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Abstract 

Dynamic response measurements support bridge monitoring and structural assessment 

because they are obtainable under operational loading and are sensitive to changes in 

stiffness, boundary conditions, and mass distribution. This article presents a structured 

scoping review of dynamic-response-based bridge monitoring and assessment. It covers 

damage-sensitive indicators, stiffness/capacity proxy inference, interpretation under op-

erational and extreme loading, sensing with acquisition (contact, and indirect/drive-by), 

and data processing, machine learning and digital-twin integration for decision support. 

Evidence was identified through targeted searches in Scopus and The Lens with duplicate 

resolution in Zotero. The cited studies are compiled into a traceable evidence inventory 

linked to method families and decision objectives. The synthesis shows that global modal 

properties enable change screening but are highly confounded by environmental/opera-

tional variability. Localization and state characterization typically require denser or 

higher-fidelity sensing and signal conditioning. Finally, capacity-related inference using 

calibrated conversion models or machine learning (ML) surrogates remains context-

bounded and validation-dependent. This review provides an end-to-end pipeline, evi-

dence-maturity rubric, and conservative failure-mode checks with escalation logic that tie 

SHM outputs to inspection and analysis rather than direct condition declarations for 

bridge owners. This review is intentionally scoped and does not claim PRISMA-style com-

prehensiveness. 

Keywords: bridge structural health monitoring; dynamic response; vibration-based  

damage detection; modal analysis; machine learning; drive-by monitoring; fibre optic 

sensing; computer vision; digital twins 

 

1. Introduction 

Bridge structural health monitoring (SHM) has developed from short-term, test-

based vibration measurements towards long-term monitoring systems integrated with 

sensing, modeling and data management. Early work predominantly used one-off vibra-

tion tests on laboratory structures and controlled damage scenarios in field structures to 

demonstrate damage detection methods [1–4]. As sensor technologies and data acquisi-

tion systems matured, long-term monitoring networks with continuous or regular data 
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recording were implemented on large bridges, enabling systematic observation of struc-

tural performance under traffic and environmental actions [2,3]. 

Recent bridge SHM describes contemporary systems as integrated assemblies of het-

erogeneous sensors, communication with data-management infrastructure, numerical or 

data-driven models and diagnostic algorithms: they can support condition assessment 

and decision-making for maintenance and safety [5–8]. It emphasizes that modern bridge 

SHM systems move beyond isolated measurement campaigns towards long-term config-

urations, combining sensors on multiple bridge components with continuous data collec-

tion and analysis under varying environmental conditions [5,6]. 

Recent SHM and ML surveys describe a clear transition from structure-specific, algo-

rithm-focused studies to data-centric SHM systems that integrate dense sensing, commu-

nication, databases and ML pipelines for damage diagnosis, prognosis, and health man-

agement [9–12]. They emphasize that modern SHM relies on continuous monitoring with 

automatic pattern recognition under significant uncertainty and environmental/opera-

tional variability. They highlight the need for uncertainty management and statistically 

robust decision rules [9,13]. Bridge-focused reviews further frame integrated SHM as the 

combination of in situ measurements, physics-based models with data-driven algorithms 

to support maintenance, and management and safety decisions over the service life of 

bridges [5,9,13]. 

Dynamic response measurements form the basis of most vibration-based damage 

identification approaches for bridges and other civil structures. Comprehensive reviews 

show that changes in modal properties natural frequencies, mode shapes, and damping 

ratios and in derived quantities such as mode-shape curvature, modal strain energy and 

flexibility have been widely used as indicators of stiffness loss or damage [4,10,14,15]. 

These review articles compile methods ranging from simple frequency-shift indices to 

curvature strain-energy and flexibility-based indicators and finite-element model updat-

ing schemes, and they document applications on laboratory bridge models and full-scale 

bridges, emphasizing both the sensitivity of these vibration features to damage and their 

susceptibility to environmental and operational variability in practice [10,14,15]. 

Environmental and operational variability, especially temperature, is a major chal-

lenge for dynamic-response-based SHM of bridges. Long-term monitoring of the Z24 

bridge and other civil structures has shown that modal properties, particularly natural 

frequencies and, in some cases, mode shapes and damping, exhibit systematic seasonal 

and daily trends that are strongly correlated with temperature changes [16–18]. These 

temperature-induced variations can be large enough to mask or mimic damage-related 

changes in vibration characteristics. Motivated by this evidence, recent SHM and bridge-

focused reviews describe environmental normalization and regression-based compensa-

tion, together with statistical pattern recognition and ML frameworks, as essential tools 

for separating environmental influences from damage-sensitive features in dynamic re-

sponse data [9,13,19]. 

Machine learning (ML) and deep learning algorithms are now widely used to analyze 

dynamic response data in structural health monitoring. Recent SHM surveys describe ap-

plications where supervised models classify damage states or estimate damage indices 

and unsupervised or one-class approaches perform novelty and anomaly detection, while 

deep architectures such as convolutional neural networks and autoencoders are trained 

on modal features, time–frequency representations or raw vibration signals [9–12]. These 

reviews emphasize that ML methods can exploit high-dimensional and heterogeneous 

data streams from modern monitoring systems but also that their reliability depends crit-

ically on data quality, explicit treatment of environmental and operational variability, and 

rigorous training, testing, and validation procedures [11,13]. 

Contributions of this review: 
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• Provide a bridge-focused synthesis of dynamic-response indicators and their inter-

pretation under environmental and operational variability. 

• Summarize how dynamic responses are used in stiffness and capacity-related assess-

ment, including calibrated dynamic–static conversion and data-driven surrogate ap-

proaches. 

• Organize sensing and acquisition technologies for dynamic response (contact, non-

contact, and indirect/drive-by) together with practical deployment constraints. 

• Integrate data-processing, ML, and digital-twin concepts into a common pipeline 

view to support interpretation and decision support. 

