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Abstract

Bridge infrastructure worldwide is under increasing pressure from ageing assets, growing
traffic demand, environmental deterioration, and the need for more effective lifecycle
management. Although bridge-monitoring technologies have developed rapidly, much of
the existing research has focused on individual sensing techniques, while the integration
of heterogeneous information across different spatial scales has received comparatively
less attention. This review takes an information-centric perspective on intelligent bridge
monitoring and focuses on three representative technologies that provide complemen-
tary information at the material, structural, and network scales: Ground-Penetrating
Radar (GPR) for assessing material condition, distributed optical-fibre sensing (DOFS) for
monitoring structural response, and satellite remote sensing for providing network-scale
information. Instead of comparing these technologies solely for their sensing principles,
the review considers their complementary roles in bridge engineering and proposes a
Material-Structural-Network (M-5-N) framework to organise monitoring information
across scales. Recent developments in multi-source information fusion, Al-based interpre-
tation, connected monitoring systems, autonomous monitoring, and self-evolving Digital
Twins are also reviewed. Together, these advances indicate a shift from simply collect-
ing monitoring data towards integrating information, extracting engineering knowledge,
and supporting intelligent decisions. Based on this perspective, a Multi-Scale Integration
Framework is proposed to illustrate how observations at different scales can be combined
to provide a more complete understanding of bridge condition, structural performance,
and infrastructure-network context. Future bridge monitoring should therefore move be-
yond isolated sensing and data collection towards multi-scale information generation and
integration, supporting predictive maintenance, resilient asset management, and intelligent
lifecycle decision-making across bridge networks.

Keywords: bridge monitoring; ground-penetrating radar; distributed optical-fibre sensing;
satellite remote sensing; digital twin; multi-scale monitoring; multi-source information fusion
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1. Introduction
1.1. Challenges in Bridge Infrastructure Management

Bridges are critical components of transportation infrastructure, yet bridge networks
worldwide face increasing pressures from ageing assets, growing traffic demand, environ-
mental degradation, and limited maintenance resources. Recent infrastructure assessments
have highlighted the need for more effective approaches to infrastructure management,
resilience enhancement, and long-term asset stewardship [1,2].

Many existing bridges were designed and constructed several decades ago and are
now approaching or exceeding their original design lives. Age-related deterioration,
fatigue, corrosion, and progressive degradation of structural components can reduce
structural performance while increasing maintenance requirements [3]. At the same time,
increasing traffic volumes and axle loads may expose bridges to loading conditions beyond
those anticipated in their original design. Environmental and climatic factors, including
temperature variations, flooding, scour, and extreme weather events, can further accelerate
deterioration and increase uncertainty in long-term infrastructure management [4].

Periodic visual inspection remains an essential component of bridge condition as-
sessment, but its limited frequency, accessibility, subjectivity, and ability to detect hidden
deterioration constrain comprehensive evaluation [5]. These limitations have encouraged
the development of automated inspection and continuous monitoring technologies that can
provide more objective and timely information on bridge condition [6]. As a result, bridge
monitoring has progressively expanded from conventional inspection towards continuous
sensing, remote observation, and digital infrastructure management [7].

1.2. From Inspection to Information-Centric Bridge Monitoring

The development of bridge monitoring has been closely linked to advances in sensing,
communication, and data-processing technologies. Traditional inspection and manual
surveys provide important engineering evidence, but their discontinuous nature limits the
ability to capture the temporal evolution of bridge behaviour and deterioration. The emer-
gence of structural health monitoring (SHM) introduced continuous observation through
permanently installed sensors, enabling measurements of strain, vibration, displacement,
and other indicators of structural response under operational conditions [3].

Subsequent advances in distributed and remote sensing have further extended the
spatial coverage of bridge monitoring. Distributed optical-fibre sensing (DOFS) enables
spatially continuous measurements over structural components, while satellite remote
sensing provides observations over individual bridges and their surrounding environ-
ments [7]. These developments have substantially increased the volume, diversity, and
spatial coverage of monitoring observations.

The resulting challenge is therefore no longer limited to acquiring measurements. More
importantly, heterogeneous observations need to be interpreted and integrated within
an engineering context to generate information that is useful for condition assessment
and infrastructure management. This shift motivates an information-centric perspective,
in which monitoring technologies are considered according to the engineering informa-
tion they provide and their potential contribution to integrated bridge assessment and
lifecycle management.

1.3. Multi-Scale Nature of Bridge Condition Information

Bridge condition cannot be fully characterised at a single spatial scale. Local deteriora-
tion, structural behaviour, and environmental or infrastructure-level influences represent
different but related aspects of bridge performance. Material-scale observations can provide
evidence of local physical condition; structural-scale observations describe how the bridge
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responds to operational and environmental loading, while network-scale observations
provide broader geographical and environmental context.

These information types are complementary rather than interchangeable. An obser-
vation at one scale may indicate that a change has occurred without fully explaining its
underlying cause or broader engineering significance. Reliable bridge assessment therefore
requires information acquired across multiple spatial and temporal scales and interpreted
in relation to one another.

This multi-scale perspective provides the conceptual basis for the Material-Structural-
Network (M-5-N) framework adopted in this review. Rather than treating monitoring
technologies as isolated sensing systems, the framework considers them as sources of com-
plementary engineering information that can contribute to a more complete representation
of bridge condition and performance.

1.4. Scope, Framework, and Contributions

A substantial body of review literature has examined individual bridge-monitoring
technologies and related topics, including Ground-Penetrating Radar (GPR), SHM, dis-
tributed optical-fibre sensing, remote sensing, multisensor monitoring, and Digital
Twins [8-10]. These studies have established important foundations for understanding
individual technologies and monitoring methodologies. However, existing approaches
have generally been organised around specific sensing technologies, monitoring archi-
tectures, or implementation cases. A systematic information-centric perspective linking
heterogeneous observations to the different information requirements of bridge Digital
Twins remains comparatively less developed.

Recent reviews further demonstrate that bridge monitoring is expanding from isolated
sensing technologies towards digitalisation, Digital Twins, regional-scale monitoring, and
integrated data-driven assessment. Systematic studies of bridge Digital Twins emphasise
the importance of linking sensing, modelling, asset information, and management functions,
while recent remote-sensing reviews highlight the complementary role of wide-area obser-
vations [11-15]. These developments reinforce the need for an information-centric frame-
work that considers not only what a sensor measures, but how the resulting information
can be related across spatial scales and incorporated into infrastructure decision support.

To address this gap, this review examines bridge monitoring from a multi-scale infor-
mation perspective. GPR, distributed optical-fibre sensing, and satellite remote sensing are
considered as representative sources of complementary monitoring information rather than
as competing technologies. The review focuses on how observations acquired at different
scales can contribute to bridge condition assessment, structural-performance evaluation,
and infrastructure-level contextual understanding. Figure 1 illustrates the Multi-Scale
Bridge Monitoring Pyramid proposed in this review, which organises bridge-monitoring
information into material-, structural-, and network-scale observation layers.

The main contribution of this review is the M-5-N framework, which organises bridge-
monitoring information according to three complementary scales: material, structural,
and network. Building on this organisation, the review examines how heterogeneous
observations can be integrated, interpreted, and ultimately incorporated into bridge Digital
Twins. The emphasis is therefore placed not simply on the capabilities of individual sensors,
but on the transition from measurements to engineering information and, ultimately,
actionable infrastructure knowledge.

The remainder of this paper is organised as follows. Section 2 describes the review
methodology. Section 3 establishes the Digital Twin and multi-scale information require-
ments underlying the proposed framework. Sections 4-6 examine material-, structural-,
and network-scale information acquisition using GPR, distributed optical-fibre sensing,
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1. Multi-Source Sensing

and satellite remote sensing, respectively. Section 7 compares the information character-
istics across spatial scales and examines their complementary roles. Section 8 develops
the multi-source information integration framework for intelligent bridge monitoring.
Section 9 discusses future developments, including autonomous monitoring ecosystems

and self-evolving Digital Twins.
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Figure 1. Overall research framework for multi-scale bridge monitoring and intelligent management.

2. Review Methodology

A structured and comprehensive literature search was conducted to support the review
of multi-scale bridge-monitoring technologies and their integration into an information-
centric framework. Relevant publications were identified using Web of Science, Scopus,
IEEE Xplore, and ScienceDirect, with backwards and forwards citation tracking applied
to key review and seminal papers. The search combined terms describing the infrastruc-
ture domain, sensing technologies, information-processing methods, and Digital Twin
applications. Representative combinations included “bridge” AND (“ground penetrat-
ing radar” OR GPR), “bridge” AND (“distributed optical fibre sensing” OR DOFS OR
“distributed fiber optic”), “bridge” AND (“InSAR” OR “synthetic aperture radar” OR
“satellite remote sensing”), and “bridge monitoring” AND (“multi-sensor fusion” OR “data
fusion” OR “Digital Twin” OR artificial intelligence). The search covered publications
from 2000 to August 2026, with particular emphasis on recent developments published
between 2018 and 2026. Publications were screened according to their relevance to bridge
or civil-infrastructure monitoring, contribution to sensing or information interpretation,
methodological or experimental substance, and relevance to one or more spatial scales
considered in the M-S5-N framework. Duplicate records and publications with limited rele-
vance to bridge condition assessment or lifecycle management were excluded. The selected
literature was subsequently classified according to monitoring scale, sensing modality,
engineering information, interpretation method, and potential role in bridge Digital Twin
development. This information-centric classification was used to synthesise the literature
rather than simply catalogue individual sensing technologies [11,16-19].

https://doi.org/10.3390/s26185930


https://doi.org/10.3390/s26185930

Sensors 2026, 26, 5930

5o0f 44

3. Bridge Digital Twins and Multi-Scale Information Requirements
3.1. Bridge Digital Twins: From Digital Representation to Intelligent Infrastructure Management

Digital Twins have emerged as an important approach for supporting the management
of complex infrastructure throughout its lifecycle [20,21]. In contrast to conventional digital
models that provide static or periodically updated representations, a Digital Twin maintains
a continuous connection between a physical asset and its digital representation through
the integration of sensing data, computational models, and operational information [22,23].
This connection enables the digital representation to reflect changes in asset condition and
behaviour and provides a basis for analysis, prediction, and management decisions.

Digitalisation can be understood as a progression from a digital model to a digital
shadow and ultimately to a Digital Twin. A digital model represents the physical asset
without a persistent data connection, whereas a digital shadow incorporates a one-way flow
of information from the physical asset to its digital representation. A Digital Twin further
establishes a persistent connection through which monitoring observations can update
digital representation and model-based analysis can support subsequent engineering
actions. The adoption of Digital Twin concepts in civil infrastructure has therefore created
opportunities for integrating monitoring, modelling, and asset management within a
common digital environment [21,24].

For bridge applications, a Digital Twin typically combines the physical bridge, sensing
systems, data-management infrastructure, computational models, and decision-support
functions [24]. Monitoring observations are incorporated into the digital environment
to support functions such as condition assessment, structural-state evaluation, anomaly
detection, maintenance planning, and future-state prediction [20,23]. The effectiveness
of such a system, however, depends not only on the computational models and digital
infrastructure but also on whether the monitoring system can provide the engineering
information required to represent the evolving state of the bridge [21,24].

Recent literature has strengthened this view by treating the bridge Digital Twin as an
operational information environment rather than a static three-dimensional model. Nham-
age et al. systematically reviewed strategies for combining Bridge Information Modelling,
monitoring technologies, and bridge management, while Yousuf et al. examined the use
of Digital Twins for bridge health assessment and management. More recent implementa-
tions have demonstrated multi-layered Digital Twin architectures, data-driven anomaly
detection, and edge—cloud architectures for multi-sensor fusion [11-14,25]. Reviews of
physics-informed intelligence and vibration-based SHM further indicate that model con-
sistency, uncertainty quantification, validation, and deployment readiness remain central
requirements for practical bridge Digital Twins [26,27].

This requirement shifts the focus from the Digital Twin as a digital platform to the
information required to maintain its physical relevance. Bridge monitoring should therefore
be considered as a process of acquiring and updating engineering information that connects
observations from the physical asset with the digital representation. The central question is
consequently not simply how a bridge can be monitored, but what types of information
are required to describe its condition, behaviour, and surrounding context throughout
its lifecycle.

