \ \% ‘0& &) R%a
< & \ 3 3 2
N S N N & &
?/z Q,+Q
N
Al Method

Figure 3. Overview of Al method families applied to vehicular bridge engineering tasks, based on a
qualitative classification of the reviewed literature. The figure summarizes the relationship between
algorithm categories and their typical applications.

Overall, the combined interpretation of Table 1 and Figure 3 illustrates the progres-
sive diversification of Al applications in bridge engineering. While classical ML algo-
rithms remain effective for structured monitoring datasets, DL and hybrid approaches
are increasingly adopted to address more complex tasks such as automated inspec-
tion and long-term deterioration prediction. These developments reflect the ongoing
transition toward integrated data-driven frameworks for infrastructure monitoring and
maintenance management.

3.2. Al for Design Optimization and Reliability-Based Analysis

Al has increasingly been applied to design-oriented problems in bridge engineering,
particularly in structural optimization, surrogate modeling, and reliability-based analysis.
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Recent studies have demonstrated that ML techniques can effectively approximate complex
structural behaviors and support data-driven design processes, reducing the computational
burden associated with traditional FEM [6,12,39].

In this context, surrogate modeling approaches such as Kriging, ANN, and support
vector regression have been widely used to accelerate simulation-based design and enable
efficient exploration of high-dimensional design spaces [40-42]. These methods are particu-
larly relevant in reliability-based design optimization (RBDO), where repeated simulations
are required to account for uncertainty and structural safety.

Additionally, the integration of Al with digital twin frameworks and OA has
opened new possibilities for lifecycle-oriented design and decision-making in bridge
engineering [43—45]. Table 2 summarizes the main approaches, applications, and limi-
tations of Al methods in bridge design optimization and reliability analysis.

Table 2. Overview of Al applications in bridge design optimization, surrogate modeling, and
reliability-based analysis, including main approaches, techniques, benefits, and limitations.

Main Approach Application Techniques Benefits Limitations References
Structural analysis, ig&l;:(ge prediction; Requires large
ML in Structural design optimization, ANN, SVM, computational cost: datasets; integration [6,12,39,46,47]
Engineering performance Random Forest, DL P * with physics-based e
redicti modeling of del
prediction ) models
nonlinear systems
Design Efficient Model accuracy
Surrogafte M Of:lehng optimization under  Kriging, ANN, SVR, demgn—space de}.)e.nds on
for Optimization uncertainty: Active Learnin exploration; training data; [40-42,48]
and RBDO FEM accelZ;a tion & reduced high-dimensional
simulation cost problems
Real-time D.ynar.mc . e
monitorin visualization; Interoperability
Digital Twin in redic tivegl IoT + ML + FEM +  proactive issues; high [43,44,49]
Bridge Engineering fnaintenance BIM; DL maintenance; computational T
lifecycle simlzllation lifecycle requirements
management
GA, PSO, Bayesian .
Al-Assisted Multi-objective Optimization, nggiiind cost Convergence issues;
Structural design (cost, weight, hybrid near-o til;1al sensitivity to [40,45,50]
Optimization performance) ML-evolutionary op model calibration
models solutions
. - s High
Reliability-Based Probabilistic design; II;{ZZEE ?Zﬁ(l)\‘?ate Ssggggof_hablhty methodological
Design with Al failure analysis Krioin SVR)', improved lsa fet complexity; limited ~ [41,48,51]
and Surrogates under uncertainty se ’ P Y real-world
adaptive methods and cost balance validation

The approaches summarized in Table 2 highlight the growing role of Al in enhanc-
ing design workflows in bridge engineering. In particular, surrogate models and ML
techniques enable significant reductions in computational cost while maintaining accept-
able levels of accuracy, which is essential for large-scale optimization and uncertainty
analysis [41,48].

However, despite these advances, design-oriented applications remain less mature
than monitoring and inspection-based approaches. This is mainly due to challenges
such as the integration of AI models with existing design codes, the need for high-
quality training datasets, and the complexity of uncertainty quantification in real-world
scenarios [42,51].
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Furthermore, while digital twin and hybrid Al-based frameworks offer promising
capabilities for lifecycle design and decision support, their practical implementation is
still limited by issues related to data integration, interoperability, and computational
requirements [43,49]. These limitations indicate that, although Al has strong potential in
bridge design, further research is required to achieve robust, validated, and standardized
methodologies for real-world engineering applications.

This subdomain complements the more mature monitoring and inspection applica-
tions discussed in subsequent sections, contributing to a more balanced representation of
Al across the bridge engineering lifecycle.

3.3. Al Applications Across the Vehicular Bridge Lifecycle

Al is applied differently across the various phases of the vehicular bridge lifecycle,
including planning, design, construction, operation, maintenance, rehabilitation, and
decommissioning. Reviews on Al in construction, civil engineering, and transportation
systems provide a useful framework to structure these phases and understand how data-
driven techniques support decision-making throughout infrastructure development and
management [30,52,53].

In practice, the role of Al varies according to the engineering objectives and the
availability of data at each stage. Early phases such as planning and conceptual design
typically rely on predictive models and optimization methods to evaluate alternative design
scenarios, while later phases focus on monitoring structural behavior and supporting
maintenance decisions [30,33]. Table 3 summarizes representative Al applications aligned
with the main phases of the vehicular bridge lifecycle.

Table 3 shows that Al techniques are applied across the entire lifecycle of vehicular
bridges, although their maturity varies significantly between phases. Early lifecycle stages
such as planning and conceptual design primarily rely on predictive modeling and multi-
objective optimization to support decision-making processes regarding bridge typology,
materials, and structural configuration [30,52,53]. While these approaches can improve
early project planning and sustainability assessments, they often depend on limited his-
torical datasets and may face difficulties integrating with established engineering design
standards [33,34,53].

In the design and construction phases, Al applications tend to focus on improving
design efficiency and site safety. Neural network models can assist in predicting structural
capacity and optimizing detailing solutions, enabling faster design iterations and potential
material savings [33,34]. During construction, ML algorithms and computer vision tools are
increasingly used for monitoring safety conditions and quality control processes, although
practical implementation is often limited by fragmented project management structures
and low levels of digitalization in construction workflows [30,52].

The operational phase represents the most mature area of Al adoption in bridge en-
gineering. As indicated in Table 3, the combination of SHM systems with ML and
DL techniques enables automated damage detection and monitoring of structural
changes such as stiffness degradation [21,22,31]. These systems facilitate early warning
mechanisms and allow infrastructure managers to implement condition-based mainte-
nance strategies.

Maintenance and rehabilitation phases are closely linked to deterioration modeling and
intervention prioritization. Al-based risk models allow agencies to allocate maintenance
budgets more efficiently and evaluate alternative strengthening strategies [32,34]. However,
these models are often limited by the availability of long-term monitoring data and by the
relatively small number of documented rehabilitation case studies [32,33].
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Table 3. Overview of Al applications across the lifecycle of vehicular bridges, including main phases,

applications, benefits, and limitations.

Lifecycle Phase Key Sub-Process Exam.ple.AI Expected Benefits Main Barriers References
Application
' ML models to . Imprf)ved ear.ly Limited and
. Location and estimate cost, time,  decision-making,
Planning . . heterogeneous [30,34,52,53]
typology selection  and risk of reduced o
. historical datasets
alternatives cost overruns
Multi-objective Lack of integration
. Structural scheme, optimization (GA, More efficient and with design codes
Conceptual design materials, sections ML) of weight, sustainable designs ~ and commercial [33,34,53]
cost, sustainability software
Neural networks . Acceptance by
Structural detailing  for capacity Faster design designers and
Detailed design . L iterations and C [33,34]
and reinforcement prediction and . . formal validation
. . material savings
optimal detailing challenges
ML for health and
' safety .rlsk Reduced accidents Fragmentation of
. Planning, safety, detection; stakeholders
Construction . .. and automated .. [30,52,54]
quality control vision-based . and limited
) quality control s
construction digitalization
monitoring
Vibrational SHM, DL models for Early warning .
. traffic and damage detection systems and Sensorlzatlo'n a.nd
Operation environmental and stiffness condition-based data .transmlssmn [21,22,31,32,35]
. requirements
monitoring changes management
Intervention Al-based Optimal allocation Limited long-term
Maintenance P deterioration and of maintenance & [21,22,32,34]
prioritization . datasets
risk models budgets
ML models to
Retrofit and evaluate Improved Scarcity of
Rehabilitation strengthening effectiveness of cost-benefit rehabilitation [22,32,33]
design strengthening decision-making case datasets
alternatives
Safe dismantling Al-based logistics Reduced Still a largely
Decommissioning and recycling and recycling environmental and  unexplored [34,53]

planning

optimization

traffic impact

research area

To complement the information summarized in Table 3, Figure 4 presents a graphical

overview of the relative maturity of Al research across bridge lifecycle phases. Figure 4

highlights that most research and practical implementations concentrate on operational

monitoring and maintenance management.