• Identify recurring evidence and deployment gaps and articulate a structured agenda 

for future work grounded in the reviewed literature. 

Scope boundary: This review considers peer-reviewed journal studies on bridges 

and bridge-type structural systems that use dynamic response measurements for moni-

toring and structural assessment. Foundational monographs and closely related infra-

structure studies are referenced where they provide definitions, methodological context, 

or transferable principles. Non-bridge applications are cited only when explicit transfera-

bility to bridges is demonstrated in the cited source. 

This review interprets dynamic-response-based SHM as a hierarchy of indirect infer-

ence processes constrained by sensing capabilities, environmental variability, and model-

ing assumptions, rather than as a direct measurement framework. This paper is organized 

as follows. Section 2 outlines the review methodology. Section 3 discusses core dynamic-

response indicators and damage metrics. Section 4 summarizes methods that use dynamic 

data to assess structural capacity and stiffness. Section 5 examines dynamic responses un-

der operational and extreme loads. Section 6 reviews sensing technologies for dynamic 

measurements. Section 7 describes data-processing, modeling and control strategies, and 

Section 8 highlights current trends and research gaps. 

Figure 1 provides a blueprint of the review scope and research questions, the evi-

dence-centered synthesis workflow, and how the evidence rubric and decision-support 

elements are used to navigate the remainder of the paper with the following: 

(A) Scope definition and thematic areas with five research questions (RQ1–RQ5); 

(B) Evidence-centered synthesis workflow from database search and record handling 

through screening, evidence coding, and thematic synthesis; 

(C) Evidence governance for bridge management, including evidence-maturity rubric, 

decision-support navigation aids, and associated research tool artifacts (tables, Sup-

plementary Materials, and search log). 

https://doi.org/10.3390/infrastructures11040134
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Figure 1. Review blueprint for bridge infrastructure dynamic-response and structural health moni-

toring (SHM). 

2. Review Methodology 

This review adopts a structured scoping approach aimed at providing a transparent 

and decision-oriented synthesis of dynamic-response-based SHM for bridges. The meth-

odology includes (i) scope definition, (ii) targeted literature search, (iii) eligibility screen-

ing, and (iv) thematic synthesis (Figure 1). 

2.1. Scope and Research Questions 

This review focuses on bridge applications of dynamic-response-based SHM and is 

structured around five thematic domains: (i) damage-sensitive indicators, (ii) structural 

assessment, (iii) response under serviceability and extreme loads, (iv) sensing technolo-

gies, and (v) data-driven frameworks [5,6,9]. 

The following research questions guided the review: 

RQ1: Which dynamic-response indicators and feature types have been used for 

bridge SHM and damage assessment, and what evidence is reported regarding their sen-

sitivity and limitations? 

RQ2: How have dynamic responses been used to infer structural stiffness, capacity, 

and internal state in bridges? 

RQ3: How do operational and extreme loads influence measure dynamic responses 

and their interpretation for SHM? 

RQ4: Which sensing technologies and acquisition strategies are reported for practical 

dynamic-response monitoring on full-scale bridges? 

RQ5: How are data-processing, ML and digital-twin frameworks integrating dy-

namic-response information into decision support for bridge management? 

https://doi.org/10.3390/infrastructures11040134
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2.2. Search Strategy and Record Identification 

Publications were identified through targeted keyword searches in Scopus and The 

Lens. Two complementary queries were used per database to capture (i) dynamic-re-

sponse SHM concepts (Q1) and (ii) sensing and deployment modalities relevant to bridge 

monitoring (Q2). The exports used for this review were imported into Zotero on 29 De-

cember 2025. Exact query strings, database filters, and per-query export counts are re-

ported in Supplementary Table S2. 

For Scopus, the year range was limited to 2005–2026. Q1 returned 1882 records and 

Q2 returned 1792 records (3674 total). After within-source duplicate merging in Zotero, 

3647 unique Scopus records remained (27 duplicates removed). For The Lens, the year 

range filter was 2005–2025. Due to an export cap, 1000 records were exported for each 

Lens query (2000 total); after within-source duplicate merging, 1707 unique Lens records 

remained (293 duplicates removed). The deduplicated Scopus and Lens libraries were 

then merged, resulting in a combined library of 4337 records. 

Exact Scopus queries (Advanced Search; year filter 2005–2026) were as follows: Q1 = 

TITLE-ABS-KEY(bridge* AND (“structural health monitoring” OR SHM) AND (vibration 

OR “dynamic response” OR “modal identification” OR “operational modal analysis” OR 

OMA OR “modal parameter*”)); Q2 = TITLE-ABS-KEY(bridge* AND (“structural health 

monitoring” OR SHM) AND (accelerometer* OR strain OR “fiber Bragg grating” OR FBG 

OR GNSS OR vision OR radar OR “wireless sensor network” OR WSN OR “drive-by” OR 

“indirect monitoring”)). Exact Lens queries (year filter 2005–2025; exports limited to first 

1000 results per query) were: Q1 = bridge (“structural health monitoring” OR SHM) (vi-

bration OR “dynamic response” OR “operational modal analysis” OR OMA OR “modal 

identification” OR “modal parameters”); Q2 = bridge (“structural health monitoring” OR 

SHM) (accelerometer OR strain OR “fiber Bragg grating” OR FBG OR GNSS OR vision 

OR radar OR “wireless sensor network” OR WSN OR “drive-by” OR “indirect monitor-

ing”). 

Reference lists of recent SHM and bridge-focused review articles [5,6,9,20] were 

screened to identify additional relevant studies, especially for vibration-based damage 

detection, ML applications, vehicle- and smartphone-based monitoring, and digital-twin 

frameworks. The Evidence Map (Supplementary Table S1) indexes the cited evidence base 

and provides structured, citation-text-derived tags to support rapid navigation by sensing 

and analysis themes. 