3.2. Information Hierarchy for Bridge Digital Twins

A bridge Digital Twin requires information that can describe different aspects of an
asset and its operating environment. These requirements extend beyond individual sensor
measurements and include information related to the physical condition of bridge compo-
nents, structural behaviour under loading, and external environmental or infrastructure
influences [24]. Consequently, monitoring should be organised according to the engineering

https://doi.org/10.3390/s26185930


https://doi.org/10.3390/s26185930

Sensors 2026, 26, 5930

6 of 44

information required for assessment and decision-making rather than solely according to
sensing technologies [28].

Based on this perspective, three complementary categories of engineering information
are considered in this review: (a) material-condition information, describing the physical
condition and deterioration of bridge components; (b) structural-response information, de-
scribing the behaviour of bridge components and structural systems under operational and
environmental loading; (c) network-scale contextual information, describing environmental,
geographical, and infrastructure-level conditions surrounding the bridge.

These categories represent different forms of engineering evidence. They are comple-
mentary but not interchangeable: material-condition information can indicate deterioration
mechanisms, structural-response information can reveal changes in structural behaviour,
and network-scale contextual information can provide the external conditions required to
interpret asset behaviour. Together, they provide a more comprehensive information basis
for bridge Digital Twins.

The recent literature also suggests that Digital Twin development is moving towards
continuous data assimilation and decision support. Data-driven Digital Twin frameworks
have combined multi-domain feature fusion with unsupervised deep learning for bridge
anomaly detection, while recent bridge-management reviews have emphasised the joint
role of Digital Twins, deep learning, and uncertainty-aware maintenance planning [14,29].
These studies provide direct support for viewing monitoring observations as information
streams that continuously update an engineering representation of the bridge rather than
as independent datasets.

3.2.1. Material-Condition Information

Material-condition information describes the physical state of bridge materials and
components, including deterioration mechanisms such as corrosion, cracking, delami-
nation, moisture ingress, and material degradation. Such information provides direct
evidence of localised deterioration and is therefore important for condition assessment,
maintenance planning, and deterioration modelling. Previous bridge-monitoring research
has demonstrated that the integration of nondestructive testing methods can provide de-
tailed information on subsurface defects and material degradation [30]. GPR is particularly
relevant to this information category because its measurements can be used to infer hidden
conditions within bridge components [31]. The detailed sensing principles, measurable
parameters, and engineering applications of GPR are discussed in Section 4.

3.2.2. Structural-Response Information

Structural-response information characterises how bridge components and struc-
tural systems behave under operational and environmental loading. Relevant parameters
include strain, displacement, vibration, acceleration, and other indicators of structural
response. Such measurements are widely used in SHM to evaluate structural perfor-
mance, identify abnormal behaviour, and support model validation and structural-safety
assessment [32]. Distributed optical-fibre sensing provides an important source of spatially
distributed structural-response information and enables long-term observation of structural
behaviour [33]. Changes in measured response can provide evidence of changes in struc-
tural properties or damage evolution [34]. The principles and applications of distributed
optical-fibre sensing are examined in Section 5.

3.2.3. Network-Scale Contextual Information

Network-scale contextual information describes environmental and geographical pro-
cesses that may influence bridge performance but extend beyond the individual structure.
Relevant information includes regional ground deformation, foundation settlement, geo-
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logical hazards, flooding, landslides, seismic effects, and other environmental processes.
Remote sensing technologies provide an important means of acquiring such information
over broad spatial and temporal scales. In particular, Persistent Scatterer Interferometric
Synthetic Aperture Radar (PS-InSAR) provides a basis for long-term deformation monitor-
ing [35], while its application to infrastructure and regional geohazard assessment has been
widely demonstrated [36]. The role of satellite remote sensing in acquiring network-scale
contextual information is examined in Section 6.

3.3. Multi-Scale Organisation of Bridge Monitoring Information

The three information categories identified above are associated with different spa-
tial scales at which bridge-related physical processes occur and are interpreted. Bridge
deterioration may originate locally within materials or components, while its effects may
propagate to the structural system and may also be influenced by environmental processes
occurring across much larger geographical areas. Bridge monitoring can therefore be or-
ganised as a multi-scale information-acquisition process. Accordingly, this review defines
three complementary spatial levels: the material scale, structural scale, and network scale,
forming the Material-Structural-Network (M-5-N) framework.

3.3.1. Material Scale

The material scale represents the finest level of observation and focuses on physical
processes within individual materials and structural components. Information at this
scale is primarily concerned with localised deterioration and material condition. High
spatial resolution and sensitivity to local anomalies are therefore important characteristics
of material-scale monitoring.

3.3.2. Structural Scale

The structural scale describes the behaviour of bridge components and structural
systems under operational and environmental loading. Information at this scale concerns
parameters such as strain, deformation, load transfer, and dynamic response, providing
evidence of the mechanical state and performance of the bridge.

3.3.3. Network Scale

The network scale represents the broader infrastructure and environmental system
within which individual bridges operate. Information at this scale describes regional
deformation, geological and climatic processes, environmental hazards, and interactions
among infrastructure assets. Although such observations generally have different spatial
and temporal characteristics from bridge-level measurements, they provide important
contextual information for interpreting bridge behaviour.

3.3.4. Multi-Scale Information Integration

The three scales should not be interpreted as independent monitoring layers. Instead,
they provide complementary descriptions of bridge condition and performance. Material-
scale information can provide evidence of local deterioration, structural-scale information
describes the resulting or associated structural response, and network-scale information
provides the broader context in which these changes occur.

The M-5-N framework therefore establishes an organisational principle for connecting
different types of engineering information without assuming that one scale can replace an-
other. The detailed characteristics of the corresponding sensing technologies are examined
in Sections 4—6, while their complementary roles are compared in Section 7.
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3.4. Scale—Information—Technology Mapping Framework

The information hierarchy and multi-scale organisation provide two complementary
perspectives for structuring bridge-monitoring information. The former identifies what
engineering information is required, whereas the latter identifies the spatial scale at which
that information is generated and interpreted. Their combination provides a basis for
relating monitoring technologies to Digital Twin information requirements.

Rather than classifying sensing technologies only according to their physical sensing
principles, the present review considers them according to the engineering information
they contribute to the Digital Twin. Table 1 summarises this relationship by mapping the
principal information categories to their spatial scales, representative sensing technologies,
and corresponding Digital Twin functions.

Table 1. Scale-information-technology mapping framework for bridge Digital Twins.

Engmeerfng Spatial Scale Typical Parameters Representative Digital Tw1n
Information Technology Function
Material-condition . Corrosion, delamination, Condition
. . Material scale . . GPR
information voids, moisture assessment
1- i flecti 1
Stru.ctura rgsponse Structural scale .Stral.n, deflection, DOFS Structura.
information vibration, cable force state updating
Network-scale GI:ound settlemegt, Satellite Environmental
. . Network scale regional deformation, .
contextual information remote sensing context awareness

environmental hazards

The mapping in Table 1 is intended as an organisational framework rather than a strict
one-to-one classification. Individual sensing technologies may provide information across
multiple scales, and different technologies can contribute to the same information category.
Nevertheless, GPR, DOFS, and satellite remote sensing provide representative examples of
three complementary information domains considered in this review.

This distinction is important for the subsequent analysis. Sections 4-6 therefore
examine the three sensing technologies primarily in terms of the engineering information
they can provide, their spatial and temporal characteristics, and their limitations. Section 7
then compares the resulting information across scales, while Section 8 addresses how
heterogeneous observations can be aligned and integrated within an information-centric
monitoring framework.

4. Material-Scale Information Acquisition Using GPR
4.1. Principles of GPR

Ground-Penetrating Radar (GPR) is a widely used nondestructive testing (NDT)
technique for bridge inspection because it enables the investigation of subsurface conditions
without damaging structural components. Within the framework established in Section 3,
GPRis considered primarily as a source of material-scale information. Its measurements can
provide evidence of reinforcement geometry, material properties, and deterioration-related
conditions that are not readily accessible through surface inspection.

A distinction should be made between quantities directly measured by GPR and engi-
neering conditions inferred from these measurements. GPR directly records electromagnetic
responses, including travel time, reflection amplitude, phase, and signal attenuation. Engi-
neering conditions such as corrosion, moisture accumulation, delamination, and voids are
inferred from their effects on electromagnetic-wave propagation and therefore depend on
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physical assumptions, calibration, and independent validation. The fundamental operating
mechanism of GPR is illustrated in Figure 2.
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Figure 2. Principle of GPR for bridge inspection.

GPR transmits electromagnetic pulses into the inspected medium and records signals
reflected from internal interfaces and discontinuities [37]. When an electromagnetic wave
encounters a boundary between materials with different dielectric properties, part of the en-
ergy is reflected towards the receiving antenna. The resulting travel time, amplitude, phase,
and spatial characteristics can then be analysed to estimate the location and properties of
subsurface targets [38,39].

The relative dielectric permittivity of the inspected material is a key parameter gov-
erning electromagnetic-wave propagation. The propagation velocity can be expressed
as follows:

=c/+\/¢r, 1

where v is the electromagnetic-wave velocity, c is the speed of light in free space, and
g, is the relative dielectric permittivity. This relationship provides the physical basis
for depth estimation and dielectric-property characterisation. Because deterioration pro-
cesses such as moisture ingress, chloride contamination, and changes at material interfaces
can modify electromagnetic properties, GPR responses can provide indirect evidence of
material degradation.

GPR performance is strongly influenced by antenna frequency. Higher frequencies
generally provide better spatial resolution but shallower penetration, whereas lower fre-
quencies provide greater penetration at reduced resolution [40]. Ground-coupled systems
provide stronger electromagnetic coupling and are commonly used for detailed condition
assessment, while air-coupled systems enable rapid surveys of bridge decks at traffic speed.
Multi-channel and array-based systems further improve survey efficiency and spatial
coverage, supporting large-area bridge inspection [41].

The principal value of GPR within the present framework is therefore not simply its
ability to produce radargrams, but its ability to transform electromagnetic observations into
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material-condition information. The following Section 4.2 examines the principal categories
of information that can be extracted from GPR measurements.

4.2. Material-Scale Condition Information

GPR provides several complementary forms of material-condition information. These
include reinforcement geometry, corrosion-related deterioration, interface integrity, internal
cavities, and material-property information. Rather than treating these as independent
sensing tasks, they can be viewed as different descriptors of the physical state of bridge com-
ponents. Figure 3 summarises the principal categories of material-condition information
that can be obtained using GPR for bridge inspection and Digital Twin development.

<«— Time (ns)

«— Time (ns)

n Reinforcement Localization E Corrosion Assessment
Determine the depth, location, spacing Evaluate corrosion activity and estimate
and size of reinforcing bars. corrosion level of reinforcement.
High
Cover Corrosion
depth risk
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Figure 3. Material-scale condition information obtainable from GPR.

4.2.1. Reinforcement Localization

Bridge-deck GPR research has progressed from manual interpretation towards auto-
mated reinforcement localisation. In addition to conventional signal-processing approaches,
computer-vision and deep-learning methods have been developed for automatic rebar
detection, including computer-vision pipelines, deep residual networks, and pixel-level
encoder—-decoder architectures [42-45]. Recent work has also demonstrated hybrid ap-
proaches combining synchrosqueezed wavelet transforms, transfer learning, and optimisa-
tion for automated defect identification in real bridge-deck surveys [46].

Reinforcement localization is one of the most established applications of GPR in bridge
inspection. Accurate information on reinforcement position, spacing, and concrete cover
is important because reinforcement geometry affects electromagnetic-wave propagation
and provides a reference for interpreting subsequent deterioration indicators [47,48]. Steel
reinforcement produces strong electromagnetic contrasts with the surrounding concrete.
Under common-offset configurations, reflections from reinforcing bars typically produce
characteristic hyperbolic signatures in B-scan data. Their geometry depends on reinforce-
ment depth, antenna frequency, acquisition configuration, and the dielectric properties
of the surrounding material. Reinforcement position and cover depth can therefore be
estimated from reflection geometry and travel-time characteristics.

https://doi.org/10.3390/s26185930


https://doi.org/10.3390/s26185930

Sensors 2026, 26, 5930

11 of 44

Early applications relied mainly on manual radargram interpretation and geometric
fitting. As bridge inspection programmes expanded, semi-automated approaches based on
signal processing, hyperbola detection, and geometric constraints were developed to reduce
operator dependence and improve consistency [49]. Dense-array and multi-channel GPR
systems have further increased the efficiency of reinforcement mapping over large bridge
decks [50,51]. Despite these developments, reinforcement localization remains sensitive
to dense reinforcement layouts, overlapping reflections, heterogeneous concrete, signal
attenuation, dielectric-permittivity assumptions, and acquisition geometry. Independent
verification is therefore important when geometric information is subsequently used for
quantitative deterioration assessment.