Figure 4 illustrates that the highest concentration of Al applications is currently found

in the operation and maintenance phases, where continuous monitoring data from SHM

systems provide suitable inputs for data-driven models [21,22]. In contrast, applications

in planning and conceptual design remain less developed and are often based on isolated

case studies, although recent reviews in civil engineering and construction indicate a rapid

increase in optimization-based decision-support tools [34,53]. The decommissioning phase

clearly remains an emerging research topic, highlighting an important opportunity for

future studies focusing on Al-supported demolition planning, recycling strategies, and

sustainable infrastructure management.
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Figure 4. Relative maturity of Al applications across vehicular bridge lifecycle phases, based on a
qualitative synthesis of the reviewed literature. The proportions reflect general research emphasis
across phases rather than exact quantitative measurements.

3.4. Al for Bridge SHM: Data, Algorithms, and Functions

Recent reviews on bridge SHM and DL applications in SHM provide a useful basis for
analyzing the relationships between dominant data sources, commonly used Al algorithms,
and the high-level monitoring functions they support [21,22]. In practice, SHM systems
rely on heterogeneous data streams collected from sensors, imaging platforms, and environ-
mental monitoring systems. Al techniques enable the analysis of these datasets to perform
tasks such as damage detection, localization, quantification, and structural performance
forecasting [31,32,35].

Depending on the type of data collected, different algorithmic approaches are adopted
to extract relevant features and interpret structural behavior. Table 4 summarizes the
relationships between dominant data types, their typical sources, the Al algorithms most
frequently used for their analysis, and the SHM functions they support.

Table 4 highlights the diversity of data sources used in Al-based SHM systems for
bridges. Vibration signals represent one of the most widely used sources of information,
as they allow the detection of structural changes through variations in modal properties
or acceleration patterns [21,22]. Algorithms such as SVM, RF, and ANN are frequently
used for this purpose due to their ability to identify subtle variations in structural response
data [31,32].

Surface imagery also represents a major source of information for SHM applica-
tions. Vision-based DL approaches, particularly CNN architectures, have demonstrated
strong performance in the detection of cracks, corrosion, and other surface defects in
bridge structures [22,31]. However, these systems often depend on image quality and
may be affected by environmental conditions such as lighting variations, shadows, or
occlusions [32,35].

Other types of monitoring data provide complementary information for evaluating
bridge performance. Displacement measurements obtained from vision systems, GNSS,
or laser sensors can be used to assess structural serviceability and detect excessive de-
flections under traffic loads [21,31,32]. Similarly, acoustic emission monitoring allows the
detection of micro-fracture or corrosion events, although this approach remains less widely
implemented in large-scale bridge monitoring systems [21,31].

https://doi.org/10.3390/ai7060192


https://doi.org/10.3390/ai7060192

Al 2026, 7,192

16 of 47

Table 4. Comparison of Al applications in bridge SHM, linking data types, algorithms, and their
observed performance and reliability in practical monitoring scenarios.

Dominant . Al Main SHM 11
Data Type Typical Source Algorithms  Function Performance/Reliability References
Vibration Accelerometers, SVM, RF, Damage detection, High sensitivity; Va'hdated in lab/field
(accel, modal) FBG, MEMS ANN, localization SHM,; prone to environmental [21,22,31,32]
ht ! CNN 1D a © variability (false positives)
Displacement/ LVDT, vision, Classical ML, Serv1ceab‘1hty, Reliable for global.re§p0nse; requires
) deformation stable references; limited for [21,31,32,35]
deflection ANN .
detection local damage
Surface Cameras, UAV, CNN, FCN, Crack and defect ng.h accuracy mn }mage—k.)ased task.s.;
. . L . validated in field inspections; sensitive  [22,31,32,35]
images mobile systems DL vision detection s .
to lighting /occlusion
Acoustic Acoust1g / ANN, Fracture and High sensitivity to active damage;
.. ultrasonic . . . mostly lab-scale [21,31]
emission clustering corrosion detection R . o
sensors validation; noise-sensitive
Environmental Weather, traffic  RNN, hybrid Behaylor a.md Improves context modeling; reduces
. deterioration . [21,22,31]
+ traffic counters models - false alarms; depends on data quality
prediction
Multimodal Sensor + image  Multimodal Integ.r z.ated Improved r.obust.n ess; emerging field;
. . condition challenges in fusion [22,31,32,35]
data fusion DL, hybrid ..
assessment and synchronization

The integration of environmental and traffic data also plays an important role in
SHM analysis. These datasets allow Al models to contextualize structural responses and
reduce false alarms caused by temperature variations or traffic-induced loads [31]. In
recent years, increasing attention has been given to multimodal monitoring frameworks
that combine multiple data sources to obtain a more comprehensive assessment of bridge
condition [32,35].

To complement the information summarized in Table 4, Figure 5 presents a graphical
representation of the relative prevalence of different data types used in Al-based SHM
studies for bridges.

Figure 5 illustrates that vibration signals and surface imagery dominate the current
landscape of Al-based SHM research for bridges. These data sources provide rich structural
information that can be effectively processed using ML and DL algorithms, enabling
automated damage detection and structural condition assessment [21,31]. However, one of
the most significant challenges in practical bridge monitoring remains the normalization of
environmental and operational effects in order to avoid false positives or false negatives in
damage detection systems [22].

Overall, the literature suggests a growing trend toward integrated SHM frameworks
that combine multiple data sources and Al models [31]. These emerging approaches are
closely related to the concept of digital twin SHM systems, where sensor data, predictive
models, and structural simulations are combined to improve robustness, interpretability,
and long-term forecasting capabilities for bridge infrastructure management [35].

3.5. Challenges for Al Adoption in Bridge Engineering from the Architecture, Engineering, and
Construction Industry Perspective

Reviews addressing Al in construction, Al in civil engineering for sustainability,
and Industry 4.0 in transportation systems consistently identify a set of technical and
organizational barriers that also affect the adoption of Al in bridge engineering [30,52].
Although many of these challenges originate in the broader AEC sector, they are particularly
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relevant in bridge projects due to the safety-critical nature of infrastructure and the long
service life of bridge assets [33,34,53].

Vibration signals

Surface images

Multimodal data

Acoustic emission

Displacements/deflections . .
Environmental & traffic data
Figure 5. Relative use of different data types in Al-based bridge structural health monitoring (SHM)
applications, based on a qualitative synthesis of the reviewed literature. The proportions reflect
general trends in data usage rather than exact quantitative distributions.

Bridge projects involve multiple stakeholders—including public agencies, design-
ers, contractors, and operators—who manage heterogeneous datasets and decision
processes [34]. As a result, the integration of Al technologies into bridge planning, de-
sign, monitoring, and maintenance workflows requires not only technical solutions but
also organizational and regulatory changes [53]. Table 5 summarizes the main categories of
challenges identified in the literature, their manifestations in bridge projects, and potential
mitigation strategies.

Table 5 highlights that many barriers to Al adoption in bridge engineering orig-
inate from structural characteristics of the AEC industry rather than purely technical
limitations [30,52]. One of the most frequently mentioned challenges is sector fragmen-
tation, where multiple contractors, infrastructure agencies, and maintenance operators
manage separate datasets and decision processes. This fragmentation often prevents the
integration of data required to train reliable Al models and limits the scalability of digital
solutions in infrastructure projects [34,53].

Another major issue identified in the literature is the quality and governance of
infrastructure data. Bridge inspection records, SHM measurements, and traffic datasets
are often incomplete or inconsistent, which reduces the reliability of Al-based predictive
models [21,30]. The development of standardized data frameworks, integration of BIM
with IoT systems, and long-term data governance policies are therefore considered essential
steps toward enabling large-scale Al deployment in infrastructure management [52,53].

Human and organizational factors also play a significant role. The lack of profes-
sionals with combined expertise in civil engineering and Al limits the capacity of many
infrastructure organizations to develop and maintain data-driven systems [55]. In addition,
decision-makers may be reluctant to rely on Al-based recommendations in safety-critical
applications such as bridge evaluation and maintenance planning [34,52]. Consequently,
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approaches such as explainable Al and structured validation protocols are increasingly
proposed as mechanisms to build trust in Al-assisted engineering decisions [33].

Table 5. Overview of challenges for Al adoption in bridge engineering from the Architecture, Engineer-
ing, and Construction (AEC) perspective, highlighting their impact and potential mitigation strategies.

Challenge Tvpe Manifestation in Evidence in Possible Mitigation References
ge yp Bridge Projects AEC/CE Reviews Strategies
Multiple contractors and Identified as a central Contractual frameworks
. : . obstacle for Al
Sector fragmentation agencies managing that encourage [30,34,52,53]
; deployment .
dispersed datasets . . data sharing
in construction
Data standards, BIM +
Data quality Incomplete inspection, Recurring limitation for . L
and governance SHM, and traffic datasets robust AI models IOT. integration, C.la.t abase  [21,30,33,34,52,53]
maintenance policies
Lf;:sego?ﬁlslﬁﬁﬁy of Highlighted in Training programs and
Lack of digital skills p . Al-in-construction curricula including [33,34,52]
combined literature applied Al
CE-Al expertise PP
Reluctance to rely solely  Acceptance studies Al as decision-support
Trust and acceptance on Al for highlight the importance  tool, XAI approaches, [33,34,52,55]
safety-related decisions of trust validation protocols
E)I: :Z:Zs;lst reduired Frequently identified Scalable pilot projects
Initial costs L barrier for advanced priot project: [30,31,52,53]
communications, and and ROI demonstrations
L SHM deployment
computing infrastructure
Codes and standards Reoulatory lag in Technical guidelines for
Regulatory frameworks  rarely address Al or & Y a5 Al-based [33,34,53]

advanced SHM explicitly

Industry 4.0 technologies

bridge evaluation

To complement the qualitative information presented in Table 5, Figure 6 provides a

graphical overview of the relative prominence of these challenge categories as reported in
AEC-related literature.