2.3. Scoping Selection Criteria 

Records were included if they addressed bridge systems and employed dynamic-

response-based monitoring or assessment with validated numerical, experimental, or 

field evidence [20]. Studies focusing exclusively on static methods, lacking validation, or 

unrelated to bridge applications were excluded (Figure 1). 

2.4. Data Extraction and Coding 

For each study included, the following information was extracted into a structured 

table, following the evidence-centered synthesis approach used in recent SHM reviews 

[9,13,21,22]: 

• Bridge or system type (laboratory specimen, numerical benchmark, full-scale bridge); 

• Structural configuration (e.g., simply supported, or continuous beam, arch, cable-

stayed, suspension, box girder, slab); 

• Loading or excitation (e.g., ambient traffic, high-speed rail, wind, seismic, impact, 

controlled excitation); 

https://doi.org/10.3390/infrastructures11040134
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• Sensing configuration (sensor types, locations, sampling rates, short-term tests, or 

long-term monitoring); 

• Dynamic-response features (e.g., natural frequencies, mode shapes, damping ratios, 

curvature/MSE, flexibility indices, time–frequency features, displacements, strains, 

ML-based feature vectors); 

• Data-processing and identification methods (e.g., operational modal analysis, statis-

tical pattern recognition, supervised and unsupervised ML, deep learning, model up-

dating, digital-twin schemes); 

• Validation approach (numerical, laboratory, full-scale field testing, long-term moni-

toring); 

• Reported main findings and limitations related to dynamic-response-based SHM. 

Based on this coding, studies were assigned to one or more of the five thematic areas 

listed in Section 2.1. 

2.5. Thematic Synthesis 

Within each thematic area, studies were grouped by indicator or method family. For 

each family, evidence from numerical, laboratory and field applications was compared 

with respect to: 

• reported sensitivity to damage, stiffness change, or other state variables. 

• reported influence of environmental and operational variability. 

• data and instrumentation requirements. 

• reported advantages, limitations, and open issues. 

Summaries in this review are based on the results and interpretations reported in the 

original publications (e.g., [4,13,14]). Where authors describe limitations, assumptions or 

context dependence, those aspects are stated explicitly. 

3. Dynamic Response in Bridge SHM: Concepts and Indicators 

Figure 2 summarizes the end-to-end pipeline used throughout this review, from ex-

citation context and sensing families through indicator extraction, identification/pro-

cessing, and inference frameworks to decision-relevant outputs, while explicitly high-

lighting the cross-cutting influence of environmental and operational variability. Further-

more, in order to better understand the method selection and reporting discipline, Tables 

1 and 2 report the evidence maturity rubric and the indicator including the method selec-

tion matrix considered in this review while Table 3 indicates the related engineering de-

cision pathway. 

Table 1. Evidence maturity rubric for dynamic-response-based bridge SHM studies. 

Dimension Maturity Signals (High, Moderate, Low) Interpretation 

Notes 

Representative 

Sources (Ref.) 

Evidence 

Map ID (Ta-

ble S1) 

Validation context High: Full-scale bridge monitoring and/or 

full-scale testing with operational variability 

represented 

Moderate: Laboratory validation and/or vali-

dated numerical studies linked to repres. 

bridge conditions 

Low: Numerical demonstration without vali-

dation or without bridge-relevant conditions 

Higher-maturity evi-

dence supports 

stronger external va-

lidity. 

[2,23]  S1-02, S1-30 

Environmental/opera-

tional confounding 

High: Explicit modeling normalization and 

residual assessment 

Modal features can 

be influenced by 

[13,17,18] S1-17, S1-18, 

S1-13 
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Moderate: Confounding acknowledged and 

partially addressed 

Low: Confounding not addressed 

temperature and op-

erations. 

Instrumentation realism High: Feasible sensor types/locations and 

limitations reported 

Moderate: Feasible sensing assumed but not 

fully justified 

Low: Idealized dense sensing without feasi-

bility discussion 

Spatial resolution is 

central for curva-

ture/MSE indicators. 

[21,24–26] S1-52, S1-46, 

S1-44, S1-21 

Reproducibility of analy-

sis 

High: Processing steps and key parameter 

choices reported 

Moderate: Partial reporting of processing 

steps 

Low: Limited reporting of analysis choices 

Reporting enables 

meaningful compari-

son across studies. 

[3,13] S1-03, S1-13 

Transferability framing High: Applicability bounds stated, no extrap-

olation beyond evidence 

Moderate: Transferability discussed qualita-

tively 

Low: General claims without stated limits 

Transferability is 

typically context de-

pendent. 

[1,4] S1-01, S1-04 

Table 2. Indicator and method selection matrix for dynamic-response-based bridge SHM. 

Objective Recommended Indi-

cators (Families) 

Deployment Notes (Sensing, Con-

founding, Interpretability) 

Representative 

Sources (Ref.) 

Evidence Map ID (Ta-

ble S1) 

Detection 

(change 

screening) 

Global modal 

properties 

Multivariate statistical 

indices 

Sensing: sparse acceleration/displace-

ment can be sufficient 

Confounding: high sensitivity to tem-

perature and operational variability 

Interpretability: high to moderate 

[1,4] S1-01, S1-04 

Localization 

(where is the 

change?) 