4.2.2. Corrosion Assessment

Corrosion assessment has become a particularly active area of bridge-deck GPR re-
search. A systematic review by Faris et al. synthesised the physical, environmental, and
technical factors affecting GPR-based corrosion interpretation, while subsequent work
demonstrated automated rebar recognition and corrosion mapping from bridge-deck GPR
data [52,53]. These studies indicate that GPR amplitude and waveform characteristics can
provide spatially distributed indicators of reinforcement corrosion, but also emphasise
the need to account for moisture, chloride exposure, signal attenuation, and acquisition
conditions when converting GPR measurements into condition information.

Reinforcement corrosion is a major deterioration mechanism in reinforced-concrete
bridges because corrosion can reduce the capacity of reinforcing steel and contribute to
cracking, delamination, and progressive concrete degradation. GPR does not directly
measure electrochemical corrosion activity. Instead, it detects electromagnetic changes
associated with corrosion-related changes in the surrounding material and steel-concrete
interface. Chloride contamination, moisture accumulation, increased electrical conduc-
tivity, cracking, and changes in the steel-concrete interface can influence electromagnetic
propagation. These effects may appear as variations in reflection amplitude, attenuation,
travel time, or waveform characteristics. Early studies therefore established relationships
between the attenuation of reinforcing-bar reflections and bridge-deck deterioration [54].

Subsequent research introduced corrections for reinforcement depth and signal atten-
uation, together with dielectric-property estimation, depth normalisation, and statistical
analysis, to reduce the effects of acquisition geometry and material variability. These de-
velopments have improved the consistency of GPR-based deterioration assessment and
enabled larger-area condition mapping. However, corrosion-related GPR responses remain
non-unique. Moisture content, chloride concentration, concrete heterogeneity, reinforce-
ment geometry, and construction variability can produce overlapping electromagnetic
effects [55]. Consequently, GPR-derived corrosion indicators should be interpreted as indi-
rect evidence rather than definitive measurements of corrosion. Quantitative assessment
requires calibration and, where possible, independent measurements or complementary
NDT techniques.

4.2.3. Delamination and Debonding Detection

Automated delamination detection has also expanded rapidly. Recent studies have
applied 1D-CNNs and hybrid deep-learning frameworks to bridge-deck GPR data, demon-
strating that contextual information and transfer learning can improve classification of
delaminated regions [46,56]. A recent multi-modal study further combined GPR with
infrared thermography through physics-enhanced feature fusion, showing the potential
of heterogeneous NDE data to improve generalisation beyond single-modality interpreta-
tion [57].
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Delamination and debonding represent deterioration of material interfaces and are
particularly relevant to layered bridge decks and composite structures. They may result
from reinforcement corrosion, repeated loading, construction deficiencies, environmental
exposure, or long-term material degradation [58]. GPR is sensitive to changes in electro-
magnetic properties at material interfaces. Interface separation can modify local impedance
and produce changes in reflection amplitude, waveform characteristics, and propagation
behaviour. Conventional assessment commonly relies on anomalous reflections in B-scan
images, but interpretation can be affected by reinforcement interference, moisture, defect
thickness, and signal attenuation.

Thin or discontinuous interface defects are particularly difficult to identify when their
dimensions are small relative to the radar wavelength. This limitation has motivated
the use of acquisition and processing strategies that exploit electromagnetic-wave propa-
gation beyond conventional reflection amplitude. Multi-static acquisition and Common
Mid-Point (CMP) analysis, for example, can provide additional information from lateral-
wave propagation and velocity characteristics [37]. Time—frequency representations and
wavelet-entropy features have also been investigated to improve the discrimination of
weak interface responses [51]. The resulting development represents a shift from image-
based defect identification towards more physically informed characterisation of interface
integrity. Nevertheless, GPR indications of delamination or debonding should still be
regarded as condition evidence requiring appropriate validation rather than as unique
defect identification.

4.2.4. Moisture Assessment

Moisture remains an important confounding factor and an engineering target in GPR-
based bridge assessment. Bridge-deck studies have shown that dielectric properties and
electromagnetic attenuation are strongly influenced by water content, which can affect both
cover-depth estimation and deterioration interpretation [17,59-61]. Consequently, recent
GPR research increasingly treats moisture and environmental conditions as contextual
variables that should be incorporated into automated interpretation rather than ignored
during defect classification.

Moisture is an important material property in GPR-based bridge assessment because
water strongly affects electromagnetic-wave propagation and can influence the interpre-
tation of other GPR observations. Moisture is also closely associated with reinforcement
corrosion, freeze—thaw deterioration, and long-term material degradation. The sensitivity
of GPR to moisture originates from the large difference between the dielectric properties of
water and those of most construction materials. Variations in water content can therefore
modify propagation velocity, travel time, reflection characteristics, and signal attenuation.
These relationships provide the basis for estimating moisture conditions and characterising
dielectric properties [62].

Research has established relationships between GPR-derived electromagnetic param-
eters and subsurface water content, with dielectric-property analysis providing a means
of characterising moisture distribution [63]. More recent approaches have focused on
improving dielectric-constant estimation and quantitative moisture retrieval [64]. An im-
portant characteristic of moisture information is that it also affects the interpretation of other
material-condition indicators. Changes in water content can influence the assessment of cor-
rosion, interface integrity, and internal anomalies. Moisture estimation is therefore relevant
both as an independent condition indicator and as supporting information for interpret-
ing other GPR responses. Quantitative moisture estimation remains affected by material
composition, pore structure, temperature, chloride concentration, and material heterogene-
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ity. Consequently, reliable moisture characterisation requires appropriate calibration and
consideration of the interacting factors that influence electromagnetic responses [65].
Table 2 summarises the five principal categories of material-conditioned information
discussed in Section 4.2.4, together with their representative engineering targets, physi-
cal interpretations, characteristic GPR signatures, conventional interpretation strategies,
and emerging research directions. Rather than replacing conventional defect-oriented
descriptions, this classification provides a unified perspective for understanding the com-

plementary roles of GPR in material-scale bridge condition assessment.

Table 2. Unified classification of material-condition information derived from GPR.

. Representativ . . nventional mergin
Information eprese ta}t € Physical Representative Convent ona Emerging
Engineering . . Interpretation Research
Category Interpretation GPR Signature .
Target Strategy Direction
Geometry Reinforcement Structural Hyperbolic Hyperbola fitting Automat.lc
. o . and cover geometric
Information localisation geometry reflections o .
estimation extraction
. Reflection - "
Material . . . Statistical and Quantitative
. . Corrosion Material attenuation, ) . ]
Deterioration . amplitude-based deterioration
. assessment degradation waveform . .
Information - analysis evaluation
variation
Interface . .
Interface — : Visual Physics-
) Delamination .. reflections, . . .
Integrity ) Layer continuity interpretation informed
. and debonding lateral-wave S -
Information offects and migration characterisation

Strong dielectric

. Hidden cavities Reflection .
Internal Cavity . . contrast and . Multi-parameter
. Void detection and support analysis and -
Information L anomalous ) . characterisation
conditions . imaging
reflections
. . . Travel-tim uantitativ
Material . Dielectric- ve N . . Q atve
Moisture variation and Dielectric material-
Property assessment property signal estimation ropert
Information distribution gna’ property
attenuation inversion

An important limitation is that GPR responses are generally non-unique. Similar
electromagnetic signatures may arise from different combinations of moisture, chloride
contamination, material heterogeneity, reinforcement geometry, interface conditions, and
other factors. As a result, both false-positive and false-negative interpretations are possible,
particularly for subtle deterioration. The reliability of GPR-derived information therefore
depends on acquisition configuration, dielectric assumptions, signal processing, calibration,
and independent validation. Bridge-specific ground truth, complementary NDT methods,
and repeated measurements are particularly important when GPR observations are used
for quantitative condition assessment or Digital Twin updating.

4.3. Al-Assisted Information Extraction

Traditional GPR interpretation relied on manual examination of radargrams and engi-
neering experience. Hyperbolic reflections, amplitude variations, waveform characteristics,
and other patterns were interpreted to identify reinforcement and potential deterioration.
Although this approach remains useful, it is labour-intensive and difficult to standardise
across large bridge inventories.

Signal-processing and handcrafted-feature approaches subsequently provided more
structured representations of GPR observations. Time-domain and frequency-domain
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features, texture descriptors, wavelet representations, and entropy-based measures were
incorporated into automated workflows. Conventional machine-learning algorithms, in-
cluding Support Vector Machines, Artificial Neural Networks, Decision Trees, Random
Forests, and clustering methods, were then applied to bridge-inspection tasks.

The principal significance of this development was the transition from manual interpre-
tation towards automated information extraction. However, model performance remained
strongly dependent on feature design, preprocessing, and domain expertise, limiting trans-
ferability across different bridge structures, material conditions, and acquisition systems.

4.3.1. Deep Learning for Automated Material-Condition Information Extraction

The recent expansion of bridge-specific GPR datasets has enabled more represen-
tative deep-learning studies. Large field datasets collected from multiple bridge decks
have been used to train object-detection models for rebar recognition, while other stud-
ies have explored pixel-level classification and hybrid time—frequency/deep-learning
approaches [42-46,56,66]. This trend is important for the present framework because
automated interpretation converts dense GPR measurements into structured engineering
information such as rebar location, cover depth, corrosion indicators, and delamination
probability [67].

Deep learning has reduced the dependence on manually engineered features by
learning hierarchical representations directly from GPR data [68-71]. Convolutional neu-
ral networks have been widely investigated for reinforcement localisation, where the
recognition of hyperbolic signatures can be automated over large bridge-deck datasets.
Deep-learning methods have subsequently been applied to corrosion-related deteriora-
tion, delamination and debonding, internal anomalies, and moisture-related condition
assessment. Their ability to learn spatial and contextual features is particularly useful for
electromagnetic responses that cannot be reliably separated using simple thresholds or
manually selected features.

Another important development is the use of domain-specific data representations.
Rather than applying computer-vision models directly to raw radargrams, researchers have
investigated signal transformations, multi-domain representations, and physics-aware
preprocessing to improve the discriminative characteristics of GPR observations. The
research direction is also moving from individual defect-recognition tasks towards the
extraction of multiple categories of material-condition information. This shift is important
for the information-centric framework because the objective is ultimately to generate a
structured representation of material condition rather than a collection of independent
defect labels. Despite these advances, practical deployment remains constrained by limited
labelled datasets, differences among sensing systems and acquisition conditions, and the
lack of standardised bridge-GPR benchmarks [72,73].

4.3.2. Emerging Al Paradigms for Material-Condition Information Extraction

An additional direction is the integration of physics and heterogeneous sensing in-
formation into GPR interpretation. Recent bridge-deck studies have combined GPR with
complementary NDE modalities, while broader physics-informed and hybrid-learning
approaches provide a pathway for constraining data-driven models with electromagnetic
or structural knowledge [26,57]. Such approaches are particularly relevant where field-
labelled GPR datasets are limited or where changes in acquisition conditions reduce the
transferability of purely data-driven models.

The limitations of conventional deep-learning approaches have motivated several
emerging directions. Transformer-based architectures can capture long-range dependencies
and contextual relationships in large and complex datasets and have therefore attracted
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increasing attention for GPR interpretation [74,75]. Physics-informed learning provides
another important direction. GPR observations are governed by electromagnetic-wave
propagation and are influenced by antenna characteristics, material properties, acquisition
geometry, and subsurface interfaces. Incorporating such physical constraints into learning
models can improve robustness and interpretability and reduce reliance on purely empirical
relationships [76].

Simulation-assisted learning offers a complementary solution to the limited availability
of labelled field data. Electromagnetic modelling based on methods such as finite-difference
time-domain (FDTD) simulation can generate physically consistent synthetic observations
for model development and evaluation [77]. Advances in sensing-system design are also
closely related to Al-based interpretation. Multi-channel arrays, multi-static configurations,
dual-polarised measurements, and three-dimensional acquisition can provide richer obser-
vations for subsequent information extraction. The emerging trend is therefore towards
the joint development of sensing, electromagnetic modelling, data representation, and
intelligent interpretation, rather than treating the sensing system and Al algorithm as
independent components.

4.4. Interpretation Challenges

Despite substantial progress, several challenges limit the use of GPR as a reliable
source of quantitative material-condition information.