Figure 6 illustrates that data-related issues and sector fragmentation represent some of
the most influential barriers to Al adoption in bridge engineering. These factors directly
affect the availability and interoperability of infrastructure datasets required for ML models.
At the same time, challenges related to skills, trust, and regulatory frameworks highlight the
need for institutional and educational changes to support the integration of Al technologies
into engineering practice [53].

Overall, the literature suggests that Al adoption in bridge engineering is likely to
progress gradually through hybrid approaches in which Al tools complement rather than
replace traditional engineering methods. The integration of Al technologies within broader
digital frameworks such as BIM and Industry 4.0 ecosystems for transportation infrastruc-
ture appears to be one of the most promising pathways for scaling Al applications in bridge
projects [33].

3.6. Al Algorithms and Engineering Tasks in Vehicular Bridge Research

Artificial intelligence algorithms are increasingly applied to a wide range of engi-
neering tasks in vehicular bridge systems, including damage detection, crack identifica-
tion, structural response prediction, condition assessment, and maintenance prioritiza-
tion. The selection of an appropriate algorithm typically depends on the type of data
available, the complexity of the structural problem, and the level of interpretability re-
quired for infrastructure decision-making. In bridge engineering, Al methods are fre-
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quently integrated with SHM systems and inspection technologies to support data-driven
infrastructure management.

Relative prominence in AEC literature (%)

Challenge category

Figure 6. Main barriers to Al adoption in bridge engineering identified in AEC literature based on a
qualitative synthesis of the reviewed studies. The figure summarizes commonly reported challenges
rather than providing a quantitative ranking.

Recent research indicates that both classical ML algorithms and DL models are actively
used in bridge-related applications. Traditional models such as support vector machines
and ensemble methods remain effective for classification problems involving relatively
small datasets, while neural network architectures are increasingly preferred for com-
plex nonlinear problems and high-dimensional datasets such as images or long-term
monitoring signals.

Table 6 summarizes the main Al algorithms applied in vehicular bridge engineering,
their typical engineering tasks, the types of data they process, and their main advantages
and limitations according to the literature.

Table 6. Evidence-based comparison of Al algorithms in vehicular bridge engineering, highlighting
validation context, performance characteristics, and practical limitations.

Al Algorithm  Engineering Task Data Context Performance/Validation Limitations References
Damage detection, I High accuracy in lab SHM; Kernel sensitivity;
SVM crack ID Vib., images limited field validation limited scalability [21,56-58]
Random Condition assessment,  Sensor + Robust to noise; validated on ~ Lower performance [21,56,59]
Forest classification inspection data  medium-scale datasets vs. DL Y
Gradient Damage prediction, Inspection + High accuracy in Overfitting risk; [56,59]
Boosting maintenance sensor data structured datasets computational cost ’
. . . Nonlinear modeling; .
ANN/MLP Damage detecfclo.n, Vib., vehicle validated in lab and Larg.e data requ'uﬁed, [60-65]
response prediction data field studies low interpretability
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Table 6. Cont.
AI Algorithm  Engineering Task Data Context Performance/Validation Limitations References
. State-of-the-art in vision
CNN Qrack detection, Ir.nages, uav, tasks; validated on large Data c.iemanc.l,. . [66=79]
visual SHM vib. domain sensitivity
labeled datasets
. . . . . Effective temporal modeling; Training instability;
RNN/LSTM Time-series prediction  Vib., strain validated on SHM datasets sequence dependenicy [80-82]
Physics- Response prediction, Sensor + FE Imprf) ved gengrallzatlon; Model complexity;
. N hybrid validation . . [83-86]
informed Al damage localization data . calibration effort
(data + physics)

Table 6 highlights the diversity of Al algorithms currently applied to vehicular bridge
engineering problems [21,56]. Classical ML algorithms such as support vector machines
and Random Forest models remain widely used for classification tasks such as damage
detection and condition assessment, particularly when monitoring datasets are relatively
small or when model interpretability is required [60,61].

ANN are widely applied for modeling nonlinear structural behavior and estimating
bridge condition indicators from monitoring data [60,61]. These models are capable of
capturing complex relationships between structural responses and external loads, although
they often require careful training and large datasets to avoid overfitting [80].

Convolutional neural networks dominate image-based inspection applications, partic-
ularly for automated crack detection and surface damage identification in concrete bridge
elements [66,68]. Their ability to automatically extract relevant features from visual data
has significantly improved the efficiency and accuracy of inspection processes, especially
when combined with UAV-based monitoring systems [69,70].

For long-term monitoring applications, recurrent neural networks and LSTM architec-
tures have become increasingly relevant because they are designed to process sequential
data [80,81]. These models are particularly effective in SHM systems where temporal pat-
terns in vibration signals or strain measurements can indicate evolving structural damage
or anomalies [82].

Another emerging research direction involves hybrid physics-informed Al models
that integrate ML techniques with physics-based structural models [84]. By incorporating
engineering knowledge into data-driven models, these approaches aim to improve both
prediction reliability and interpretability, which are critical requirements for safety-critical
infrastructure such as bridges [85,86].

To visually summarize the relationships between Al algorithms and bridge engi-
neering tasks, Figure 7 presents a matrix representation of the algorithms and their most
common applications in the literature.

Figure 7 illustrates how different algorithms support different engineering functions.
Classical ML methods are primarily used for classification-based damage detection tasks,
whereas DL architectures such as CNNs and RNNs are better suited for processing com-
plex datasets such as inspection images or long-term monitoring signals. Hybrid physics-
informed models represent a growing research direction aimed at improving the reliability
and interpretability of Al-based structural analysis.

Despite the significant progress achieved in recent years, several challenges remain.
Many Al algorithms require large labeled datasets that may not be available for all bridge
types or structural conditions. DL models can also be computationally intensive, which may
limit their deployment in real-time monitoring systems or edge computing environments.
In addition, the interpretability of Al models remains a critical issue when engineering
decisions affect public safety.
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Figure 7. Relationship between Al algorithms and bridge engineering tasks in vehicular bridge
research, based on a qualitative classification of the reviewed literature. The figure illustrates how
different algorithm families are applied across typical engineering tasks.

Recent studies therefore emphasize the importance of explainable Al techniques,
multimodal data fusion, and hybrid approaches that combine data-driven algorithms
with domain knowledge to improve the transparency and reliability of Al-assisted bridge
engineering systems [78].

3.7. Al Applications Across Different Types of Vehicular Bridges

Artificial intelligence techniques are increasingly applied to a wide variety of vehicular
bridge structures, enabling automated inspection, SHM, damage detection, and predictive
maintenance. The specific Al methods and monitoring technologies used often depend on
the structural characteristics of the bridge type, the accessibility of structural components,
and the availability of monitoring or inspection data.

In recent years, advances in ML, DL, and computer vision have enabled the develop-
ment of automated systems capable of processing sensor data, visual inspection images,
and structural monitoring signals. These technologies allow engineers to detect struc-
tural defects earlier, automate inspection processes, and improve the reliability of bridge
condition assessment.

Table 7 summarizes the main Al applications reported in the literature for different
types of vehicular bridges, together with the monitoring data used, main findings, and the
main challenges associated with each bridge category.

Table 7 shows that the application of Al varies significantly depending on the structural
configuration of the bridge. Steel bridges have received significant attention in Al-based
monitoring studies due to the complexity of their structural connections and the need
for continuous monitoring of bolts, welds, and fatigue-prone components [21,66]. ML
algorithms combined with vibration monitoring and UAV imagery have proven particularly
effective for detecting structural anomalies in these bridges [82].
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Table 7. Overview of Al applications across different types of vehicular bridges, including associated

data sources, findings, and limitations.

Monitoring or

Bri Typical Al . o1 T
Trldege Aypllciia tion(s) Inspection Key Findings Limitations/Challenges References
M PP Data Used
Structural health a0 . Al models enable .
monitoring. damage Vibration and strain accurate defect Environmental
Steel detection %olt & sensors, acceleration detection and variability and [21,58,65,66,
bridges . . data, UAV imagery, limited labeled 76,82,87-91]
inspection, vibration . . . automated
) visual inspections . . damage datasets
anomaly detection inspection processes
Crack detection, Visual inspection DL models achieve Requires large
Reinforced defec.t .classmcatlon, gnages, UAV high accura§y in annotated datasets and  [63,67—69,92—
concrete condition assessment,  imagery, crack detection
. . o O may suffer from 102]
bridges maintenance vibration data, and automated . ..
R ) . .\ . limited generalization
prioritization inspection reports condition rating
Prestressed  Prestress loss \%Eig;iiinrsr?é; torin ML enables indirect Internal components
concrete prediction, structural . & estimation of are difficult to validate ~ [98,103]
. . data, experimental .
bridges health monitoring prestress force losses  experimentally
datasets
Cable- Wind-induced Wmd §peed sensors, ML models. support Requires dense sensor
I vibration and early warning networks and
stayed vibration . . [104]
. . acceleration systems for extreme environmental
bridges prediction, SHM . . .
monitoring wind events data correction
. UAV-based bolt UAV images and DL enables .Op eratlgnal che'lllenges
Suspension . . . 2 automated defect in UAV inspections
. inspection, structural  videos, vibration and . L [90]
bridges o . detection in and limited
monitoring strain sensors . ..
structural connections training datasets
. Automated structural LiDAR point ML allows accurate High computational
Composite  component . component
. . clouds, visual . e . cost for large [105]
bridges segmentation . L identification for .
R inspection images . point-cloud datasets
and classification digital models

Reinforced concrete bridges represent the most common bridge type worldwide, which
explains the large number of studies focusing on automated crack detection and defect
classification [92]. Computer vision methods based on convolutional neural networks and
advanced object detection models such as YOLO have demonstrated high accuracy in
identifying cracks and surface defects from inspection images collected manually or via
UAV platforms [68].