Mode-shape curva-

ture 

Modal strain energy 

(MSE) 

Flexibility-based indi-

ces 

Correlation-pattern 

methods 

Sensing: denser spatial sensing to re-

cover reliable mode shapes 

Confounding: moderate to high sensi-

tivity to noise and identification accu-

racy 

Interpretability: moderate; report sensi-

tivity to sensor density and mode trun-

cation 

[3,4] S1-03, S1-04 

State charac-

terization 

(sever-

ity/proxy) 

Multi-feature indica-

tors 

Calibrated conversion 

models 

ML surrogates (when 

bounds are stated) 

Sensing: stable feature extraction and 

consistent measurement conditions 

Confounding: high sensitivity to do-

main shift and calibration drift 

Interpretability: moderate; treat outputs 

as proxies within stated applicability 

[27–29] S1-23, S1-24, S1-25 

Serviceabil-

ity perfor-

mance track-

ing 

Displacements and 

accelerations 

Modal trends under 

operational loads 

Sensing: placement aligned with re-

sponse peaks and dominant modes 

Confounding: moderate sensitivity to 

load variability and operational 

changes 

Interpretability: high when linked to 

monitored response quantities 

[25,30–32] S1-46, S1-21, S1-58, S1-

55 

Network-

level screen-

ing 

Drive-by/vehicle re-

sponse features 

Smartphone-derived 

Sensing: minimal bridge-mounted sen-

sors; relies on passing vehicles/devices 

Confounding: high sensitivity to road 

[33–35] S1-61, S1-65, S1-64 
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features 

Coarse modal signa-

tures 

roughness and vehicle/device variabil-

ity 

Interpretability: moderate; use primar-

ily to prioritize detailed assessment 

 

Figure 2. End-to-end pipeline for dynamic-response-based bridge structural health monitoring 

(SHM) and structural assessment. 

Table 3. Engineering decision pathway for designing a dynamic-response-based bridge SHM pro-

gram. 

Decision Step Key Considerations (Evidence-Aligned 

Checks) 

Representative 

Sources (Ref.) 

Evidence Map 

ID (Table S1) 

1. Define monitoring question Detection, localization, state characterization, 

serviceability tracking, or network-level 

screening. 

[1,2] S1-01, S1-02 

2. Define excitation context Ambient traffic/rail, wind, controlled tests, or 

post-event monitoring; match analysis 

choices to non-stationary conditions when 

relevant. 

[1,2] S1-01, S1-02 

3. Select indicators aligned with objec-

tive 

Align indicator family with required spatial 

resolution, confounding sensitivity, and in-

terpretability needs. 

[1,4] S1-01, S1-04 

4. Design sensing configuration Sensor type and placement consistent with 

required features; document limitations ex-

plicitly. 

[21,24–26] S1-52, S1-46, S1-

44, S1-21 

5. Specify baseline and normalization 

approach 

Define how environmental/operational varia-

bility is measured and treated; define resid-

ual-based decision rules. 

[17,18] S1-17, S1-18 

6. Choose inference model and valida-

tion plan 

Classical, statistical, ML, or hybrid; define 

validation evidence and applicability 

bounds. 

[12,36,37] S1-12, S1-68, S1-

69 
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7. Define decision thresholds and re-

porting 

Specify thresholds and uncertainty reporting; 

link alerts to inspection/analysis escalation 

rather than direct condition statements. 

[3,23] S1-03, S1-30 

The literature on dynamic-response-based indicators reveals a fundamental trade-off 

between sensitivity, spatial resolution, and robustness. Global indicators, such as natural 

frequencies, enable stable change detection but provide limited localization capability, 

whereas local indicators, including curvature and modal strain energy, enhance spatial 

resolution at the cost of increased sensitivity to noise and sensing density. This trade-off 

emerges consistently across studies and represents a key constraint for practical deploy-

ment. 

3.1. Global Modal Properties 

Natural frequencies, global mode shapes and, to a lesser extent, modal damping ra-

tios are among the most widely used global indicators in vibration-based bridge SHM. 

Frequency-based indicators are widely used due to their simplicity and sensitivity to 

global stiffness changes [4,14,27–29]. However, their practical applicability is limited by 

low spatial resolution and strong sensitivity to environmental and boundary-condition 

variability, which can mask damage-related changes. These reviews consistently empha-

size that natural frequencies are simple to extract from vibration measurements and are 

sensitive to global stiffness changes, but frequency-only indicators have limited ability to 

localize damage and are strongly affected by boundary conditions and environmental and 

operational variability [14,27]. 

Long-term monitoring studies have shown that modal properties of bridges can vary 

significantly even when no damage is present. For the Z24 bridge in Switzerland [16], al-

most one year of monitoring data revealed that natural frequencies change systematically 

with temperature and other environmental influences: these “normal” variations must be 

distinguished from changes caused by stiffness loss. Broader reviews of temperature ef-

fects on civil and bridge structures report consistent evidence that natural frequencies, 

and in some cases mode shapes and damping ratios, exhibit pronounced seasonal and 

daily trends driven primarily by temperature and boundary-condition changes. These 

findings imply that changes in frequencies or other global modal parameters cannot be 

interpreted directly as indicators of damage unless environmental effects are explicitly 

modeled or compensated in the analysis [17,18]. 

In addition to temperature effects, recent studies have also shown that changes in 

boundary conditions caused by hydraulic phenomena, such as flood-induced scour at 

bridge foundations, can significantly affect modal properties. These variations may mimic 

or mask damage-related changes and therefore represent a critical source of uncertainty 

in vibration-based bridge monitoring. 

3.2. Mode-Shape Curvature and Modal Strain Energy 

Mode-shape curvature and modal strain energy (MSE) have been widely studied as 

damage indicators for beam-like members and bridge structures. Curvature and MSE-

based indicators enhance damage localization compared to global metrics [14,15]. This 

improved sensitivity is conditional on dense and high-quality modal data, making these 

methods difficult to apply in typical field conditions with sparse instrumentation. 

Field and laboratory studies summarized in major reviews indicate that mode-shape 

curvature and modal strain energy (MSE)-based indices generally offer stronger capabil-

ity for local damage localization than frequency-only indicators. This particularly occurs 

when several modes are available and mode shapes are measured with dense spatial sam-

pling [14,15]. At the same time, these curvature- and MSE-based methods rely on accurate 
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modal information. Their performance deteriorates when only a small number of meas-

urement points is available or when noise and identification errors compromise the esti-

mated mode shapes, a limitation that is also echoed in recent work on local feature extrac-

tion and spatial resolution in structural health monitoring [14,15,38]. 