First, there is a continuing gap between anomaly detection and quantitative condition
characterisation. GPR can identify characteristic responses associated with reinforcement,
deterioration, interfaces, and moisture, but estimating deterioration severity, material
properties, geometric dimensions, and associated uncertainty remains more difficult. Future
development therefore needs to emphasise quantitative inversion and parameter estimation
rather than binary defect classification.

Second, the physical non-uniqueness of electromagnetic responses limits the reliability
of purely data-driven interpretation. Similar radar responses can result from different com-
binations of material properties, moisture, chloride contamination, reinforcement geometry,
and acquisition conditions. Physics-informed modelling and independent validation are
therefore important for improving engineering reliability.

Third, the quality and diversity of the acquired observations remain fundamental
limitations. Multi-channel, multi-static, dual-polarised, and three-dimensional systems
can provide richer information, but the resulting increase in data volume also increases
requirements for processing, calibration, and data management.

Fourth, the lack of large and standardised benchmark datasets limits objective com-
parison and model transferability. Existing studies often rely on laboratory experiments,
numerical simulations, or locally collected datasets with different sensing systems and
annotation strategies. More representative datasets covering different bridge types, ma-
terial conditions, environmental conditions, and acquisition configurations are needed to
support reproducible evaluation.

Finally, GPR-derived material information must ultimately be interpreted together
with information acquired at other spatial scales. Material-condition information alone
cannot fully describe structural behaviour or environmental context. The next step is
therefore not simply to improve GPR-based defect detection, but to generate reliable
material-condition descriptors that can be integrated with structural-response and network-
scale information.
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4.5. Role of GPR in the Multi-Scale Bridge Monitoring Framework

Within the M-S5-N framework, GPR provides the principal source of material-
condition information. Its main contribution is the characterisation of subsurface geome-
try, deterioration, interface integrity, and material properties that may not be observable
through conventional surface inspection. The progression of GPR research from radargram
interpretation to quantitative and Al-assisted information extraction is therefore consistent
with the broader information-centric perspective adopted in this review. The objective is to
transform electromagnetic observations into physically meaningful descriptors of material
condition that can subsequently be combined with structural-response and network-scale
information. The following Section 5 extends this perspective to the structural scale, where
distributed optical-fibre sensing provides spatially resolved observations of bridge response
under operational and environmental loading.

5. Optical-Fibre Sensing for Structural-Response Monitoring
5.1. Classification of Optical-Fibre Sensing Technologies

Optical-fibre sensing (OFS) provides a flexible approach to monitoring the response
of bridge structures because optical fibres can be used to measure mechanical and envi-
ronmental quantities with high spatial resolution and over long sensing distances. In this
review, Fibre Bragg Grating (FBG) sensors are considered discrete optical-fibre sensors,
whereas Brillouin-based sensing, Rayleigh backscattering/Optical Frequency Domain Re-
flectometry (OFDR), and distributed acoustic sensing (DAS) are considered distributed
sensing techniques. Accordingly, OFS is used as the umbrella term, while DOFS refers
specifically to distributed optical-fibre sensing.

The sensing principle depends on changes in the optical properties of light propa-
gating through an optical fibre. Mechanical strain, temperature variation, and dynamic
disturbance can modify the characteristics of the backscattered or reflected optical signal.
These changes can be analysed to estimate the corresponding physical quantities along the
sensing fibre. Early studies demonstrated the feasibility of fibre-optic sensing for structural
monitoring [78], while subsequent research established the underlying sensing principles
and extended fibre-optic techniques to large civil-engineering structures [79,80].

The main advantage of distributed sensing is not simply the increase in the number of
measurement points, but the ability to preserve the spatial continuity of structural-response
information. Instead of obtaining measurements only at selected locations, distributed fibre
systems can provide response profiles along structural components. Such measurements
can reveal strain redistribution, deformation compatibility, local response concentrations,
and changes in structural behaviour under operational and environmental loading.

Different OFS technologies provide different combinations of spatial resolution, sens-
ing length, measurement bandwidth, and response type. FBG sensors provide accurate
measurements at discrete locations and are well suited to monitoring critical structural
components. Brillouin-based systems provide distributed strain and temperature mea-
surements over long sensing lengths. Rayleigh-based techniques, particularly OFDR, offer
very high spatial resolution for localised deformation and crack-related responses. DAS ex-
tends optical-fibre monitoring into the dynamic domain by providing spatially distributed
measurements associated with vibration and wave propagation.

An important distinction should be made between quantities measured directly by
optical-fibre systems and engineering information inferred from those measurements.
Strain, temperature, and optical-phase changes are measurement outputs, whereas defor-
mation, crack development, stiffness variation, load redistribution, and structural condition
are engineering interpretations derived using sensor models and structural analysis. The
reliability of these interpretations therefore depends on sensor installation, strain transfer,
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1 Principles of DOFS

Sensing principle

temperature compensation, calibration, and the structural context in which the measure-
ments are evaluated. Figure 4 summarises the principal categories of DOFS for bridge
inspection and Digital Twin development. The following Section 5.2 examines the principal
categories of structural-response information provided by OFS and the corresponding
sensing technologies.
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Figure 4. Structural-scale information acquisition using DOFS.

5.2. Structural-Response Information Provided by OFS

Structural-response information describes how bridge components and structural
systems behave under operational and environmental loading. Unlike material-condition
information obtained from techniques such as GPR, structural-response information reflects
mechanical behaviour through measurements such as strain, deformation, temperature-
related response, and dynamic characteristics.

OFS provides several complementary forms of structural-response information. The
appropriate sensing technology depends on the required spatial resolution, sensing dis-
tance, temporal resolution, and structural application. Rather than treating FBG, Brillouin,
Rayleigh/OFDR, and DAS as competing technologies, they can be viewed as complemen-
tary approaches for observing structural behaviour at different spatial and temporal scales.

5.2.1. FBG: Discrete Optical-Fibre Sensing

FBG sensing has a long history in bridge monitoring, including applications to the
Tsing Ma Bridge, composite bridges, and long-term monitoring of concrete bridges [81-83].
These studies established the value of fibre-optic measurements for strain, displacement,
load, and long-term structural response. More recent reviews confirm that FBG technology
remains relevant for civil SHM, particularly where discrete high-accuracy measurements
and embedded sensing are required [84,85].

Although FBG sensors are not strictly distributed sensing technologies, they remain
one of the most widely adopted optical-fibre techniques in bridge structural health moni-

https://doi.org/10.3390/s26185930


https://doi.org/10.3390/s26185930

Sensors 2026, 26, 5930

18 of 44

toring because of their high measurement accuracy, rapid response, multiplexing capability,
and long-term stability [55,56]. Their technological maturity has supported applications
ranging from laboratory investigations to full-scale bridge monitoring.

The principal contribution of FBG sensing is the measurement of local structural
response at selected locations. Strain, deformation, and temperature measurements can be
obtained from embedded or surface-mounted sensors and subsequently used to evaluate
structural behaviour under operational and environmental loading. Such measurements
provide information for structural-state assessment, performance evaluation, and validation
of analytical models [86,87].

Applications of FBG sensing have progressively expanded to concrete, steel, and
composite bridges. Long-term monitoring studies have demonstrated the feasibility of FBG
systems under realistic service conditions [88], while both embedded and surface-mounted
configurations have been investigated for structural monitoring [89]. Measurements ob-
tained at carefully selected locations can reveal local strain concentrations, load redistri-
bution, deformation compatibility, and changes in response under varying operational
conditions. These observations can support proof-load testing, model validation, and the
evaluation of strengthening measures [90].

FBG sensing has also been applied to reinforced-concrete structures, where local strain
measurements can assist in identifying crack initiation and tracking structural response
during progressive deterioration. However, the discrete nature of FBG sensing limits spatial
coverage. Structural responses occurring between instrumented locations may remain
undetected, and monitoring performance therefore depends strongly on sensor-placement
strategies. Temperature effects and environmental influences also require appropriate
compensation when long-term measurements are interpreted. These limitations provide a
motivation for distributed optical-fibre techniques, which can extend structural-response
measurements from selected locations to continuous or quasi-continuous sensing regions.

5.2.2. Brillouin-Based Distributed Sensing

Brillouin-based distributed sensing extends this capability from discrete points to long
measurement lengths. Field studies have demonstrated distributed strain measurements
on reinforced-concrete bridges, while integrated inverse-analysis approaches have used
distributed fibre measurements to reconstruct deformation and stress [91-93]. Recent
bridge monitoring using specially installed distributed fibres has further demonstrated
three-dimensional deformation estimation and rapid post-earthquake assessment over
approximately kilometre-scale bridge lengths [94,95].

Brillouin-based distributed optical-fibre sensing, including Brillouin Optical Time
Domain Analysis (BOTDA) and Brillouin Optical Time Domain Reflectometry (BOTDR),
enables distributed measurements of strain and temperature over optical fibres with sensing
lengths extending to the kilometre scale [96,97]. Compared with discrete instrumentation,
these systems provide substantially greater spatial coverage and enable structural-response
profiles to be obtained over large bridge components [98].

The main engineering value of Brillouin sensing lies in its ability to characterise
the spatial distribution of structural response. Distributed strain profiles can reveal load
transfer, deformation compatibility, strain redistribution, and response evolution along
structural members. Such information is particularly relevant to long-span bridges, pre-
stressed components, and structures in which distributed changes in response may be
difficult to capture using discrete sensors.

The spatial continuity of the measured response also provides opportunities for
structural-model validation. Measured strain distributions can be compared with numerical
predictions to assess model assumptions, calibrate structural parameters, and identify devi-
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ations from expected behaviour. This approach provides a broader basis for structural-state
assessment than threshold-based evaluation of individual measurement points.

Brillouin sensing has nevertheless practical limitations. Spatial resolution, sensor
installation, strain-transfer characteristics, temperature compensation, and long-term en-
vironmental effects can all influence the reliability of the measured response. Appro-
priate interpretation therefore requires consideration of both sensing performance and
structural mechanics. The principal value of Brillouin-based sensing is consequently its
ability to convert distributed optical measurements into spatially continuous evidence of
structural behaviour.

5.2.3. Rayleigh Backscattering and OFDR

Rayleigh-based distributed sensing and high-resolution optical-frequency-domain
techniques provide complementary capabilities for localised deformation and crack-related
observations. Their principal advantage within the M-S-N framework is the ability to
generate spatially dense structural-response information, reducing the dependence on a
small number of point sensors and supporting more detailed comparison with structural
models [84,92].

Rayleigh backscattering-based sensing, particularly Optical Frequency Domain Re-
flectometry (OFDR), provides distributed measurements with very high spatial resolution.
Compared with Brillouin-based systems, which are generally more suitable for long sensing
distances, OFDR is particularly useful for detailed investigation of localised deformation
over relatively short sensing lengths. It has therefore attracted increasing attention for
component-level assessment and damage characterisation [99].

A major advantage of Rayleigh-OFDR sensing is its ability to identify local strain
concentrations associated with cracking. With an appropriate strain-transfer model, the
measured strain distribution may also be used to estimate crack location and, under suitable
conditions, crack opening. The reliability of such estimates depends on factors including
fibre bonding, cable construction, gauge length, strain range, and the ability of the sensing
system to maintain adequate coupling across the crack.

Near-continuous strain measurements provide information that cannot be obtained
readily from isolated sensors. Spatial strain gradients, local response concentrations, and
deformation compatibility can be analysed to distinguish local anomalies from broader
structural behaviour. Such information is relevant to crack localisation, verification of repair
effectiveness, assessment of strengthening measures, and numerical-model validation.
Distributed fibre-optic measurements can therefore contribute to performance-oriented
bridge-monitoring frameworks [100].

Recent developments have increasingly combined OFDR measurements with numeri-
cal modelling, image-based inspection, and advanced data-analysis methods. The emphasis
is gradually shifting from achieving higher sensing resolution alone towards extracting
reliable engineering information from distributed measurements. Within the broader OFS
framework, Rayleigh-OFDR complements FBG and Brillouin-based sensing by providing
high-resolution information on local deformation and damage evolution.

5.2.4. Distributed Acoustic Sensing (DAS)

DAS extends distributed optical sensing into the dynamic domain. Recent bridge
studies have demonstrated dynamic monitoring using distributed acoustic sensing on
railway and urban bridge networks, including extraction of vibration frequencies, damping,
modal shapes, and dynamic strain responses [18,101,102]. These developments suggest
that optical fibre systems can provide both quasi-static structural-response information and
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distributed dynamic information, although interrogator bandwidth, gauge length, signal
attenuation, and data volume remain practical constraints.