Prestressed concrete bridges present different challenges because internal prestressing
tendons are difficult to access for direct inspection. As a result, several studies have explored
ML approaches capable of estimating prestress losses indirectly using vibration or strain
monitoring data [103].

Long-span bridge structures such as cable-stayed and suspension bridges often rely
on large sensor networks to monitor environmental loads and structural responses [57]. In
these bridges, Al models have been used to predict wind-induced vibrations and provide
early warning systems during extreme weather events [90]. In addition, UAV-based in-
spection combined with DL algorithms enables automated inspection of critical structural
components such as bolts and cable connections [104].

Composite bridges have also benefited from advances in ML applied to three-
dimensional data processing. Neural networks applied to LiDAR point clouds enable
automated segmentation and classification of structural components, facilitating the devel-
opment of digital bridge models and bridge information modeling systems [105].
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To complement the information summarized in Table 7, Figure 8 presents a matrix
representation showing the relationship between bridge types and the main Al applications
reported in the literature.
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Figure 8. Relationship between vehicular bridge types and Al applications reported in the literature,
based on a qualitative classification of the reviewed studies. The figure illustrates how different Al
applications are distributed across bridge categories.

Figure 8 illustrates that SHM and automated inspection applications appear across
several bridge types, particularly for steel and reinforced concrete bridges where extensive
monitoring data and inspection images are available. In contrast, specialized bridge types
such as cable-stayed and suspension bridges tend to focus on vibration prediction and
environmental load monitoring due to their sensitivity to wind and dynamic loads.

Overall, the literature suggests that Al-based bridge research has concentrated pri-
marily on steel and reinforced concrete bridges because of their widespread use and the
availability of monitoring datasets. However, emerging research increasingly explores Al
applications in long-span and composite bridge systems, highlighting opportunities for
expanding intelligent monitoring technologies across a broader range of bridge structures.

3.8. Sensors and Monitoring Technologies for Al-Based Bridge Structural Health Monitoring

Artificial intelligence-based SHM systems rely on the availability of sensing tech-
nologies capable of capturing structural responses under operational and environmental
conditions. In bridge engineering, different sensor technologies are used to collect vibration,
strain, displacement, acoustic, and visual data, which can then be analyzed using ML and
DL algorithms to detect damage, predict structural responses, and support infrastructure
management decisions.

Recent advances in sensing technologies, wireless monitoring systems, and com-
puter vision platforms have significantly expanded the range of datasets available for
Al-driven bridge monitoring. These technologies allow engineers to implement continuous
monitoring systems capable of detecting structural anomalies and supporting predictive
maintenance strategies.
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Table 8 summarizes the main sensor technologies used in Al-based bridge monitoring
systems, including the types of data collected, typical Al algorithms applied, monitoring
applications, and the advantages and limitations associated with each sensing technology.

Table 8. Overview of sensor technologies used in Al-based structural health monitoring of bridges,

including data types, applications, advantages, and limitations.

Sensor Typical AL Monitoring N
Technology Data Collected Algorithms Application Advantages Limitations References
. . Sensitive to
Accelerometers Acceleration, SVM, ANN, Vibration-based Mature and environmental
. . PR SHM, modal low-cost technology
(wired /wireless vibration, modal CNN, anomaly . T s effects and [31,106-111]
. identification, with high . .
MEMS) parameters detection . . installation
damage detection sampling rates - .
orientation
Fiber optic Strain, temperature, ANN, . Long-term SHM, Immune to . Installatlf) n
. clustering, : I electromagnetic complexity
sensors (FBG and  displacement, strain monitoring, . . [112-119]
. anomaly . C interference, and high
distributed OFS) cable forces . damage localization . o .
detection high sensitivity interrogator cost
. Automated crack "
Qameras and Sgrface 1Mages, CNN, YOLO, detection, corrosion Non‘cor}tact . S‘ens1.t1ve to . [31,107,108,
vision systems videos, optical o . monitoring with lighting conditions
. R . transformers recognition, visual R . 110,113,120]
(including UAVs)  displacement . - full-field coverage and occlusions
inspection
ANN, filtering Long-term Proyl.des‘, absolute Low sampling
Absolute ! . positioning and
. algorithms, displacement frequency and
GNSS sensors displacement .. large-scale . , . [106,107,112]
. anomaly monitoring of large . limited vibration
and deformation . - displacement .
detection bridges detection
measurement
Laser High-precision Non-contact I];ig;lstﬁfemen t
displacement and  Displacement, ML/DL signal vibration and measurement
. . . . e . s range and [107,117]
vibrometry velocity, vibration classification displacement with high ;
N . . environmental
sensors monitoring spatial resolution .
sensitivity
Acoustic Stress waves from Clustering, Early crack Highly sensitive Sensitive to noise
. crack growth SVM, DL detection and to active and requires dense  [107]
emission sensors .o ! . .
or friction classifiers fatigue monitoring damage processes Sensor arrays
Multimodal C'omb.med . Integrated SHM, Improved Complex. . [17,31,106,
. vibration, strain, Ensemble ML, . . synchronization
monitoring . R digital twins, robustness through . 107,112,115,
displacement and data fusion, DL . . and higher
systems anomaly detection sensor fusion 119-121]

environmental data

system cost

Table 8 highlights the diversity of sensing technologies used in Al-based bridge SHM
systems. Accelerometers remain one of the most widely used sensors because they provide
vibration data suitable for ML algorithms designed to detect structural anomalies through
pattern recognition in dynamic responses [106,107]. These sensors are widely adopted due
to their relatively low cost, high sampling frequency, and compatibility with vibration-based
SHM methods [31,111].

Fiber optic sensors, particularly fiber Bragg grating (FBG) technologies, have gained
increasing attention due to their ability to provide distributed strain measurements along
structural components [112,113]. These sensors are immune to electromagnetic inter-
ference and allow large-scale monitoring of bridge strain fields and cable forces, mak-
ing them highly suitable for Al-driven anomaly detection and long-term monitoring
systems [114,115].

Computer vision systems represent another major category of monitoring technologies
used in Al-based bridge inspection [113,120]. Cameras, UAV platforms, and low-cost
imaging systems allow engineers to collect high-resolution images that can be processed
using DL algorithms such as convolutional neural networks and transformer-based models
to detect cracks, corrosion, and surface defects automatically [31,107].

Other sensing technologies such as GNSS and laser vibrometry sensors are often used
to measure structural displacements in large-span bridges [112]. These sensors complement
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vibration-based monitoring systems by providing information about quasi-static structural
movements that cannot be easily captured by accelerometers alone [107].

In addition, multimodal monitoring systems that combine multiple sensing technolo-
gies are increasingly used in modern bridge monitoring frameworks [120]. By integrating
heterogeneous data sources, these systems improve the robustness of Al models and reduce
false alarms, enabling more reliable structural condition assessment and supporting the
development of digital twin infrastructure systems [17].

To complement the information summarized in Table 8, Figure 9 presents a matrix
representation of the relationship between sensor technologies and the categories of Al
algorithms commonly used in bridge SHM.

Multimodal Systems - . .

Acoustic Emission . .

Laser / Vibrometers - .
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Cameras / Vision 1 ]
Fiber Optic (FBG) 1 N [] [
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Figure 9. Relationship between sensor technologies and Al algorithm categories used in bridge SHM,
based on a qualitative classification of the reviewed studies. The figure illustrates how different

sensing technologies are associated with specific Al approaches.

Figure 9 illustrates that vibration sensors such as accelerometers are commonly associ-
ated with classical ML algorithms and neural networks, whereas vision-based monitoring
systems are primarily linked to convolutional neural networks and other DL architectures.
Fiber optic sensors and multimodal monitoring systems are frequently used together with
hybrid Al models and data fusion techniques to improve monitoring reliability and enable
more advanced digital twin frameworks.

Overall, the integration of advanced sensing technologies with Al algorithms rep-
resents one of the most important technological developments in modern bridge SHM.
Continued progress in sensor networks, wireless monitoring systems, and Al-based data
analytics is expected to further enhance the capabilities of intelligent bridge infrastruc-

ture systems.