3.3. Flexibility-Based Indicators 

Flexibility-based damage detection methods construct an approximate flexibility ma-

trix from identified modal parameters. Typically, natural frequencies and mode shapes 

are used. They interpret changes in this matrix between reference and monitored states as 

stiffness loss due to damaged locations. Flexibility-based approaches provide a physically 

meaningful representation of stiffness changes and can improve damage localization 

when multiple modes are available [4,14,15]. However, their reliability is strongly affected 

by mode truncation and identification errors, highlighting a shared dependency with 

other modal-based indicators. 

The structural flexibility matrix is directly related to the deflection response of a 

structure under load assessing changes in stiffness and deflection-related serviceability in 

beams and bridge structures [14]. However, flexibility-based methods depend on accurate 

modal identification and the availability of several modes, and their performance can be 

degraded by incomplete mode sets, truncation of higher modes and modeling, or meas-

urement errors, as in comparative studies and bridge-focused reviews [4,14,15]. 

3.4. Time–Frequency and Statistical Features 

Time–frequency analysis methods, particularly wavelet transforms and the Hilbert–

Huang transform, have been widely employed in vibration-based damage detection to 

characterize non-stationary features in structural responses. Recent reviews on vibration-

based methods report studies in which wavelet-based descriptors, time–frequency energy 

distributions and related features are extracted from measured vibrations to reveal dam-

age-induced changes in dynamic behavior and to enhance the detection of local stiffness 

reductions, mainly in laboratory specimens and controlled experimental setups [10,39] as 

in Table 4. 

Table 4. Dynamic-response-based indicators used in bridge SHM. 

Indicator Type Typical Features Main Advantages Main Limitations/Considera-

tions 

Representative 

Sources (Ref.) 

Evidence Map 

ID (Table S1) 

Global modal 

properties 

Natural frequencies, 

global mode shapes, 

damping ratios 

Sensitive to global 

stiffness changes 

Low spatial resolution; strongly 

affected by environmental and 

operational variability 

[1,2,4] S1-01, S1-02, 

S1-04 

Mode-shape cur-

vature/MSE 

Curvature profiles, 

modal strain energy dis-

tribution 

Enhanced localiza-

tion of local damage 

Require dense and accurate 

mode-shape information; sensi-

tive to noise 

[4] S1-04 

Flexibility-based 

indicators 

Flexibility matrix en-

tries, deflection patterns 

Direct link to stiff-

ness and deflection 

behavior 

Need several well-identified 

modes; affected by mode trunca-

tion and ID errors 

[4] S1-04 

Time–frequency 

features 

Wavelet spectra, Hil-

bert–Huang compo-

nents, RMS measures 

Capture non-sta-

tionary events 

Interpretation depends on load-

ing scenarios and chosen to 

transform 

[1,40,41] S1-01 

Multi-fea-

ture/ML-based 

indices 

Feature vectors combin-

ing multiple indicators 

Can exploit high-di-

mensional data and 

complex patterns 

Require representative data, cali-

bration, and careful validation; 

may be sensitive to domain shift 

[12,36,37] S1-12, S1-68, 

S1-69 
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Statistical pattern-recognition (SPR) methods are widely used in vibration-based 

SHM to distinguish normal variability from damage-related changes in dynamic indica-

tors. In this framework, multivariate feature vectors derived from modal parameters or 

other vibration features are used to model the undamaged condition, and damage is in-

ferred from statistically significant deviations from this reference state [1,13]. For bridge 

applications, [13] reviewed numerous case studies where techniques such as principal 

component analysis, Mahalanobis distance-based damage indices, Gaussian mixture 

models and related multivariate statistics are applied to bridge monitoring datasets to 

represent behavior under environmental and operational conditions to perform anomaly 

detection in a fully data-driven manner. 

3.5. Multi-Feature and ML-Based Indicators 

Recent work increasingly combines multiple dynamic-response features such as nat-

ural frequencies, mode shapes, curvature or flexibility-based indices, and time–frequency 

descriptors and uses ML models to construct composite damage indicators. Reviews of 

ML in SHM report numerous applications in which such feature vectors are fed to classi-

fiers including support vector machines, artificial neural networks, and other supervised 

models to distinguish different damage states or operating conditions [9,10,12]. Malekloo 

et al. (2022) [11] emphasize the extension of these approaches to high-dimensional and 

multi-source data and discuss the adoption of deep learning architectures to process vi-

bration and other monitoring signals. In Table 5 are summarized the several aspects. Pro-

vided that labeled damage data from full-scale bridges are limited, many studies reported 

in these reviews train supervised models on data generated from numerical simulations, 

laboratory tests or controlled damage scenarios and then evaluate them on measured re-

sponses [9–11]. When only healthy-state or current-state data are available, unsupervised 

and novelty-detection strategies such as clustering, one-class models and autoencoder-

based representations are used within ML and reference-free damage identification 

frameworks for bridges [11,19]. 

Table 5. Representative dynamic-response-based structural assessment strategies. 

Strategy Main Idea Evidence Map ID (Ta-

ble S1) 

Frequency-/stiffness-

based trends 

Use changes in natural frequencies and modal stiffness as indicators 

of global stiffness loss [4–6,14,27]. 

S1-04, S1-05, S1-06, S1-

014, S1-23 

Flexibility-based detec-

tion 

Use changes in flexibility matrices to localize stiffness reductions 

[14,15]. 

S1-14, S1-15 

Dynamic–static conver-

sion 

Map dynamic stiffness measures static stiffness or bearing-capacity 

proxies within a calibrated model [42]. 

S1-28 

ML-based internal 

state/capacity 

Learning mappings from response features to damage indices, stiff-

ness, or prestress-related quantities [9,28,43]. 

S1-09, S1-28, S1-29 

Correlation-based indi-

cators 

Use deviations in multi-sensor correlation patterns of dynamic re-

sponses to flag possible damage [6]. 