Distributed acoustic sensing (DAS) extends optical-fibre monitoring from predomi-
nantly static and quasi-static measurements towards a dynamic structural response. By
measuring distributed optical-phase changes associated with dynamic strain or strain-rate
responses, DAS can capture bridge behaviour associated with traffic loading, train passages,
wind excitation, and other dynamic actions [103].

A key advantage of DAS is its ability to provide spatially distributed measurements
of dynamic response over long sensing lengths. Dense measurements along the fibre
can reveal vibration patterns, wave-propagation characteristics, and spatial variations
in dynamic response. Compared with conventional vibration-monitoring systems based
on discrete accelerometers or geophones, DAS provides distributed measurements along
the sensing fibre. DAS does not directly measure acceleration; vibration characteristics
and modal properties are derived subsequently through signal processing and system-
identification procedures.

The resulting dynamic information can be used to investigate modal behaviour, wave
propagation, and changes in structural response. Variations in modal characteristics,
vibration amplitudes, and spatial response distributions may indicate changes in structural
behaviour, altered boundary conditions, or evolving damage mechanisms. Dynamic
measurements therefore provide complementary information to static and quasi-static
strain measurements and can be compared with structural-model predictions.

The practical performance of DAS depends on cable coupling, fibre orientation, gauge
length, measurement noise, and the characteristics of the interrogator. The use of existing
telecommunication fibre networks is also being investigated as a means of increasing
monitoring coverage and reducing deployment requirements. However, such systems do
not necessarily eliminate the need for dedicated sensing fibres where specific structural
configurations or measurement characteristics are required.

Overall, DAS provides a complementary dynamic dimension to OFS-based structural
monitoring. Its value lies not simply in the continuous acquisition of vibration data, but
in the extraction of spatially distributed dynamic-response information that can support
structural assessment.

5.3. Al-Assisted Structural-Response Information Interpretation

Al-assisted interpretation is becoming increasingly relevant as distributed optical-fibre
systems generate large volumes of spatially and temporally dense data. Recent reviews of
fibre-optic sensing combined with deep learning and Al-assisted fibre sensing highlight
automated anomaly detection, classification, and predictive maintenance as emerging
directions [104]. For bridge Digital Twins, the value of these approaches lies not simply
in classifying raw fibre signals, but in transforming distributed measurements into inter-
pretable structural-response indicators that can be assimilated into engineering models.

The increasing deployment of OFS has substantially increased both the spatial density
and temporal volume of bridge-monitoring data. This development shifts an important
part of the monitoring challenge from data acquisition towards interpretation. Large,
distributed datasets must be transformed into structural-response information that is
relevant to performance assessment, anomaly identification, and lifecycle management.

A fundamental distinction should be maintained between measured response and
structural condition. Distributed strain, temperature, and dynamic-response measure-
ments describe how a bridge behaves under particular loading and environmental condi-
tions, but they do not directly identify deterioration mechanisms or determine structural
safety. Similar response patterns may result from traffic loading, thermal effects, boundary-
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condition changes, construction characteristics, or genuine structural deterioration. Conse-
quently, intelligent interpretation must account for the structural and operational context
of the observations.

Traditional interpretation relies on structural mechanics, numerical modelling, baseline
measurements, and engineering judgement. Distributed measurements can be compared
with analytical or finite-element predictions to identify abnormal response patterns and
evaluate structural performance. These approaches remain important because they provide
the physical basis for interpreting changes in measured response.

The increasing volume of OFS data has nevertheless stimulated the use of machine-
learning methods for anomaly detection, feature extraction, pattern recognition, and
structural-condition classification. Post-processing methods developed specifically for
distributed optical-fibre measurements have highlighted the importance of signal qual-
ity, feature representation, and engineering knowledge in obtaining reliable structural
information [105]. Rather than replacing mechanics-based interpretation, Al can assist in
identifying response patterns that require further engineering investigation.

Future intelligent interpretation is expected to increasingly combine OFS measure-
ments with numerical models, inspection records, maintenance histories, environmental
observations, and other monitoring sources. Explainable learning, uncertainty-aware infer-
ence, and physics-informed modelling are particularly relevant because the objective is not
simply to classify response patterns but to establish interpretable relationships between
measurements and structural behaviour.

Accordingly, Al-assisted OFS interpretation should be viewed as an information-
extraction process. Its purpose is to convert large volumes of distributed measurements
into reliable structural-response descriptors that can support engineering assessment and
subsequent multi-source information integration.

5.4. Current Challenges and Future Perspectives

Recent distributed sensing studies also highlight several issues that limit direct trans-
fer between bridges. Strain-transfer behaviour, installation configuration, gauge length,
temperature sensitivity, interrogation technology, and environmental exposure can alter
the measured response. Long-term railway and bridge deployments demonstrate the im-
portance of validating distributed measurements against conventional sensors or structural
models [92,94,106]. These findings support the use of uncertainty-aware interpretation
and model-based validation when optical-fibre observations are incorporated into a bridge
Digital Twin.

Despite significant advances in optical-fibre sensing, several challenges remain before
distributed response measurements can be converted consistently into reliable engineering
evidence for bridge assessment.

First, the relationship between structural response and structural condition is inher-
ently non-unique. Changes in strain, deformation, or vibration may result from operational
loading, temperature, environmental effects, boundary-condition changes, or deterioration.
Consequently, abnormal response does not necessarily provide direct evidence of damage,
and structural interpretation requires appropriate engineering context.

Second, measurement reliability remains strongly dependent on installation and
sensor-structure interaction. Fibre bonding, cable construction, strain transfer, temperature
compensation, environmental exposure, and long-term durability can all influence the mea-
sured response. These effects introduce uncertainties that may propagate into subsequent
structural assessment [107].

Third, the large volume of continuously acquired distributed data creates challenges
for storage, processing, feature extraction, and long-term interpretation. Increasing mea-
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surement density does not automatically lead to improved engineering understanding.
Effective monitoring therefore requires methods that identify the response characteristics
most relevant to structural assessment while retaining the spatial information provided by
distributed sensing.

Fourth, the transferability of intelligent interpretation models remains limited. Dif-
ferences in bridge type, structural configuration, sensing fibre, installation method, in-
terrogator, environmental conditions, and operational loading can alter the measured
response. Models trained under one set of conditions may therefore not generalise directly
to other structures.

Finally, structural-response information alone cannot explain all aspects of bridge
condition. Response observations should be interpreted together with material-condition
information, environmental context, structural models, and inspection evidence. Improving
this integration is therefore essential for converting distributed sensing measurements into
robust information for bridge Digital Twins.

5.5. Role of OFS in Bridge Digital Twins

Within the framework established in Section 3, OFS provides structural-response
information that complements the material-condition information obtained from GPR. Its
principal contribution is the spatially resolved observation of how bridge components and
structural systems respond to operational and environmental loading.

Different OFS technologies provide complementary response information. FBG sen-
sors provide accurate measurements at selected locations, Brillouin-based systems provide
long-range distributed strain and temperature information, Rayleigh-OFDR provides high-
resolution observations of local deformation, and DAS extends monitoring into the dynamic
domain. Together, these approaches provide multiple views of structural behaviour across
different spatial and temporal scales.

The main engineering value of OFS therefore lies in transforming optical mea-
surements into reliable structural-response information. Such information can support
structural-state assessment, model validation, performance evaluation, anomaly identifica-
tion, and long-term monitoring. However, OFS does not directly identify the underlying
material deterioration responsible for an observed response. Its interpretation is therefore
strengthened when structural-response information is considered together with material-
condition observations and appropriate engineering models.

This complementary relationship provides the basis for the next stage of the multi-
scale monitoring framework. While GPR and OFS provide information about material
condition and structural response, respectively, bridge performance is also influenced by
environmental and geotechnical processes extending beyond individual bridge assets. The
following Section 6 therefore considers satellite remote sensing as a source of network-scale
contextual information for multi-scale bridge monitoring.

6. Network-Scale Information Acquisition Using Satellite
Remote Sensing

6.1. Satellite Remote Sensing as a Source of Network-Scale Context Information

Satellite remote sensing provides a means of observing bridge infrastructure and its
surrounding environment over spatial and temporal scales that are difficult to achieve using
ground-based monitoring alone. Within the framework established in Section 3, its prin-
cipal contribution is the acquisition of network-scale contextual information, particularly
information related to surface deformation, regional ground movement, environmental
conditions, and infrastructure-wide spatial patterns.
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Among satellite remote-sensing techniques, Synthetic Aperture Radar (SAR) inter-
ferometry has become particularly important for infrastructure monitoring because it can
detect subtle surface deformation over large geographical areas. Interferometric SAR (In-
SAR) derives surface displacement information from the phase differences between radar
observations acquired at different times. The development of Persistent Scatterer INSAR (PS-
InSAR) and Small Baseline Subset (SBAS-InSAR) techniques has further improved the capa-
bility to monitor long-term deformation under complex observation conditions [108-110].

The principal advantage of satellite-based observation is its spatial coverage. Unlike
local inspection and sensing systems, satellite observations can cover individual bridges
together with their surrounding ground and infrastructure environment. Repeated acqui-
sitions also provide a temporal dimension, allowing deformation histories and regional
trends to be investigated over extended periods. Recent reviews have therefore highlighted
the increasing contribution of remote sensing to bridge digitalisation and its integration
with geomatics-based structural health monitoring frameworks [111,112].

Different satellite observations provide complementary forms of information. Radar-
based methods are particularly suitable for measuring surface deformation and displace-
ment, whereas optical remote sensing can provide complementary information on surface
characteristics and environmental conditions. In bridge applications, however, satellite-
derived observations should not be interpreted as direct measurements of structural con-
dition. InSAR measurements are primarily along the satellite line of sight (LOS), and
their reliability can be affected by viewing geometry, coherent-scatterer availability, at-
mospheric effects, temporal and spatial decorrelation, reference-point stability, layover,
and shadow. Figure 5 summarises the principal categories of Satellite Remote Sensing for
bridge inspection and Digital Twin development.

1 Principles of Satellite Remote Sensing for Infrastructure Monitoring 2 Typical Satellite Missions and Data Characteristics 3 Information Provided by Satellite Remote Sensing
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These characteristics distinguish satellite remote sensing from material- and structural-
scale sensing. Its primary value lies in providing a spatial and temporal context within
which bridge behaviour can be evaluated. The following Section 6.2 therefore fo-
cuses on the principal categories of network-scale context information derived from
satellite observations.

6.2. Network-Scale Context Information Acquired by Satellite Remote Sensing

Network-scale context information describes environmental, geographical, and
infrastructure-wide processes that influence bridge performance beyond the boundaries
of individual structural components. Satellite remote sensing is particularly suitable for
acquiring such information because of its broad spatial coverage and repeated observations.

The information obtained from satellite observations can be organised into four com-
plementary categories: surface deformation and displacement, long-term performance
evolution, environmental and geohazard context, and network-level infrastructure infor-
mation. These categories differ in their engineering interpretation but collectively provide
a broader context for bridge assessment and infrastructure management.

6.2.1. Surface Deformation and Displacement Information

Recent bridge-specific studies have demonstrated increasingly sophisticated INSAR
applications for deformation monitoring. SBAS-INSAR has been applied to long-span
railway bridges using Sentinel-1 observations, while PSI approaches have been refined
using temperature fields and structural information to improve long-term deformation
estimates [113,114]. Other studies have integrated structural knowledge with time-series
InSAR to improve point density and distinguish mechanically meaningful deformation
from environmental effects [115,116].

Surface deformation and displacement represent the most direct form of information
obtained from satellite-based InSAR for bridge monitoring. Repeated observations can
reveal spatially distributed deformation associated with bridge structures, foundations,
surrounding ground, and nearby infrastructure.

The engineering value of satellite-derived displacement lies in its ability to provide
observational evidence of long-term movement over areas that may be difficult to monitor
comprehensively using ground-based systems. Progressive settlement, localised displace-
ment, and regional deformation trends can be identified and subsequently evaluated using
structural models, inspection records, and complementary monitoring observations.

Several studies have demonstrated the application of SBAS-InSAR to long-term de-
formation monitoring of bridges. Long-span railway bridges have been monitored using
time-series INSAR, demonstrating the potential of satellite observations for tracking defor-
mation under operational conditions [117]. INSAR-derived displacement measurements
have also been used to support the assessment of urban bridges at the city scale [118]. At
larger scales, regional INSAR monitoring can facilitate the screening of bridge inventories
and the identification of structures exhibiting abnormal deformation behaviour [119].