3.9. Performance Metrics for AI Models in Bridge Structural Health Monitoring and Inspection

Evaluating the performance of Al models is a critical step in bridge SHM and auto-
mated inspection systems. Different metrics are used depending on whether the Al model
performs classification, regression, anomaly detection, or object detection tasks. In bridge
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engineering, performance metrics are essential to assess the reliability of Al models used for
damage detection, crack identification, condition assessment, and deterioration prediction.

Recent studies emphasize that selecting appropriate performance metrics is particu-
larly important in safety-critical infrastructure systems such as bridges, where false alarms,
missed damage detection, or inaccurate predictions may directly affect maintenance deci-
sions and structural safety.

Table 9 summarizes the most commonly used performance metrics reported in Al-
based bridge monitoring and inspection studies, together with their interpretation, advan-
tages, and limitations.

Table 9. Overview of performance metrics used in Al models for bridge SHM and inspection,
including their interpretation, advantages, and limitations.

Metric Typical Use Interpretation Advantages Limitations References
Accuracy Over.a}l pgrformance of Fract}(?n of correctly Simple and intuitive M1sle.ad1ng under [122-125]
classification models classified samples class imbalance
Precision Crack detection and True positives divided Reflects false alarm rate Ignores missed [68,123,126—
defect classification by predicted positives damage cases 129]
Recall Damage detection and True positives divided Important for May produce many [68,122,123,126,
(Sensitivity) anomaly detection by actual positives safety-critical detection ~ false alarms 127,129]
Cr'ack detect'l(.)n and Harmonic mean of Robust under May hide dlffer'ences [68,122,125—
Fl-score bridge condition c . between precision
e precision and recall class imbalance 127,130]
classification and recall
RMSE Regre_ss1or} tasks sgck} as  Square root of mean Pena.hz.es large Sensitive to outliers [63,131-133]
deterioration prediction ~ squared error prediction errors
Mean absolute
Regression problems difference between . . Less sensitive to large
MAE such as load estimation =~ predicted and Easy interpretation errors than RMSE [131-133]
actual values
ROC-AUC Model selectlop for Area under the Threshqld—lndependent May be optimistic under [65,123,128,134]
damage detection ROC curve comparison strong class imbalance
PR-AUC Damage. c.ietecnon with Area. L.lnder the Effectlve with Harder to interpret [65,128]
rare positive cases precision-recall curve imbalanced datasets
- - Standard metric
MAP/mAP@IoU Vlslon—based. Average precision in object Depend's on . [68,127,135]
defect detection across recall levels - annotation quality
detection models
Regression . Proportion of Intuitive measure of High value does not [63,131-
R2 models predicting : . -
. variance explained model fit guarantee low error 133,136]
structural behavior
MAPE Regression for condition ~ Mean absolute Scale-independent Undefined near [133,136]

index prediction

percentage error

interpretation

zero values

Table 9 highlights that different categories of performance metrics are required de-

pending on the nature of the Al task. Classification metrics such as accuracy, precision,
recall, and F1-score are commonly used in crack detection and defect classification models,
where the objective is to distinguish between damaged and undamaged structural states.

Regression metrics including RMSE, MAE, R?, and MAPE are widely used in predictive
models that estimate structural deterioration, traffic loads, or bridge condition indices.
These metrics quantify how closely model predictions match observed structural responses.

For anomaly detection and damage detection under uncertain environmental condi-
tions, threshold-based evaluation methods such as ROC-AUC and PR-AUC are frequently
used. These metrics help determine optimal detection thresholds and evaluate the trade-off
between missed damage detection and false alarms.

In image-based inspection systems, object detection models such as YOLO or Faster
R-CNN typically use the mean average precision (mAP) metric to evaluate the combined
accuracy of damage localization and classification.

https://doi.org/10.3390/ai7060192


https://doi.org/10.3390/ai7060192

Al 2026, 7,192

27 of 47

To complement the information summarized in Table 9, Figure 10 presents a graph-
ical overview of the main categories of performance metrics used in Al-based bridge
monitoring studies.
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Figure 10. Main categories of performance metrics used in Al-based bridge SHM and inspection
studies, based on a qualitative classification of the reviewed literature. The figure summarizes the
most commonly reported evaluation metrics across different Al tasks.

Figure 10 illustrates that performance evaluation in Al-based bridge monitoring
typically involves multiple categories of metrics. Classification metrics dominate crack
detection and defect identification tasks, regression metrics are used for structural response
and deterioration prediction, and detection metrics such as ROC-AUC or PR-AUC support
anomaly detection in SHM systems. Vision-based inspection models rely on object detection
metrics such as mAP to evaluate both localization and classification performance.

Overall, the use of multiple complementary performance metrics is essential to ensure
a reliable evaluation of Al models applied to bridge monitoring and inspection. This
multi-metric evaluation approach helps researchers and infrastructure managers better
understand model performance and limitations when deploying Al-based systems in
real-world bridge infrastructure.

3.10. Datasets and Experimental Platforms for Al-Based Bridge Structural Health Monitoring

The development and validation of Al methods for bridge SHM rely heavily on
the availability of representative datasets and experimental platforms. These datasets
allow researchers to evaluate damage detection algorithms, train ML models, and validate
monitoring strategies under realistic structural and environmental conditions.

Bridge monitoring datasets can originate from several sources, including long-term
monitoring systems installed on real bridges, controlled laboratory experiments, digital
twin platforms, UAV-based inspection systems, and benchmark datasets designed specifi-
cally for research purposes. These experimental environments play a fundamental role in
advancing Al-based SHM techniques by providing high-quality structural response data
and controlled damage scenarios.

Table 10 summarizes representative datasets and experimental platforms that have
been widely used in the development of Al methods for bridge monitoring. The table
includes information on bridge type, data collected, Al techniques applied, and the main
research objectives associated with each dataset or platform.
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Table 10. Evidence-based comparison of representative datasets and platforms for Al-based bridge

SHM, including validation and limitations.

Dataset Type Data Al Validation Objective Limitations Refs.
Vib. Benchmark;
. GAN, SVM, ’ Damage Low real
724 PC bridge (long-term), CNN controlled detection variability [31,137,138]
env., damage damage
Tsine Ma Suspension Vib., wind, ANN, Real SHM Performance Env. [31]
& p traffic CNN/LSTM  (long-term) eval. variability
. Real SHM Benchmark Limited
Yonghe Cable-stayed  Vib. DL (ResNet) data SHM labels [31]
Lab DT Labmodel ~ oraindefl, pp oy Lab DT validation imited [139]
load validation scalability
NTNU Steel truss Accel. (dense) ML Full-scale test Damage lelte.d [140,141]
(sup./unsup.) detection scenarios
. Clustering, Damage
Masonry Arch model Vib. OMA Lab tests detection Scale effects [142]
. . Field . Image
UAV/DT Real bridges ~ Images, 3D CV, clustering validation Inspection/DT sensitivity [143,144]
Shanghai DT  Network Traffic + Data fusion Real Monitoring High . [145]
sensors deployment complexity
Juanhu Highway Video + accel. YOLO + Case study Loiad . Data syne [146]
Bayes estimation issues
. SHM + DT + . Low general-
Zhongcheng  Highway BIM/DT anomaly Case study Maintenance ization [147]
SPP Multi-scale Multi-sensor ML Experimental Dam.a 8¢ Complex [148]
localization setup

Table 10 highlights the diversity of experimental platforms used to develop and
validate Al methods in bridge monitoring research. Benchmark datasets such as the
Z24 bridge dataset remain widely used because they provide controlled damage sce-
narios and long-term monitoring data suitable for evaluating vibration-based damage
detection algorithms.

Large-scale monitoring systems installed on real bridges, such as the Tsing Ma Bridge
and Tianjin Yonghe Bridge monitoring systems, provide valuable long-term datasets that
capture structural responses under real environmental and operational conditions. These
datasets are particularly important for developing Al models capable of distinguishing
structural damage from environmental variability.

Laboratory-scale bridge models and full-scale experimental test structures provide
controlled environments for validating new Al algorithms. These experimental setups
allow researchers to impose known damage scenarios and evaluate the performance of
both supervised and unsupervised ML methods.

More recently, digital twin platforms and UAV-based inspection datasets have become
increasingly important for Al-based bridge monitoring. Digital twin frameworks enable
real-time integration of monitoring data with numerical models, while UAV photogramme-
try and vision-based inspection systems provide detailed geometric and surface condition
information for automated damage detection.

To complement the information summarized in Table 10, Figure 11 presents an
overview of the main categories of datasets and experimental platforms used in Al-based
bridge monitoring research.
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Figure 11. Categories of datasets and experimental platforms used for the development and validation
of Al-based bridge SHM systems, based on a qualitative classification of the reviewed literature. The
figure summarizes the main types of data sources and testing environments reported in the studies.

Figure 11 illustrates that research in Al-based bridge monitoring relies on a combina-
tion of benchmark datasets, real-world SHM systems, laboratory experiments, digital twin
environments, and UAV-based inspection datasets. This diversity of data sources is essen-
tial for developing robust Al models capable of operating under the complex environmental
and operational conditions typical of bridge infrastructure systems.

Overall, the availability of high-quality datasets and experimental platforms remains
a critical factor for advancing Al applications in bridge structural health monitoring. Con-
tinued development of open datasets, digital twin platforms, and integrated monitoring
systems will play a main role in improving the reliability and scalability of Al-based bridge
monitoring technologies.