S1-06 

Across the reviewed indicator families, three recurring patterns can be identified: (i) 

a trade-off between robustness and localization capability, (ii) a strong dependence on 

measurement quality and sensor density and (iii) a high sensitivity to environmental and 

operational variability. These aspects limit the direct interpretability of dynamic-response 

indicators and motivate the integration of compensation and data-driven approaches. 

These observations suggest that no single indicator family is sufficient for reliable SHM 

and that practical implementations require combining complementary features within a 

framework that explicitly accounts for uncertainty and environmental effects. 
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4. Dynamic-Response-Based Structural Assessment 

The use of dynamic responses for structural assessment represents a transition from 

direct measurement to inference-based approaches, in which dynamic features are em-

ployed to evaluate the parameters which regulate structural behavior as stiffness and ca-

pacity. However, such an inference is inherently dependent on the adopted model and its 

calibration, thereby introducing uncertainty and constraining transferability across differ-

ent structural systems. 

4.1. Stiffness Change and Modal Parameters 

Changes in global stiffness due to deterioration are typically reflected in reductions 

in natural frequencies and, in many cases, in detectable changes in global mode shapes. 

Review papers on frequency-change methods and vibration-based damage identification 

compile analytical, numerical and experimental studies on beams and bridge-type struc-

tures. They show that, as damage severity increases, reductions in natural frequencies be-

come more pronounced [4,14,27]. At the same time, the relationship between stiffness loss 

and frequency change is not strictly linear and is influenced by boundary conditions, dam-

age location and mode type as in many reported cases [14,27]. In long-term monitored 

bridges, trends in natural frequencies are commonly analyzed in relation to both struc-

tural condition and environmental variability. As just explained for the Z24 bridge in 

Switzerland, almost one year of monitoring in the undamaged state followed by a series 

of artificial damage scenarios showed that natural frequencies exhibit temperature-de-

pendent variations [16]. Field monitoring of the Tsing Ma Suspension Bridge demon-

strates that seasonal and daily temperature changes lead to pronounced correlated shifts 

in modal properties [17]. Recent bridge SHM reviews confirm these aspects [5,6,23]. 

4.2. Flexibility and Damage Localization 

Flexibility-based damage detection methods reconstruct an approximate flexibility 

matrix from identified natural frequencies and mode shapes. Casas and Moughty (2017) 

[15] highlight damaged regions in bridge components. They observe that a combination 

of flexibility-based indicators with static deflections or FEM updating can be related more 

directly to deflection limits and reductions in load bearing capacity [15]. 

At the same time, these approaches rely on accurate modal identification and on the 

necessity of many modes: their performance deteriorates when only a small number of 

vibration modes are identified, when higher modes are truncated, or when changes in 

mass and damping lead to errors in the reconstructed flexibility matrix [14,15]. 

4.3. Dynamic–Static Stiffness Conversion and Capacity Proxies 

Dynamic–static stiffness conversion and data-driven approaches have been pro-

posed to obtain information on load bearing capacity without relying solely on static load 

testing. Recent research works propose both physics-based and data-driven approaches 

to relate dynamic-response features to stiffness and capacity-related parameters [42,43]. 

These methods show promising results but remain strongly dependent on calibration and 

structural configuration, limiting their general applicability. 

4.4. Correlation-Based Damage Indicators 

For long-span and complex bridges instrumented with multiple sensors, correlation-

based indicators have been proposed to exploit the spatial distribution of dynamic re-

sponses. Deng et al. (2023) [6] introduced a method in which the bridge is treated as a 

multi-sensor system. Correlation structures derived from vibration data under normal 

conditions are compared with those from subsequent monitoring periods, while 
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significant deviations are interpreted as indications of possible stiffness changes. The re-

sults show that the method can detect damage-related changes in global responses and 

exhibits robustness to moderate variability in excitation conditions. 

4.5. Data-Driven Capacity-Related Assessment 

Data-driven models have been developed to estimate capacity-related quantities or 

internal state parameters from structural-response features. Data-driven models have 

been proposed to estimate capacity-related quantities from structural-response features, 

typically relying on calibrated relationships derived from numerical or experimental da-

tasets [9,42,43]. 

In these studies, the ML or conversion models are calibrated from clearly defined 

structural configurations and damage scenarios. The adoption of response-based and ML-

based proxies for capacity assessment requires sensitivity analysis and validation before 

being extrapolated to other structures. Overall, dynamic-response-based assessment 

methods should be interpreted as supportive tools for condition screening rather than di-

rect estimators of structural capacity, unless supported by calibrated models and valida-

tion under representative conditions. 

5. Dynamic Responses Under Operational and Extreme Loads 

The interpretation of dynamic-response data is strongly influenced by the excitation 

context. Operational loads provide realistic but highly variable input conditions, whereas 

extreme events offer clearer signatures of structural behavior but are rarely available. This 

duality represents a central challenge for SHM-based inference. 

5.1. Traffic-Induced Vibrations 

Road traffic provides a continuous source of ambient excitation suitable for opera-

tional modal analysis (OMA) of bridges. Modal parameters can be identified from traffic-

induced vibrations and tracked over time to study structural behavior and possible 

changes in stiffness [6,44]. These responses depend on factors such as vehicle speed, axle 

configuration, traffic composition, road surface roughness and environmental conditions. 

These dependencies are documented in both case-study measurements and simulation-

based vehicle–bridge interaction analyses. 

Vehicle–bridge interaction research further indicates that dynamic amplification and 

local effects associated with heavy vehicles, surface roughness and resonance can influ-

ence both direct bridge measurements and drive-by monitoring approaches, where the 

vehicle response is used as an indirect indicator of bridge condition. Reviews by [45,46] 

summarize vehicle-assisted techniques, highlighting their potential advantages for rapid, 

network-level assessment and their limitations arising from sensitivity to road conditions, 

vehicle properties, and environmental variability. 