However, satellite-derived displacement should not be interpreted directly as evidence
of structural deterioration. The observed LOS displacement may include contributions from
bridge deformation, foundation movement, surrounding ground deformation, thermal
effects, and measurement uncertainty. Its engineering significance therefore depends on
structural characteristics, geological conditions, environmental influences, and complemen-
tary observations.

Satellite-derived displacement should consequently be regarded as network-scale
contextual evidence rather than a standalone diagnostic indicator of bridge damage.
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6.2.2. Long-Term Performance Evolution

Long-term bridge monitoring using satellite interferometry is particularly valuable
because repeated observations can reveal deformation histories without installing per-
manent sensors on every asset. Multi-span prestressed concrete bridge studies have
compared satellite-derived deformation with on-site measurements, while recent re-
fined distributed-scatterer approaches have addressed low-coherence bridge groups and
temperature-related phase effects [120,121]. These studies strengthen the case for treat-
ing satellite observations as network-scale contextual information rather than as isolated
displacement measurements.

An important characteristic of satellite remote sensing is the ability to establish defor-
mation histories from repeated observations. Whereas conventional inspection campaigns
often provide discrete assessments of bridge condition, time-series satellite observations
can reveal how deformation evolves over months or years.

Long-term displacement trajectories provide information that is difficult to obtain
from individual observations. They can help distinguish relatively stable behaviour from
progressive deformation, seasonal variations, or abnormal trends requiring further investi-
gation. This temporal perspective is particularly valuable for infrastructure management
because slowly developing changes may remain difficult to identify through isolated
inspection campaigns.

The interpretation of long-term performance evolution nevertheless requires care-
ful consideration of environmental and operational influences. Seasonal thermal effects,
foundation movement, regional geological processes, and changes in surrounding con-
ditions may all contribute to observed displacement histories. Long-term trends should
therefore be interpreted together with structural characteristics, environmental conditions,
operational loading, maintenance records, and complementary monitoring observations.

Within the network-scale context provided by satellite remote sensing, temporal
deformation histories add an important longitudinal dimension to bridge assessment.
They support trend analysis, performance evaluation, and the identification of structures
requiring closer investigation.

6.2.3. Environmental and Geohazard Context

Environmental interpretation is increasingly recognised as essential for INSAR-based
bridge monitoring. Temperature, ground movement, riverbed processes, and surround-
ing geohazards can influence observed bridge displacement and therefore need to be
separated from structural deterioration. Regional-scale studies have explicitly combined
InSAR displacement with environmental variables to classify anomalous bridge behaviour,
while broader reviews have identified climate and environmental context as important
components of regional-scale bridge health monitoring [19,122].

Bridge performance is influenced by the environmental and geotechnical conditions
surrounding individual assets. Ground settlement, slope instability, flooding, river mor-
phology, seismic effects, and other regional processes may alter bridge behaviour without
originating from deterioration within the bridge itself.

Satellite remote sensing provides a means of observing such processes over large
geographical areas. The resulting information can help establish relationships between
bridge behaviour and its surrounding environment. For example, interferometric SAR has
been investigated for remote monitoring of bridge-scour-related hazards, demonstrating
the potential of satellite observations for identifying environmental conditions that are
difficult to evaluate through conventional inspection alone [123].

The engineering value of environmental and geohazard information lies primarily in
its contextual role. Regional ground movement may explain an observed bridge displace-

https://doi.org/10.3390/s26185930


https://doi.org/10.3390/s26185930

Sensors 2026, 26, 5930

26 of 44

ment, while spatially extensive environmental changes may distinguish a local structural
problem from a broader geotechnical process. Such information can therefore improve the
interpretation of bridge-level observations and support risk assessment.

Satellite observations should nevertheless be interpreted together with appropriate
environmental, geological, and structural information. The presence of an environmental
anomaly does not by itself establish a structural consequence, and its significance depends
on the vulnerability and configuration of the affected bridge.

6.2.4. Network-Level Infrastructure Assessment and Inspection Prioritisation

The network-scale potential of satellite monitoring is particularly evident in population-
based approaches. Regional studies have investigated anomaly detection across multiple
bridges, while recent work has extended the concept to historical bridge populations
and large-area health assessment [19,122,124]. Such approaches can provide an initial
prioritisation layer, identifying assets that require more detailed structural monitoring or
material-scale inspection.

The broad spatial coverage of satellite remote sensing enables multiple bridges to
be evaluated within a common geographical and temporal framework. This capability
extends bridge assessment from individual assets towards network-level screening and
infrastructure management.

Network-scale observations can reveal regional deformation patterns and differences
in the behaviour of bridges subjected to similar environmental and operational condi-
tions. MT-InSAR observations combined with machine-learning techniques have been
investigated for multi-bridge deformation monitoring and for identifying bridges exhibit-
ing abnormal behavioural characteristics [125]. Such comparative analysis can reduce
the dependence on independent assessment of every individual asset and facilitate the
identification of structures requiring further investigation.

The principal engineering value of network-level assessment is therefore comparative
rather than diagnostic. Bridges exhibiting deformation characteristics that differ substan-
tially from neighbouring assets or regional trends can be prioritised for detailed inspection.
This can assist transportation agencies in allocating inspection resources, scheduling main-
tenance, and identifying infrastructure requiring closer engineering evaluation.

Satellite remote sensing is consequently better viewed as a network-level screening
and contextualisation technology than as a replacement for detailed bridge inspection.
Its contribution is to identify spatial and temporal patterns that can guide subsequent
engineering investigation and asset-management decisions.

6.3. Intelligent Interpretation of Network-Scale Information

Intelligent InSAR interpretation is also moving towards data fusion and three-
dimensional reconstruction. Recent work has combined multi-track INSAR observations
with environmental and structural information through Kalman filtering, while other
studies have used deep learning and attention mechanisms to derive bridge-failure risk
indicators from geospatial displacement time series [126,127]. These developments indi-
cate that satellite observations can become higher-level engineering information when
combined with structural knowledge and complementary data sources.

The increasing availability of satellite observations has shifted an important part
of the monitoring challenge from data acquisition towards information interpretation.
Large Earth-observation datasets contain extensive spatial and temporal information, but
converting these observations into engineering evidence requires appropriate pattern
recognition, contextual analysis, and uncertainty assessment.
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Machine-learning techniques have increasingly been applied to network-scale bridge
monitoring. MT-INSAR observations can be analysed using supervised or unsupervised
approaches to identify abnormal deformation patterns and organise bridges according to
their observed behaviour. For example, unsupervised clustering has been investigated for
grouping bridge-deformation patterns and screening large bridge inventories for structures
requiring further investigation [128].

The main advantage of intelligent interpretation is therefore its ability to process large
numbers of observations consistently. Rather than analysing each deformation trajectory
independently, data-driven methods can identify common patterns, outliers, and spatial
relationships across bridge inventories.

However, deformation anomalies cannot be interpreted as engineering conclusions
without additional context. Similar displacement patterns may result from structural dete-
rioration, foundation settlement, environmental loading, nearby construction, or measure-
ment uncertainty. Conversely, the same deterioration mechanism may produce different
satellite signatures under different structural and environmental conditions.

Reliable intelligent interpretation therefore requires the integration of satellite observa-
tions with complementary engineering information. Historical inspection records provide
evidence of previous condition and maintenance, bridge databases describe structural
characteristics and operational conditions, environmental observations establish regional
context, and numerical models provide physical constraints. Combining satellite obser-
vations with terrestrial monitoring can improve engineering assessment compared with
relying on a single information source [129]. Bayesian data-fusion approaches further
provide a means of integrating multiple observations while explicitly accounting for uncer-
tainty in deformation estimation and interpretation [130].

From an information-centric perspective, Al should therefore serve primarily as an
interpretation and information-organisation tool. Its role is to identify meaningful patterns,
quantify uncertainty, and provide evidence that can support engineering judgement rather
than to replace that judgement.

6.4. Current Challenges

Despite significant advances in satellite remote sensing, several challenges remain
before network-scale observations can be routinely converted into reliable engineering
information for bridge management.

First, the relationship between observed surface deformation and actual structural
condition remains non-unique. Satellite observations quantify surface movement but do
not directly identify the physical mechanism responsible for that movement. Internal dete-
rioration may produce little observable surface displacement, while similar deformation
patterns may result from structural, geotechnical, or environmental processes.

Second, the interpretation of long-term deformation is affected by multiple coupled
factors. Seasonal thermal effects, atmospheric disturbances, foundation movement, regional
geological processes, and structural response may all contribute to the measured signal.
Separating these effects remains essential for reliable engineering interpretation.

Third, the reliability and coverage of satellite observations depend on observation
geometry and surface conditions. LOS measurements do not directly provide complete
three-dimensional displacement, while the availability of coherent targets can be limited
for some bridge components. Atmospheric effects, decorrelation, layover, shadow, and
reference-point selection can further affect the quality of deformation estimates.

Fourth, network-scale monitoring generates large volumes of spatiotemporal in-
formation that require efficient storage, processing, and interpretation. Although ma-
chine learning can support large-scale screening, models must remain transferable
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across different bridge types, geographical environments, observation geometries, and
deformation mechanisms.

Finally, satellite observations cannot provide a complete representation of bridge
condition independently. Their greatest value is obtained when network-scale context
is combined with material-condition information, structural-response observations, envi-
ronmental data, and engineering models. Establishing reliable interfaces between these
information sources remains an important challenge for multi-scale bridge monitoring.

6.5. Role of Satellite Remote Sensing in the Multi-Scale Bridge Monitoring Framework

The recent literature therefore supports a distinct role for satellite remote sensing
within the M-5-N framework. Satellite InNSAR is not a replacement for local material in-
spection or structural instrumentation; rather, it provides wide-area temporal and environ-
mental context that can identify unusual behaviour, support cross-bridge comparison, and
prioritise subsequent investigation [15,19,122,124,126,131,132]. Recent reviews of bridge
digitalisation likewise emphasise the value of combining remote sensing with BIM, Digital
Twins, and other monitoring technologies [15].

Within the multi-scale framework established in Section 3, satellite remote sensing
provides network-scale contextual information that extends bridge monitoring beyond
individual structural components. Its principal contribution is the observation of deforma-
tion, environmental conditions, and infrastructure-wide spatial and temporal patterns that
cannot be efficiently captured by local sensing systems.

The information obtained from satellite observations is complementary to the material-
condition information provided by GPR and the structural-response information obtained
from OFS. Satellite remote sensing does not directly replace either technology. Instead, it
provides the geographical and environmental context required to interpret local material
conditions and structural responses within a broader infrastructure system.

The progression from individual deformation measurements to time-series analysis
and network-level screening also reflects the information-centric evolution of bridge moni-
toring. Satellite observations can first provide measurable deformation evidence, which
can then be interpreted in relation to environmental and structural context and ultimately
used to support inspection prioritisation and infrastructure management.

The principal role of satellite remote sensing in the proposed framework is therefore to
provide network-scale contextual evidence. Its value is maximised when this information
is linked with material-condition and structural-response observations through a common
information framework. The integration of these heterogeneous information sources is
considered in the following Section 7.

7. Comparison Across Different Spatial Scales
7.1. Monitoring Objectives Across Multiple Spatial Scales

Bridge-monitoring technologies differ not only in sensing principles but also in the
type of engineering information they can provide, their spatial coverage, and their temporal
characteristics. The comparison in this Section 7 therefore focuses on the information
obtained at different spatial scales rather than on sensor specifications alone.

Table 3 summarises the principal monitoring objectives associated with GPR, optical-
fibre sensing, and satellite remote sensing. The comparison shows that the three tech-
nologies address different but complementary information requirements. GPR primarily
supports material-condition assessment, OFS provides structural-response information,
and satellite remote sensing contributes network-scale contextual information. In some
applications, a monitoring objective may involve more than one information scale.
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Table 3. Comparative monitoring objectives of multi-scale bridge sensing technologies.
Information Catego Representative Primary Typical Technolo
gory Engineering Objective Information Scale yp 8y
Material-condition information C.O rrosion, Material GPR
delamination, voids
Mater1al—cond1.t lon + St?uctural— Crack evolution Material-Structural GPR + DOFS
response information
Structural-response information Strain, prestress, Structural DOFS
load transfer
- + - . .
Structural response Ne-twork scale Deformation assessment Structural-Network DOFS + Satellite
context information
. . Settlement, .
Network-scale context information Network Satellite

regional deformation

The overlap between information categories is important because bridge deterio-
ration and structural behaviour are not independent processes. Material deterioration
may eventually alter structural response, while structural deformation may be influenced
by regional ground movement or environmental processes. Consequently, some engi-
neering questions cannot be adequately addressed at a single spatial scale. For example,
crack-related assessment may require both information on local material deterioration and
measurements of the associated structural response, whereas deformation assessment may
benefit from combining structural observations with network-scale ground-movement
information [90,96,125].