4. Discussion
4.1. Challenges and Limitations for AI Adoption in Vehicular Bridge Engineering

Despite the growing interest in Al for bridge engineering, several technical and organi-
zational challenges still limit the large-scale deployment of Al-driven systems in vehicular
bridge management. Although recent studies demonstrate significant advances in SHM,
automated inspection, and predictive maintenance, the integration of these technologies
into real infrastructure systems remains constrained by data availability, computational
requirements, and system interoperability [21,30].

One of the main barriers relates to the availability and quality of infrastructure datasets.
Al'models require large volumes of reliable monitoring data, including inspection records,
vibration measurements, and environmental information. However, many bridge monitor-
ing datasets remain incomplete or inconsistent, which limits the training and generalization
capability of ML models across different bridge types and operational conditions [21].

Another challenge concerns the computational demands of advanced AI models.
DL approaches used for automated inspection or time-series monitoring often require
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significant computational resources, particularly when processing large image datasets or
continuous sensor measurements [30].

Model interpretability also represents a critical issue in safety-critical infrastructure
systems such as bridges. Many Al algorithms operate as “black-box” models, making it
difficult for engineers to understand how predictions are generated or validated, which
may reduce confidence in Al-assisted decision-making processes [34].

Similarly, the integration of Al technologies with existing infrastructure management
systems remains challenging. Many legacy bridge management platforms were not de-
signed for advanced data analytics, creating interoperability issues with emerging digital
technologies such as BIM and IoT monitoring systems [52].

Table 11 summarizes the main challenges identified in the literature regarding the adop-
tion of Alin vehicular bridge engineering, together with their implications for infrastructure
monitoring systems and potential research directions for addressing these limitations.

Table 11. Overview of challenges and limitations for the adoption of Al in vehicular bridge engineer-
ing, including their impact and potential mitigation strategies.

Manifestation in

Challenge Bridge Engineering Impact on AI Applications Potential Research Directions  References
Incomplete inspection records ~ Limits the training and g?::;&gﬁz?é ggizrelia;sged
Data quality and availability and limited long-term validation of reliable [21,30]

open bridge-monitoring

SHM datasets databases

ML models

Computational scalability

Large image datasets and
long-term monitoring signals
require high

computational resources

oo Edge computing architectures
Difficult deployment of Al and cloud-based

models in real-time [30]

o . infrastructure
monitoring environments .
monitoring platforms

Model interpretability

Black-box behavior of DL
models reduces transparency
in safety-critical decisions

Reduced trust in Al-assisted
structural assessment and
maintenance decisions

Explainable AI (XAI) methods
and physics-informed [34]
ML models

Integration with
legacy systems

Existing bridge management
systems lack compatibility
with Al-driven analytics

Data interoperability issues
between infrastructure
management platforms

Integration frameworks
combining BIM, IoT, and [52]
Al-based analytics

Data governance and privacy

Development of clear
regulatory frameworks and
ethical data

management policies

Monitoring systems collect
large volumes of traffic and
infrastructure data

Regulatory concerns
regarding data ownership and
privacy protection

[52]

The challenges summarized in Table 11 highlight that the adoption of Al in bridge
engineering depends not only on algorithmic advances but also on improvements in data
infrastructure, computational frameworks, and institutional practices. Data-related chal-
lenges remain particularly critical because Al models require large volumes of high-quality
information to detect structural anomalies and predict deterioration trends reliably [21,30].

The issue of model interpretability is also receiving increasing attention in infrastruc-
ture research. Because bridges are safety-critical systems, infrastructure managers must
understand how Al models generate predictions before these models can be integrated into
operational decision-making processes. As a result, explainable Al approaches and hybrid
models that combine physics-based structural analysis with ML techniques are emerging
as promising solutions [34].

Finally, the integration of Al with broader digital infrastructure ecosystems is expected
to play a crucial role in overcoming many of the limitations identified in this section.
The convergence of Al, sensor networks, digital twin platforms, and smart infrastructure
management systems may enable the development of next-generation bridge monitoring
frameworks capable of supporting real-time diagnostics, predictive maintenance, and
data-driven infrastructure planning [52].
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4.2. Future Trends and Research Opportunities for Vehicular Bridges

Several recent reviews highlight the growing role of emerging digital technologies
such as digital twins, UAV-based inspection systems, Al-IoT integration, and sustainability-
oriented approaches in transportation infrastructure [30,31,53]. These technological di-
rections are increasingly shaping the future development of intelligent bridge systems
capable of supporting predictive maintenance, automated inspection, and data-driven asset
management [34,35].

In the context of vehicular bridges, these emerging technologies are expected to
complement existing SHM systems and traditional engineering workflows by enabling
more integrated and adaptive infrastructure management strategies. Table 12 summarizes
the main emerging research directions identified in the literature, together with their
expected role in bridge engineering, current level of technological maturity, and the main
research challenges that remain open.

Table 12. Overview of emerging research trends and opportunities for Al in vehicular bridges,
including key directions and potential applications.

Emereing Trend Expected Role in Approximate Main Research References
ging Vehicular Bridges Technological Maturity Challenges
Living model of the . .
Digital Twin + SHM bridge integrating Al for Demonstrators and Online model upd'atm‘g [30,31,35,53]
early prototypes and long-term validation

diagnosis and prognosis

Rapid inspection of Environmental conditions,

UAV /drones + vision + AI  inaccessible Rapidly growing Im SHM accurate registration, [22,32,35]
and fly-by inspection . .
structural elements airspace regulation
Optimization of design Conceptual reviews and Unified sustainabili
Al for sustainability and maintenance to . P . . . ty [33,34,53]
reduce carbon footprint isolated case studies metrics at bridge scale
. . Integrated platform for . . . .
Industry 4.0 integration road and bridee Progress in transportation ~ System interoperability [30,33,34,53]
(BIM + IoT + AI) asset manager%len t infrastructure systems and scalability e
Explainable AT (XAI) Justification of diagnostic Very early-stage research Expla.mabﬂlty metr}cs
. results and load . meaningful for engineers  [31,33]
in SHM in infrastructure

restriction decisions and regulators

Table 12 highlights several technological directions that are expected to significantly
influence the future development of Al-based bridge engineering [30,31]. Among these
trends, the integration of digital twin frameworks with SHM systems is receiving increasing
attention, as it enables the creation of continuously updated virtual representations of
bridge structures capable of supporting real-time diagnostics and long-term performance
prediction [35,53].

Another rapidly evolving area involves the combination of UAV-based inspection
with computer vision and Al techniques. These technologies allow engineers to perform
rapid inspections of structural components that are difficult to access using traditional
inspection methods [22]. Although numerous studies have demonstrated the effectiveness
of UAV-assisted inspection, challenges remain related to environmental conditions, precise
image registration, and regulatory constraints governing drone operations [32].

The table also indicates growing interest in sustainability-oriented AI applications.
OA and data-driven decision-support tools are increasingly being explored to minimize the
environmental impact of bridge design and maintenance strategies [53]. However, the lack
of standardized sustainability metrics specifically adapted to bridge infrastructure remains
a major research challenge [34].
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In addition, the integration of Al technologies within broader Industry 4.0 frameworks
is expected to enable more comprehensive asset management systems for transportation
infrastructure. These platforms combine BIM, IoT sensors, and Al analytics to support
integrated monitoring and decision-making processes, although issues related to interoper-
ability and large-scale deployment still require further research [33].

To complement the qualitative analysis presented in Table 12, Figure 12 illustrates the
relative technological maturity of the main emerging Al trends identified in the literature
for vehicular bridge applications.
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Figure 12. Emerging Al research directions for vehicular bridges and their relative technological
maturity, based on a qualitative synthesis of the reviewed literature. The maturity levels are indicative
and intended to illustrate relative research emphasis rather than exact quantitative distributions.

Figure 12 shows that UAV-assisted inspection combined with Al techniques currently
represents one of the most mature and rapidly expanding research directions in bridge mon-
itoring. Digital twin frameworks and Industry 4.0 integration are also gaining increasing
attention as part of broader smart infrastructure initiatives [30,31]. In contrast, explain-
able Al and sustainability-oriented Al applications remain relatively early-stage research
areas, highlighting important opportunities for future work focused on improving the
transparency, reliability, and environmental performance of Al-assisted bridge engineering
systems [33,35,53].

4.3. Comparison of Review Articles on Artificial Intelligence for Bridge Engineering

The comparative review presented in Table 13 highlights the distinct approach of
this study compared with the existing literature on Al applications in bridge engineering
and SHM. Previous review articles have mainly focused on specific technological aspects
such as vibration-based damage detection, sensing technologies, or computer vision-based
inspection methods. While these works provide valuable insights into individual domains
of bridge monitoring, most studies do not integrate the entire technological ecosystem
required for intelligent bridge infrastructure.
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Table 13. Overview of review articles on Al applications in bridge engineering and structural health

monitoring, including their scope and main contributions.