5.2. High-Speed Rail 

High-speed railway bridges subjected to repeat train passages experience quasi-pe-

riodic loading that is well suited to OMA. Measurements on large-scale high-speed rail-

way bridges have shown that natural frequencies and mode shapes can be identified from 

train-induced responses, particularly from free-vibration segments immediately after 

train passages [47]. 

More recent monitoring with techniques such as moving-base RTK-GNSS similarly 

exploits repeated train passages to obtain dynamic response time histories and to assess 

structural behavior over extended periods [48]. Vagnoli et al. (2018) [49] reviewed SHM 

and fault detection methods for railway bridges, highlighting that they rely on in-service 
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train loads. The responses are influenced by train speed, axle configuration, and track–

structure interaction on long-term trends. 

5.3. Seismic Loading 

Seismic loading is experienced in exceptional cases and for a really reduced time in 

the life of the structure. This aspect makes seismic loading exceptional input for the SHM 

of bridges. However, seismic structural response can also be a useful factor in infrastruc-

ture monitoring, provided that the infrastructure is properly equipped with monitoring 

instruments or periodic inspections are performed to identify any damage due to earth-

quakes. Under seismic excitation, in fact, the dynamic response of bridges can change rap-

idly as stiffness and energy dissipation evolve due to nonlinear behavior and damage. Jia 

et al. (2025) [50] analyzed rocking bridge systems subjected to three-dimensional ground 

motions by a FEM for the rocking interface and nonlinear boundary conditions, including 

abutment–soil interaction, impact effects, and pile–soil interaction. Results indicate that 

different rocking configurations (free rocking, prestressed rocking and prestressed rock-

ing with dampers) modify displacement and acceleration demands and that prestressed 

rocking in bridges with dampers can achieve seismic responses comparable to conven-

tional cast-in-place bridges while maintaining good self-centering capacity. In ref. [51], 

they propose a unified probabilistic framework for simultaneously determining stochastic 

dynamic responses and system reliability of long-span cable-stayed bridges under near-

fault stochastic ground motions. In refs. [52,53], dynamic-response-based assessment un-

der seismic loads can be strengthened by combining measured or simulated response his-

tories with detailed mechanical models, so that changes in displacements, accelerations 

and internal forces are interpreted in terms of nonlinear mechanisms and quantified reli-

ability measures. 

5.4. Wind-Induced Vibrations and Pedestrian Loads 

In some cases, environmental actions serve as an interesting and natural test of infra-

structure effectiveness. In this regard, several notable examples are worth mentioning. 

Long-span bridges are sensitive to wind-induced vibrations and, in some cases, to lateral 

excitation produced by pedestrians. Field observations on pedestrian and long-span foot-

bridges reported by Fujino et al. (1993) [30] and Dallard et al. (2001) [26] show that, under 

congested conditions, pedestrians can synchronize their walking with the lateral motion 

of the bridge. This synchronization leads to significant amplification of lateral vibrations. 

In the congested pedestrian bridge studied by [30], video analysis indicated that when 

roughly 20% or more of the pedestrians were present, their walking became synchronized 

with the girder’s lateral vibration, coinciding with large-amplitude motion. For the Lon-

don Millennium Bridge, [26] documented lateral vibrations around the first lateral mode 

that built up when large crowds were present and decayed when the number of pedestri-

ans decreased or they stopped walking, and they interpreted this behavior as a pedestrian-

induced lateral vibration problem requiring additional damping. On many long-span 

bridges, wind and vibration monitoring campaigns form part of integrated structural 

health monitoring systems and use dynamic measurements to identify modal properties 

in order to characterize the bridge response under wind and traffic or pedestrian loads 

and to assess serviceability over time [5,26,30]. These datasets provide a basis for evaluat-

ing vibration serviceability limits and for assessing the effectiveness of vibration mitiga-

tion measures implemented on sensitive spans. 

The pedestrian footway and the long-span bridge examples recalled here present 

cases in which natural or human-induced events served as a real test for the structure, 

allowing structural design issues to be addressed. The situations described above are 
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approached in a unique and innovative way compared to other structural monitoring sys-

tems. 

5.5. Vehicle Impacts and Extreme Transients 

Vehicle impacts on bridge members can generate transient dynamic responses with 

significant high-frequency content and localized demand. Heng et al. (2021) [54] analyzed 

the dynamic behavior and damage of a highway bridge substructure subjected to heavy 

truck impact. It reports time–history responses that capture both local impact effects at 

the pier and the global vibration of the bridge system. For hydrodynamically loaded sub-

structures, Wang et al. (2019) [55] investigated the dynamic response of a circular bridge 

pier subjected simultaneously to earthquake excitation and wave current action, using 

FEM combined with a hydrodynamic loading model based on wave current forces. Their 

results show that the combined earthquake and wave-current loading can significantly 

modify the pier’s dynamic response and internal force demands compared with earth-

quake-only conditions. 

Dynamic responses under operational and extreme loads are influenced by multiple 

interacting factors, including load characteristics, structural properties, and environmen-

tal conditions. This interaction makes it difficult to isolate structural changes from load-

induced variability, which represents a central challenge for SHM interpretation. 

Across different loading scenarios, a consistent challenge emerges in separating 

structural effects from load-induced variability, reinforcing the need for normalization 

strategies and robust feature extraction. 

6. Sensing and Data Acquisition for Dynamic Response 

The choice of sensing technology directly constrains the type, resolution, and relia-

bility of dynamic-response features that can be extracted. This reinforces that no single 

sensing technology is sufficient on its own and that multi-modal sensing strategies are 

required for robust bridge SHM. 