The comparison therefore indicates that the three sensing approaches should not be
regarded as competing alternatives. Their engineering value depends on the relationship
between the monitoring objective and the information required to address it.

7.2. Practical Considerations

In addition to the type of engineering information obtained, the three sensing ap-
proaches differ substantially in spatial coverage, spatial resolution, temporal sampling,
and deployment requirements. These characteristics determine where and when each
technology can be effectively applied.

GPR is primarily a campaign-based, component-level technique. It provides relatively
detailed information along surveyed trajectories and is particularly suitable for targeted
investigation of bridge components where hidden deterioration or material conditions
require assessment. Its main limitation is that repeated surveys require physical access and
are generally performed periodically rather than continuously.

OFS provides localised or distributed structural measurements, depending on the
sensing configuration. Permanently installed fibre systems can support continuous mon-
itoring over extended periods, making them particularly suitable for tracking structural
responses under operational and environmental loading. However, deployment generally
requires physical installation on or within the monitored structure, and the monitoring
coverage is determined by the location and configuration of the sensing system.

Satellite remote sensing provides large-area, remote observations that can cover indi-
vidual bridges together with surrounding infrastructure and ground conditions. Repeated
satellite acquisitions enable long-term deformation histories and network-level compar-
isons without requiring direct physical access to the monitored assets. Its spatial and
temporal resolution, however, is constrained by satellite acquisition characteristics, ob-
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servation geometry, coherent-scatterer availability, and environmental conditions. These
differences are summarised in Table 4.

Table 4. Practical characteristics of multi-scale bridge sensing technologies.

Characteristic GPR DOFS Satellite
Physical access Required Required (installation) Not required
Monitoring mode Periodic Continuous Periodic revisit

Typical coverage Component Bridge Network
Scalability Moderate Moderate High
Long-term monitoring Limited Excellent Good
Typical deployment Campaign-based Permanent installation Remote observation

The differences in deployment and observation characteristics imply that technology
selection should be driven by the monitoring objective rather than by sensing capability
alone. GPR is advantageous when detailed material-condition information is required;
OFS is more appropriate when continuous structural response is the primary target; and
satellite remote sensing is particularly valuable when broad spatial coverage and long-term
contextual information are required.

7.3. Information Characteristics Across Scales

The comparison also reveals that the three technologies have different information
strengths and limitations. No individual sensing approach provides a complete representa-
tion of bridge condition because each observes only part of the physical system.

GPR can provide information on subsurface and material-level conditions that may
not yet produce a measurable change in global structural response. However, the presence
of a detected defect does not necessarily indicate its immediate influence on structural
performance. OFS provides direct observations of structural response under operational
and environmental loading, but abnormal response alone may not uniquely identify the
underlying deterioration mechanism. Satellite remote sensing extends observations to the
surrounding ground and infrastructure network, but observed deformation cannot gener-
ally be attributed to a specific structural cause without additional engineering information.

These differences create information gaps rather than simple sensor limitations. A
material anomaly identified by GPR may require structural-response measurements to
determine its significance. An abnormal OFS response may require material inspection or
network-scale observations to distinguish structural deterioration from environmental or
geotechnical effects. Similarly, satellite-derived deformation may require structural and
material information to determine whether the observed movement originates from the
bridge, its foundation, or the surrounding ground.

Accordingly, the complementarity of the three approaches can be summarised as
follows: GPR identifies what may be deteriorating; OFS characterises how the structure
responds; satellite remote sensing provides the broader spatial and environmental context
in which that response occurs.

This complementarity is the principal justification for multi-scale monitoring. The
objective is not to maximise the number of sensing technologies, but to reduce critical
information gaps by combining observations that describe different aspects of the same
infrastructure system.
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7.4. Comparative Discussion

The practical selection of monitoring technologies depends on the engineering ques-
tion, required information, spatial extent, monitoring duration, accessibility, and oper-
ational constraints. The suitability of each technology depends on the bridge type, de-
terioration mechanism, environmental conditions, sensing configuration, and required
information. In practice, the most effective monitoring strategy may combine technologies
with different strengths rather than relying on a single modality.

For example, satellite observations can first be used to identify bridges or surrounding
areas exhibiting abnormal deformation or environmental changes. OFS can then provide
continuous structural-response measurements for selected assets, while GPR can be de-
ployed for targeted investigation of material deterioration. Such a staged strategy links
network-level screening with structural monitoring and detailed material assessment,
potentially improving the efficiency of inspection and maintenance resources.

7.5. Implications for Multi-Source Integration

The expanded literature reveals an increasing number of studies that combine het-
erogeneous observations, although most remain focused on particular sensor pairs or
individual monitoring objectives. For example, INSAR has been combined with terrestrial
measurements and topographic observations, while recent bridge-deck research has demon-
strated GPR-IRT fusion for delamination detection [57,132,133]. These studies provide
practical evidence that complementary measurements can reduce the ambiguity inherent
in single-sensor interpretation, but they do not yet establish a general framework linking
material, structural, and network-scale information.

The comparison across spatial scales leads to an important distinction between mea-
surement capability and information value. The three technologies differ substantially
in what they measure, how they observe it, and the spatial and temporal scales at which
observations are available. Their outputs therefore cannot simply be merged as equivalent
data streams.

Instead, each observation should retain its physical meaning, spatial reference, tem-
poral characteristics, and associated uncertainty. GPR observations may describe a local
material condition, OFS measurements may represent structural response at a specific
location and time, while satellite observations may describe regional deformation or envi-
ronmental context. Their integration therefore requires a framework capable of preserving
these differences while establishing relationships between them.

This comparison provides the basis for the multi-source integration framework pre-
sented in the following Section 8. Rather than treating GPR, OFS, and satellite remote
sensing as independent monitoring systems, the integration framework considers their
outputs as heterogeneous but complementary sources of engineering evidence. The objec-
tive is to transform these observations into a consistent representation that can support
condition assessment, structural-state interpretation, and Digital Twin updating.

8. Multi-Source Integration Framework for Intelligent Bridge Monitoring

The comparison in Section 7 demonstrates that GPR, optical-fibre sensing, and satellite
remote sensing provide complementary engineering information at different spatial and
temporal scales. The central challenge is therefore not simply to acquire additional measure-
ments, but to establish meaningful relationships among heterogeneous observations and
transform them into a consistent representation of bridge condition and performance. This
requires integration at the levels of spatial and semantic registration, temporal alignment,
information fusion, intelligent interpretation, and Digital Twin updating.
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8.1. Multi-Scale Integration Framework

The proposed framework organises bridge-monitoring information into three inter-
connected layers: material-condition information, structural-response information, and
network-scale context information. Rather than treating these layers as independent moni-
toring domains, the framework considers them as complementary descriptions of the same
physical infrastructure system. Building upon these developments, this review proposes
the multi-scale integration framework illustrated in Figure 6.
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Figure 6. Multi-scale integration framework for bridge monitoring.

At the material scale, observations describe deterioration mechanisms, internal defects,
moisture conditions, and changes in material properties. At the structural scale, monitoring
observations characterise strain, deformation, temperature, load transfer, and dynamic
response. At the network scale, observations provide broader geographical and environ-
mental context, including regional deformation, ground movement, and infrastructure-
wide trends. The relationships between these layers are bidirectional in the sense that local
deterioration may influence structural response, while environmental and geotechnical
processes at larger scales may affect the behaviour of individual bridges.

For multi-source integration, heterogeneous observations first need to be associated
with a common spatial and semantic reference system. GPR measurements can be refer-
enced to surveyed inspection trajectories and bridge components, fibre measurements can
be associated with their physical installation locations and structural elements, and satellite
observations can be georeferenced to corresponding bridge or surrounding-ground loca-
tions where the observation characteristics permit. Each observation should additionally
retain essential metadata, including sensing modality, measurement quantity, acquisition
time, spatial location, structural component, and uncertainty.

This organisation allows the integration process to operate on engineering information
rather than raw sensor measurements alone. Measurements are first converted into inter-
pretable information, such as material-condition indicators, structural-response parameters,
or deformation trends, and are then associated with the corresponding components and
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states of the bridge Digital Twin. The resulting representation provides a common basis for
subsequent data fusion and intelligent interpretation.

8.2. Multi-Source Data Fusion

Recent work provides stronger empirical support for multi-source fusion in bridge
monitoring. Combined INSAR and terrestrial monitoring has demonstrated how satellite
observations can be directly compared with in situ measurements, while Bayesian fusion
has been used to combine InNSAR and topographic displacement measurements [132,133].
At the material scale, GPR and infrared thermography have recently been integrated
through cross-modal attention and physics-enhanced fusion for bridge-deck delamination
detection [57]. These examples illustrate three complementary fusion requirements: spatial
registration, temporal consistency, and engineering-level interpretation of measurements
with different uncertainty characteristics.

The three sensing modalities differ substantially in spatial resolution, temporal sam-
pling, measurement uncertainty, and data format. Directly combining their raw measure-
ments is therefore generally inappropriate. Instead, fusion should preserve the physical
meaning and acquisition characteristics of each information source while establishing
relationships between observations that describe related infrastructure states.

Spatial fusion establishes relationships between observations acquired at different
scales. Material-condition information can be associated with specific bridge components,
structural-response observations can be linked to the corresponding structural elements,
and network-scale observations can provide environmental and geotechnical context. Such
spatial relationships allow local deterioration and structural behaviour to be interpreted
together with broader infrastructure conditions.

Temporal fusion is equally important because the three technologies operate at differ-
ent monitoring frequencies. Continuous structural measurements from OFS may provide
high-frequency or long-duration observations, whereas GPR surveys and satellite observa-
tions are generally episodic. Rather than forcing these datasets onto a common sampling
interval, the integration framework should maintain a time-indexed representation in
which each observation retains its acquisition time, observation interval, and data latency.
High-frequency structural measurements can be converted into event-level or statisti-
cal descriptors when appropriate, while periodic GPR and satellite observations can be
incorporated as condition or deformation updates.

Physics-based fusion provides an additional layer of integration by imposing engineer-
ing relationships between the different observations. Structural mechanics, electromagnetic
propagation, environmental processes, and numerical models can provide constraints
for interpreting heterogeneous observations. For example, a material-condition anomaly
identified by GPR may be evaluated in relation to observed structural response, while
satellite-derived ground deformation may provide context for interpreting changes in
bridge response. Such relationships can improve physical consistency and reduce the risk
of treating correlated observations as independent evidence.

Uncertainty should be retained throughout the fusion process. Measurements from
different sensing systems have different error characteristics, coverage limitations, and
reliability. Sensor-specific uncertainty can therefore be represented through measurement
variance, data-quality indicators, confidence scores, or context-dependent weighting. Miss-
ing or unreliable observations should be identified explicitly rather than indiscriminately
replaced. Where appropriate, interpolation, spatial inference, or model-based prediction
can be applied while maintaining the associated uncertainty.

The objective of multi-source fusion is consequently not to maximise the amount of
monitoring data, but to establish a more consistent and physically meaningful representa-
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tion of bridge condition and performance. This provides the information foundation for
intelligent interpretation and Digital Twin updating.

8.3. Al-Enabled Intelligent Interpretation

Al is increasingly being used not only for single-sensor classification but also for
feature fusion and cross-modal interpretation. Recent bridge studies have employed multi-
domain feature fusion, unsupervised deep learning, and multimodal learning to identify
subtle anomalies and improve generalisation across structures [14,29,57]. The implication
for the M-S-N framework is that Al should operate on engineering information derived
from multiple sensing scales, rather than treating heterogeneous raw observations as
interchangeable inputs.

Multi-source integration does not by itself produce engineering knowledge. Hetero-
geneous observations still need to be interpreted in relation to deterioration mechanisms,
structural behaviour, environmental conditions, and operational requirements. Within the
proposed framework, Al therefore functions as an interpretation layer between information
fusion and engineering decision support.