Contribution of

Work Main Focus Methodology Strengths Limitations This Work
Foundational review Limited use Extends discussion
Structural health Comprehensive of SHM toward modern Al
[149] . ) . of modern
monitoring methods  literature review methods and . and deep
. Al techniques .
damage detection learning methods
Structural health Review of SHM Provides conceptual ~ Limited coverage of  Integrates modern

[29] monitoring principles and foundation for modern data-driven Al technologies with

frameworks methodologies SHM systems Al models SHM concepts
. ComRrehenswe Extends discussion
Review of overview of ML Focus mainly on to sensin
[27] ML for SHM ML-based damage techniques for . ny &
. . algorithmic aspects ~ technologies
detection methods infrastructure
e and datasets
monitoring
Integrates DL
Review of DL Detailed overview of  Limited methods with
[28] DL for SHM architectures applied ~CNN and DL infrastructure infrastructure
to SHM models lifecycle analysis management
systems
.. . Comprehensive L. Integrates vision
Computer vision for ~ Review of . Focus limited to . . .
. .. analysis of UAV and . inspection with
[26] infrastructure vision-based . vision-based .
. . oo image-based multimodal
inspection monitoring systems . . approaches S
inspection monitoring systems
Integrates Provides a
Al ecosystem for 8! Requires future comprehensive
) . . . algorithms, sensors, .

This work vehicular bridge Systematic review datasets, lifecvcle validation through framework for
lifecycle (PRISMA-based) phases ;m d Y large-scale Al-driven bridge
management digital twins deployment lifecycle

management

In particular, early reviews focused primarily on signal-processing methods and
vibration-based monitoring techniques. With the rapid growth of ML and DL methods in
civil engineering, more recent studies have expanded their scope to include data-driven
damage detection methods, computer vision inspection techniques, and digital infrastruc-
ture management frameworks.

The present review adopts a broader perspective by integrating multiple research
dimensions, including Al algorithms, sensing technologies, monitoring datasets, bridge
lifecycle applications, and emerging digital twin platforms. This integrated approach
provides a comprehensive understanding of how Al can support intelligent vehicular
bridge infrastructure systems.

The comparative analysis summarized in Table 13 reveals the progressive evolu-
tion of research in SHM and bridge infrastructure monitoring. Early studies established
the theoretical and methodological foundations of SHM systems and damage detection
techniques [29,149]. These works focused primarily on signal-processing techniques and
physics-based monitoring approaches.

More recent studies have increasingly incorporated ML and DL techniques into bridge
monitoring systems. For instance, several reviews highlight the growing use of ML algo-
rithms for damage detection and condition assessment in civil infrastructure [27]. Similarly,
DL architectures such as convolutional neural networks have been widely applied to SHM
and automated inspection tasks [28].

Computer vision-based monitoring systems have also emerged as an important re-
search direction in infrastructure inspection, particularly through the use of UAV-based
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imaging platforms and automated defect detection algorithms [26]. Despite these advances,
most existing reviews remain limited to specific technological domains and rarely provide
an integrated perspective that simultaneously considers sensing technologies, datasets, Al
algorithms, and infrastructure lifecycle applications.

Table 14 highlights the progressive expansion of Al applications in bridge engineering.
Early studies focused primarily on vibration-based monitoring and sensor technologies
used in SHM systems. Later research incorporated ML algorithms for automated damage
detection and infrastructure condition assessment.

Table 14. Comparison of this work with state-of-the-art reviews on IA applications in bridge engi-
neering, highlighting scope, focus areas, and key contributions.

Work AI Methods SHM Vision Sensors Datasets  Digital Twins  Lifecycle  Period

[149] X X 1995-2007
[29] X X 2000-2012
[27] X X 2010-2019
[28] X X X 2015-2020
[26] X X 2015-2021
This work X X X X X X X 2018-2026

The comparison presented in Table 14 highlights the progressive expansion of Al
applications in bridge engineering. Early studies focused primarily on vibration-based
monitoring and sensor technologies used in SHM systems. Later research incorporated ML
algorithms for automated damage detection and infrastructure condition assessment.

More recent developments include DL-based inspection systems, computer vision
monitoring techniques, and UAV-based inspection platforms. Despite these advances, most
existing review articles remain limited to specific technological domains such as signal
processing methods, ML algorithms, or vision-based monitoring techniques.

In contrast, the present work adopts a systems-oriented perspective that integrates
these technological layers within a unified framework for vehicular bridge infrastruc-
ture. By combining Al algorithms, sensing technologies, monitoring datasets, digital twin
platforms, and lifecycle infrastructure management strategies, this study provides a com-
prehensive synthesis of the current state of Al-driven bridge engineering and identifies
future research directions toward intelligent infrastructure systems.

4.4. Research Gaps and Future Directions in Artificial Intelligence for Vehicular Bridge Engineering

Despite the rapid progress in Al applications for SHM and bridge infrastructure
management, several important challenges remain. Although ML and DL techniques have
demonstrated promising capabilities for damage detection, automated inspection, and
structural condition assessment, many Al-based approaches are still evaluated under
controlled experimental conditions rather than real bridge monitoring environments.

One of the main challenges identified in the literature is the limited availability of
large-scale monitoring datasets for training and validating AI models. Many studies rely
on laboratory experiments or small monitoring datasets, which restricts the ability of Al
models to generalize to different bridge types and environmental conditions [27,28].

Another important limitation concerns the influence of environmental and operational
variability on monitoring data. Structural responses measured by sensors are strongly
affected by temperature variations, humidity, traffic loads, and other environmental factors.
These influences may lead to false positives in damage detection systems if not properly
accounted for during model development and data preprocessing [29].

Recent advances in computer vision have also enabled automated inspection systems
capable of detecting cracks, corrosion, and other surface defects using images and videos
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collected from cameras or UAV platforms. However, challenges remain regarding the ro-
bustness of vision-based monitoring systems under varying lighting conditions, occlusions,
and complex structural geometries [26].

Table 15 summarizes the main research gaps identified in the literature together with
potential research directions for advancing Al applications in vehicular bridge engineering.

Table 15. Overview of research gaps and future directions in AI applications for vehicular bridge

engineering, highlighting key challenges and emerging research needs.

Impact on Bridge

Potential Research

Research Gap Description Engineering Directions References
. - Development of
o Many Al models are Limits the generalization
Limited . . large-scale open SHM
o trained on small capability of Al [27,28]
monitoring datasets . datasets for
laboratory datasets monitoring systems bridge monitoring
Temperature, humidity, . Development of Al
. s s . Causes uncertainty and
Environmental variability =~ and traffic loads affect false positives in methods capable of [27,29]
in SHM data structural response damap o detection separating environmental !
measurements & and structural effects
Limited integration Many studies rely on oo Devglopment of
. . . Reduces monitoring multimodal Al
of multimodal single sensing O . [26]
L . robustness and reliability =~ frameworks combining
monitoring data technologies vibration and vision data
Limited robustness X;ile(ftlifrilsi:i fcflsénteijgi Reduces reliability Development of robust DL
of vision-based liehtine conditions y of automated models for real-world [26,28]
inspection systems SN €O inspection systems inspection environments
and occlusions
- o Lo Development of real-time
Limited real-world Most Al methods are Limits adoption in Al monitoring svstems
deployment of Al validated only in infrastructure & 5Y [29]

monitoring systems

experimental studies

management practice

integrated with bridge

management platforms

The research gaps summarized in Table 15 highlight several challenges that must
be addressed to enable the large-scale deployment of Al systems in bridge infrastructure
monitoring. One of the most critical challenges is the limited availability of large-scale
monitoring datasets suitable for training robust AI models. Although several SHM datasets
exist, many models are still trained using relatively small experimental datasets, which
limits their ability to generalize to different bridge types and environmental conditions.

Environmental variability also represents a major challenge for Al-based monitoring
systems. Structural responses are strongly influenced by environmental and operational
conditions, which may mask damage-related patterns in monitoring data. Addressing this
challenge requires the development of advanced data-driven methods capable of separating
environmental effects from structural damage indicators.

In addition, computer vision techniques have shown significant potential for auto-
mated bridge inspection. However, vision-based monitoring systems remain sensitive to
variations in lighting conditions, camera perspectives, and environmental noise. Improving
the robustness of DL models under real-world inspection conditions remains an important
research direction.

Overall, advancing Al applications in vehicular bridge engineering will require the
development of large-scale monitoring datasets, improved multimodal monitoring frame-
works, and more robust Al models capable of operating reliably under complex real
infrastructure conditions.
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4.5. Evolution and Future Outlook of Artificial Intelligence Applications in Vehicular
Bridge Engineering

The temporal evolution of scientific production across different subject areas, includ-
ing engineering, computer science, materials science, and mathematics, between 2018 and
2026 reveals a clear dominance of engineering and computer science within the research
landscape. Engineering consistently exhibits the highest percentage of publications, partic-
ularly in early stages such as 2018, where its contribution significantly surpasses that of
other disciplines. This behavior reflects the strong application-oriented nature of the field,
where infrastructure development and structural problem-solving remain central.

Over time, a gradual stabilization and redistribution of contributions among disci-
plines can be observed (Figure 13). Computer science maintains a strong and sustained
presence throughout the analyzed period, highlighting the central role of Al techniques in
advancing bridge engineering solutions. In contrast, materials science and mathematics
show comparatively lower participation, although materials science presents slight growth
trends in intermediate years, suggesting a growing interest in integrating material behavior
with intelligent computational systems.