Multimodal learning provides one possible approach for learning relationships be-
tween material-condition information, structural-response measurements, network-scale
observations, inspection records, and numerical simulations. Such models may identify
patterns that are difficult to capture through independent analysis of each sensing modality
and may improve robustness when individual information sources are incomplete.

Physics-informed intelligence provides a complementary strategy by incorporating
engineering knowledge into data-driven models. Structural mechanics, electromagnetic
principles, numerical simulation, and engineering constraints can be used to restrict model
behaviour and improve interpretability. This is particularly important for bridge monitoring
because correlations identified from monitoring data do not necessarily correspond to
physical deterioration mechanisms.

As heterogeneous infrastructure datasets continue to expand, more general multi-
modal and transferable learning approaches may become relevant. Foundation models
and related representation-learning approaches offer the potential to learn common rep-
resentations from diverse monitoring data and transfer knowledge across bridge types,
sensing systems, and monitoring scenarios. However, their practical application to bridge
infrastructure remains subject to challenges involving data availability, domain transfer,
physical consistency, uncertainty, and interpretability.

Al should therefore be regarded as an analytical assistant rather than an autonomous
decision-maker. Its principal role is to identify patterns, estimate latent infrastructure states,
quantify uncertainty, and provide interpretable evidence for engineering assessment. In
this framework, Al connects multi-source information fusion with Digital Twin updating
and lifecycle decision support.

8.4. Digital Twin Updating and Decision Support

New Digital Twin implementations further support this direction. Data-driven bridge
Digital Twins have been coupled with unsupervised anomaly detection, multi-sensor fusion,
and edge—cloud architectures, while recent bridge-management research has linked Digital
Twins and deep learning to maintenance planning and uncertainty management [14,25,29].
These developments provide an emerging technical basis for the proposed information
pathway from sensing to information, from information to Digital Twin state updating, and
from updated state estimates to maintenance decision support.

The integrated information generated through multi-source monitoring ultimately
needs to be incorporated into the bridge Digital Twin. Digital Twin updating provides
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the mechanism through which observations from the physical bridge modify the digital
representation and maintain consistency between the two.

Updating may occur at different levels. Monitoring observations can first update
condition indicators and state variables, followed by the recalibration of numerical or
data-driven models where sufficient evidence is available. Historical inspection records,
maintenance activities, environmental conditions, and operational information can be
incorporated alongside sensor observations to provide a more complete representation of
the current bridge state.

Measurement-informed model updating can reduce discrepancies between predicted
and observed structural behaviour. However, updating should not be interpreted as an
automatic replacement of model parameters whenever new measurements become avail-
able. The reliability of an update depends on data quality, parameter identifiability, model
uncertainty, and the consistency between the observed response and the assumed physical
model. Verification and uncertainty assessment are therefore important components of the
updating process.

Once updated, the Digital Twin can support several engineering functions, including
condition assessment, performance prediction, inspection prioritisation, maintenance plan-
ning, and risk-informed decision support. The resulting process can be represented as a
closed information cycle: monitoring observations, information extraction, multi-source
fusion, intelligent interpretation, Digital Twin updating, engineering decision support, new
observations. The self-evolving Digital Twin concept illustrated in Figure 7 summarises
this process.
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Figure 7. Self-evolving Digital Twin framework for intelligent bridge management.

This closed-loop structure distinguishes an information-centric bridge Digital Twin
from a static digital representation. The Digital Twin is not simply a repository for mon-
itoring data; it provides a structured environment in which heterogeneous observations
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can be interpreted, models can be updated, and engineering decisions can be informed by
continuously evolving evidence.

The framework therefore shifts the focus of bridge monitoring from sensor deployment
towards knowledge generation. The objective is not to replace individual monitoring tech-
nologies, but to establish a coherent information pathway through which complementary
observations can contribute to a continuously updated representation of bridge condition,
structural performance, and infrastructure context.

9. Future Perspectives

The framework presented in Section 8 establishes an information-centric approach
for integrating heterogeneous bridge-monitoring observations. Future developments are
expected to extend this framework beyond coordinated sensing and information fusion
towards increasingly autonomous, connected, and continuously evolving monitoring
systems. The main directions include autonomous information acquisition, connected
monitoring ecosystems, adaptive monitoring, and self-evolving bridge Digital Twins.

9.1. From Manual Inspection to Autonomous Information Acquisition

Bridge inspection has traditionally relied on periodic field surveys performed by
engineers and inspectors. Although manual inspection remains essential for engineering
evaluation, it can be labour-intensive, time-consuming, and constrained by accessibility,
operational safety, and the availability of skilled personnel. Advances in autonomous
sensing platforms are creating opportunities to supplement conventional inspection with
more frequent and flexible information acquisition.

Uncrewed Aerial Systems (UASs) have become important platforms for inspecting
difficult-to-access bridge components and can reduce exposure of inspectors to hazardous
environments. Autonomous ground robots and climbing robots provide additional access
to bridge decks, girders, piers, and other structural components. These platforms can carry
cameras, LiDAR, GPR, and other sensing systems, enabling multiple forms of information
to be acquired within a single inspection mission [134,135].

Autonomous inspection is particularly relevant to sensing technologies that tradi-
tionally require substantial manual intervention. Mobile robotic platforms equipped with
GPR and other nondestructive testing technologies have demonstrated the feasibility of
combining autonomous mobility with multi-sensor perception [136,137]. Such systems can
improve measurement repeatability and enable observations to be collected in locations or
under conditions that are difficult to access through conventional inspection.

The development of autonomous inspection is also increasingly connected to multi-
sensor information processing. Recent reviews and robotic inspection studies emphasise
the integration of mobile sensing, Al, and infrastructure Digital Twins, suggesting that
future autonomous platforms could use network-scale screening to select assets, structural-
response monitoring to identify abnormal behaviour, and targeted GPR or other NDT
measurements to investigate material-scale causes [27,29,104]. This hierarchical strategy
is consistent with the M-S5-N framework and provides a practical route from wide-area
screening to targeted inspection.

The longer-term objective is not simply to automate existing inspection procedures, but
to develop intelligent information-acquisition systems that can determine where and when
additional observations are required. This would allow routine monitoring to identify areas
of concern and subsequently guide targeted robotic or mobile inspections. Autonomous
information acquisition could therefore complement, rather than replace, engineering
inspection by improving the availability and consistency of evidence for bridge assessment.
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9.2. From Isolated Monitoring Systems to Connected Monitoring Ecosystems

Current bridge-monitoring systems are often developed around individual technolo-
gies or specific inspection objectives. Future systems are likely to become more inter-
connected, allowing permanently installed sensors, mobile inspection platforms, satellite
observations, inspection records, maintenance databases, and engineering models to ex-
change information through shared digital infrastructures.

A connected monitoring ecosystem would enable information acquired at different
spatial and temporal scales to be coordinated within a common framework. For example,
network-scale observations could identify bridges requiring closer investigation, structural
monitoring could then provide continuous response information, and targeted GPR or
robotic inspection could subsequently investigate specific material conditions. The results
of these investigations could be returned to the shared information environment and used
to update monitoring priorities.

Such connectivity requires more than communication between sensors. Interoperabil-
ity of data structures, semantic consistency, spatial registration, temporal synchronisation,
uncertainty representation, and access to engineering models are all necessary for reliable
information exchange. The development of interoperable digital infrastructures is therefore
likely to become increasingly important as bridge monitoring moves from independent
sensing systems towards coordinated infrastructure-information ecosystems.

The ultimate objective is to establish a monitoring environment in which inspection,
sensing, analysis, and asset management are connected through continuous information
exchange. This would provide the infrastructure required for more responsive bridge
management at both individual-asset and transportation-network scales.

9.3. Towards Autonomous Monitoring Systems

Connected monitoring ecosystems provide the foundation for a further transition
towards adaptive monitoring. Rather than following fixed inspection schedules, future
monitoring systems may adjust their sensing activities according to bridge condition,
environmental conditions, operational demands, and previously acquired observations.

Edge intelligence is one enabling technology for this transition. Processing monitoring
data close to the point of acquisition can support rapid anomaly detection, data filtering,
and preliminary condition assessment while reducing communication requirements and
latency. Lightweight SHM systems based on edge computing have already demonstrated
the potential of distributed processing for infrastructure monitoring [138].

Autonomous sensing platforms can further extend this capability. UASs, robotic moni-
toring systems, and mobile NDT platforms can be deployed when additional information
is required [134-139]. For example, a persistent monitoring system could identify an ab-
normal structural response and automatically generate an inspection request for a mobile
platform. The newly acquired observations could then be used to reassess the condition
and determine whether further monitoring is necessary.

This creates an adaptive monitoring loop: continuous observation, anomaly identifica-
tion, targeted inspection, information update, monitoring reconfiguration.

Such a system could improve the allocation of inspection resources by directing
detailed measurements towards locations where additional information is most valuable.
However, increasing automation should not imply the removal of human engineering
responsibility. Safety assessment, uncertainty evaluation, interpretation of ambiguous
evidence, and decisions with significant operational consequences require appropriate
engineering oversight.
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Future bridge monitoring is therefore more likely to follow a human—Al-robot collab-
orative paradigm, in which autonomous systems perform routine acquisition and analysis
while engineers retain responsibility for validation, interpretation, and strategic decisions.

9.4. Towards Self-Evolving Digital Twins

The long-term development of the framework is the emergence of bridge Digital
Twins that can continuously adapt their representation and engineering knowledge as new
evidence becomes available. This concept extends beyond conventional model updating.
A self-evolving Digital Twin would progressively incorporate monitoring observations,
inspection records, environmental conditions, operational information, maintenance history,
and engineering models to refine its representation of bridge condition and performance.

A key requirement is continuous knowledge assimilation. As new observations are
acquired, the Digital Twin should be able to determine whether they confirm existing
assumptions, indicate a change in infrastructure state, or reveal inconsistencies requiring
further investigation. This requires mechanisms for uncertainty-aware data assimilation,
model validation, parameter updating, and conflict resolution between heterogeneous
information sources.

Al may provide important capabilities for this evolution. Physics-informed learning,
uncertainty-aware inference, explainable Al, and continual learning can support the extrac-
tion of new relationships from accumulated infrastructure data while maintaining physical
consistency and engineering interpretability. Edge and cloud computing can provide com-
plementary computational resources for real-time processing and more computationally
demanding model updating.

Recent physics-informed SHM research further suggests that future Digital Twins will
need to combine data-driven learning with engineering constraints, uncertainty quantifica-
tion, model validation, and continuous updating [26]. This is particularly important for
a multi-scale system because information from GPR, optical-fibre sensing, and satellite
observations has different error structures, spatial resolutions, and physical meanings. A
self-evolving Digital Twin should therefore update engineering states through traceable
data assimilation rather than direct unconstrained modification of model parameters.

The concept of self-evolution should nevertheless be interpreted carefully. A con-
tinuously updated Digital Twin does not imply unrestricted autonomous modification
of engineering models or management decisions. Changes to critical model parameters,
structural-state estimates, or safety-related conclusions should remain subject to appropri-
ate validation and engineering oversight. The reliability of a self-evolving system therefore
depends on transparent update mechanisms, traceable data provenance, uncertainty quan-
tification, and clearly defined human intervention points.

At the network level, individual bridge Digital Twins may eventually become inter-
connected with transportation, environmental, and infrastructure-management systems.
Information exchanged among multiple assets could support corridor-level performance
assessment, resilience analysis, coordinated maintenance planning, and network-level
risk management.

The long-term evolution can therefore be viewed as a progression from data acquisition
to information integration, from information integration to engineering knowledge, and
from engineering knowledge to adaptive decision support. In this context, self-evolving
Digital Twins represent a long-term vision in which sensing technologies, engineering mod-
els, Al, autonomous systems, and human expertise operate as components of a continuously
learning infrastructure-management ecosystem.
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Abbreviations

The following abbreviations are used in this manuscript

GPR Ground-Penetrating Radar
DOFS Distributed optical-fibre sensing
M-S-N Material-Structural-Network
SHM Structural health monitoring
NDT Nondestructive testing
PS-InNSAR  Persistent Scatterer Interferometric Synthetic Aperture Radar
CMP Common Mid-Point
Al Artificial intelligence
PINNs Physics-Informed Neural Networks
FDTD Finite-difference time domain
FBG Fibre Bragg Grating
OFDR Optical Frequency Domain Reflectometry
DAS Distributed acoustic sensing
BOTDA Brillouin Optical Time Domain Analysis
OFS Optical-fibre sensing
SBAS Small Baseline Subset
UASs Uncrewed Aerial Systems
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