From a systemic perspective, this temporal distribution indicates that the field is
predominantly rooted in engineering-driven applications supported by computational
methodologies (Figure 14). However, the relatively limited contribution from materials
science suggests that the integration of advanced materials with Al in bridge design remains
underdeveloped, representing a significant opportunity for future research. This imbalance
also reflects a prevailing focus on algorithmic and data-driven approaches rather than
on material-structure interactions, which are essential for achieving more holistic and
sustainable infrastructure systems.

A cumulative analysis of the distribution of publications by subject area (Figure 15)
shows that engineering accounts for 42.1% of the total research output, followed by com-
puter science with 38.4%, while materials science and mathematics contribute 11.4% and
8.1%, respectively. This distribution confirms that the field is primarily driven by engineer-
ing and computational disciplines, which together represent more than 80% of the total
scientific production.

I Mathematics
2026 || Materials Science
] B Computer science
| |Engineering
2025
2024 h
2023 h
2022 h
2021 ;
20 e ————
2019 —
208 ——
]
: T T T T T T T
0 10 20 30 40 50 60 70

% Avrticles

Figure 13. Temporal distribution of scientific publications by subject area (2018-2026), based on
the reviewed dataset retrieved from Scopus. The figure shows the annual number of publications
classified by subject area.
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Figure 14. Percentage distribution of publications by subject area, based on the final dataset of
studies retrieved from Scopus and included in the review. Percentages represent the proportion of
publications within each subject area relative to the total number of selected studies.
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Figure 15. Growth trends of publications by subject area over time, based on the final dataset of
studies retrieved from Scopus and included in the review. The figure shows the evolution in the

number of publications across subject areas over the study period.

The predominance of engineering reflects the practical orientation of the research,
where Al is mainly applied to solve real-world structural challenges. Similarly, the strong
representation of computer science underscores the dependence on ML and data-driven
methodologies as core drivers of innovation. Conversely, the lower participation of ma-
terials science and mathematics suggests that fundamental and theoretical aspects are
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less emphasized, potentially limiting the development of more integrated and multidisci-
plinary frameworks.

The growth trends observed over time indicate a clear upward trajectory across all
disciplines, particularly from 2021 onwards. Engineering and computer science exhibit the
most significant increases, with pronounced growth peaks between 2023 and 2025, reflecting
an accelerated expansion of research activity in recent years. Mathematics also demonstrates
a notable increase in later years, indicating a growing interest in advanced modeling,
optimization techniques, and theoretical foundations that support Al applications.

This sustained upward trend reflects the rapid evolution of the field and the increasing
relevance of Al in infrastructure engineering. The simultaneous growth across multiple dis-
ciplines suggests a transition toward a more interdisciplinary research paradigm. However,
the faster expansion of computational fields compared to materials science indicates that
the development of intelligent systems is progressing more rapidly than the integration of
physical material considerations.

Overall, the combined analysis of these trends demonstrates that the field is under-
going sustained and accelerated growth, driven primarily by engineering and computer
science. While this evolution highlights the technological maturity of Al applications, it
also reveals a critical opportunity to strengthen interdisciplinary integration, particularly
with materials science, in order to develop more comprehensive, efficient, and sustainable
solutions for vehicular bridge design.

4.6. Artificial Intelligence Framework for Vehicular Bridge Lifecycle Management

To synthesize the results of this systematic review, Figure 16 presents an integrated
framework illustrating the role of Al across the lifecycle of vehicular bridges. The frame-
work organizes Al applications into seven interconnected stages that represent the main
phases of bridge data generation, monitoring, analysis, and infrastructure management.
Together, these stages illustrate how Al technologies enable a transition from traditional
inspection-based practices toward predictive and data-driven bridge management systems.

Raw Data and Infrastructure Information: The first stage of the framework corresponds
to the collection of infrastructure data describing the bridge system. These datasets typically
include bridge geometry, structural design parameters, material properties, traffic loading
information, environmental conditions, and historical inspection records. Such data provide
the foundational knowledge required for training Al models and establishing baseline
structural behavior for monitoring systems.

Data Acquisition and Structural Monitoring: Once infrastructure information is de-
fined, structural monitoring systems are used to capture real-time structural responses.
Modern bridge monitoring relies on SHM sensor networks that may include accelerome-
ters, strain gauges, displacement sensors, GNSS receivers, and environmental sensors. In
addition, unmanned aerial vehicles (UAVs) and computer vision systems are increas-
ingly used to perform automated inspections and collect high-resolution imagery of
structural components.

Al-Based Data Processing and Feature Extraction: Following data acquisition, Al
algorithms are applied to process and analyze monitoring data. Techniques such as signal
processing, feature extraction, dimensionality reduction, and multimodal data fusion allow
engineers to extract relevant structural information from large monitoring datasets. ML
pipelines are commonly used to transform raw sensor signals and inspection data into
meaningful indicators of structural performance.

Structural Assessment and Damage Detection: The processed monitoring data can
then be used to evaluate the structural condition of the bridge. Al-based damage detection
methods enable the identification of structural anomalies such as cracks, corrosion, stiffness
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reductions, or abnormal vibration patterns. Computer vision algorithms are particularly
effective for detecting surface damage from inspection images, while ML models can
identify hidden structural degradation through vibration-based monitoring.

Structural safety

Infrastructure
resilience
Lifecycle cost
optimization
Sustainable

infrastructure
management

Smart transportation

systems

Structural
Assessment
CDamsge detection
rack ldentiﬁcation
Condition
assessment
Risk evaluation

Figure 16. Conceptual Al framework for vehicular bridge lifecycle management, developed based on
the synthesis of the reviewed literature. The framework integrates design, monitoring, and maintenance
stages, illustrating how Al techniques support decision-making across the bridge lifecycle.

Predictive Maintenance and Decision Support: Beyond damage identification, Al
techniques support predictive maintenance strategies. By analyzing historical monitoring
data and deterioration trends, Al models can estimate the remaining useful life of bridge
components and forecast future structural performance. These predictive capabilities enable
infrastructure managers to prioritize maintenance interventions and optimize maintenance
planning based on risk and performance indicators.

Bridge Lifecycle and Asset Management: Artificial intelligence technologies can also
be integrated into bridge management systems (BMSs) and infrastructure asset manage-
ment platforms. Through Al-driven analytics, infrastructure agencies can evaluate struc-
tural performance across bridge networks, allocate maintenance resources efficiently, and
support long-term infrastructure planning strategies aimed at improving transportation
system resilience.

End-of-Life and Infrastructure Renewal: The final stage of the framework involves in-
frastructure renewal and end-of-life management. Al-based analytics can support decisions
regarding rehabilitation, retrofitting, strengthening, or bridge replacement by analyzing
long-term performance trends and structural deterioration patterns. These tools enable
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more sustainable infrastructure management by supporting informed decisions about
infrastructure renewal strategies.

At the center of the framework are the overarching objectives of Al-enabled bridge
infrastructure systems, including structural safety, infrastructure resilience, lifecycle cost
optimization, sustainable infrastructure management, and the development of intelligent
transportation networks. By integrating Al technologies across the bridge lifecycle, infras-
tructure managers can transition from reactive inspection-based practices toward predictive
and data-driven infrastructure management strategies.

5. Conclusions

This study presents a systematic review of Al applications in vehicular bridge engi-
neering, covering design, monitoring, and lifecycle decision support, and enabling the
identification of key trends, dominant methodologies, and current challenges in the field.

First, the findings confirm that IA has become an increasingly important tool in bridge
engineering, particularly in SHM, damage detection, and predictive maintenance. These
applications have demonstrated significant improvements in accuracy, efficiency, and data
processing capabilities compared to traditional approaches.

Second, a clear distinction was observed in the use of Al techniques depending on the
type of data. Classical ML algorithms are widely used for structured datasets derived from
sensors and inspections, whereas DL models are more effective for processing complex
data such as images and time-series signals, especially in automated crack detection and
structural response analysis.

Furthermore, the results highlight a growing trend toward hybrid models that com-
bine physics-based approaches with Al These models improve both interpretability and
reliability, which are essential requirements in safety-critical infrastructure systems such
as bridges.

Another important finding is that the highest level of maturity in Al applications is
concentrated in the operation and maintenance phases of the bridge lifecycle, mainly due
to the availability of structural health monitoring data. In contrast, design-oriented applica-
tions—such as optimization, surrogate modeling, and reliability-based approaches—remain
comparatively less developed and represent an important direction for future research.

Despite the progress achieved, several challenges still limit the widespread adoption
of Al in bridge engineering. These include issues related to data quality and availabil-
ity, fragmentation within the construction sector, lack of standardized methodologies,
insufficient regulatory frameworks, and limited trust in Al-based decision-making for
safety-critical applications.

It is important to emphasize that Al should be considered as a decision-support
tool rather than a replacement for engineering judgment, particularly in safety-critical
infrastructure systems.

Finally, the study emphasizes that future developments in this field will be driven by
the integration of Al with emerging technologies such as digital twins, IoT, and multimodal
monitoring systems. These advancements will enable the development of more resilient,
sustainable, and intelligent infrastructure systems. Therefore, further research is needed to
promote interdisciplinary collaboration, methodological standardization, and real-world
validation of Al-based solutions in bridge engineering.
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