6.1. Conventional Sensors 

Piezoelectric accelerometers and electrical resistance strain gauges remain the pri-

mary sensors for dynamic-response-based structural health monitoring of bridges. Early 

reviews of vibration-based damage identification methods emphasize that modal param-

eters and other damage-sensitive features are extracted from measured vibration re-

sponses on laboratory specimens and full-scale civil structures, typically using accelerom-

eters and strain or displacement measurements [4,14]. Recent bridge-focused SHM re-

views identify accelerometers and strain gauges as the standard instrumentation for ex-

perimental modal testing, operational modal analysis, and long-term monitoring and 

summarize numerous bridge applications where these sensors provide the core dynamic 

and strain measurements [5,6]. In large-scale bridge projects such as the Tsing Ma and 

Kap Shui Mun bridges, Ko and Ni (2005) [2] reported multi-year monitoring systems com-

prising arrays of accelerometers and strain gauges installed on decks, towers, and cables, 

from which modal properties are identified and their evolution over time is tracked. 

Conventional wired systems, however, require extensive cabling, dedicated power 

supply, and substantial installation effort, particularly on large bridges where dense sen-

sor layouts would be desirable. Surveys of wireless sensor networks for SHM explicitly 

note that the cost, complexity, and maintenance burden associated with cabling and wired 

data acquisition limit the scalability of traditional systems and motivate the adoption of 

wireless smart sensor networks [29,38,56]. Recent bridge SHM reviews echo this view and 

highlight the integration of wireless sensing and distributed fiber optic sensors with 
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conventional accelerometers and strain gauges as a means to increase spatial coverage, 

reduce installation cost and enable more flexible monitoring configurations [5,6]. 

6.2. Fiber Optic and Distributed Sensing 

Fiber optic sensing technologies, including Fiber Bragg Grating (FBG) sensors and 

distributed fiber optic sensing (DFOS), provide multiplexed strain and temperature meas-

urements with long-range capability and immunity to electromagnetic interference. These 

two measure strategies are quite different. While FBG furnishes discrete indication at se-

lected points, DFOS is useful to have distributed indication on continuous line along the 

fibers [57]. FBG sensors for structural health monitoring emphasize their suitability for 

embedding in composite and concrete materials, as well as their ability to deliver multiple 

strain and temperature measurements along a single fiber. Reference [58] present a 

BOFDA-based DFOS system for internal strain monitoring over the full life cycle of con-

crete slabs; the reported results show that distributed measurements can capture contin-

uous strain profiles and local strain concentrations associated with cracking and temper-

ature variations, which would be difficult to detect with conventional point sensors. 

In bridge engineering, reviews and case studies demonstrate that FBG and DFOS 

systems are increasingly deployed on bridge decks, piers, and cables as part of integrated 

SHM architectures [5,59,60]. These applications show that fiber optic sensors complement 

accelerometers and traditional strain gauges by providing long gauge lengths, dense spa-

tial coverage and the possibility of embedding sensing elements in critical regions such as 

composite decks, stay cables and FRP girders. When combined with vibration measure-

ments, fiber optic strain data enables a more complete picture of bridge behavior by link-

ing dynamic response characteristics with quasi-static strain and deformation patterns 

along the structure. 

6.3. GNSS for Dynamic Displacement 

Global Navigation Satellite Systems (GNSS) have been widely employed to measure 

dynamic displacements of bridges, particularly long-span and pedestrian structures 

where low-frequency, relatively large-amplitude motions are of interest. Reviews of 

GNSS-based structural monitoring document that GNSS has evolved from quasi-static 

deformation monitoring to dynamic applications and that high-rate GNSS has been used 

to obtain displacement histories and identify modal parameters for a range of bridges 

[24,61]. Full-scale experiments on suspension bridges show that GNSS, often in combina-

tion with accelerometers, can recover dynamic displacements and fundamental frequen-

cies with sub-centimeter differences relative to accelerometer-derived results when ap-

propriate processing modes are used [62]. Controlled tests on bridge structures further 

indicate that high-rate GNSS can resolve dynamic displacements with cm to mm-level 

precision under suitable observation configurations and processing strategies [32,63]. 

For pedestrian bridges, [56] deployed closely spaced low-cost, high-rate GNSS re-

ceivers on a suspension footbridge and compared their performance against a geodetic-

grade GNSS receiver and a robotic total station, showing that the dominant vibration fre-

quencies (up to about 3 Hz) and displacement amplitudes from low-cost GNSS agree well 

with those from the reference instruments, with displacement amplitude differences on 

the order of a few millimeters. These studies collectively indicate that GNSS is particularly 

effective for capturing the low-frequency components of bridge motion and that integrat-

ing GNSS with accelerometers or other high-frequency sensors provides complementary 

coverage of both low- and high-frequency structural responses [24,32,61,62,64]. 
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6.4. Wireless Sensor Networks and MEMS 

Wireless sensor networks (WSNs) built around micro-electro-mechanical systems 

(MEMS) accelerometers and smart sensing nodes have been developed to reduce cabling 

requirements and to support scalable, distributed deployments for structural health mon-

itoring. Reference [56] provides a comprehensive survey of WSN-based SHM, reviewing 

sensor node hardware, network architecture, communication protocols and damage-de-

tection algorithms and summarizing field implementations on bridges, buildings, and 

other civil structures. Reference [25] overviews wireless smart sensor networks for SHM 

and highlights their advantages over conventional wired systems in terms of reduced in-

stallation and maintenance cost, scalability and the potential for in-network or edge pro-

cessing on smart nodes. Contemporary reviews and bridge-focused case studies similarly 

underline that, when network design challenges such as time synchronization, data loss 

and power management are properly addressed, WSNs can deliver reliable vibration data 

and modal parameters for bridge applications [5,56,65]. 

Recent systematic and bridge-oriented studies report developments in energy-har-

vesting-enabled sensing platforms, long-lived network designs, and integration with 

cloud or IoT infrastructures, with the aim of extending the longevity and functionality of 

WSN deployments in bridge SHM [31,65]. These contributions indicate that WSN plat-

forms can be tailored for long-term vibration monitoring of bridges and effectively inte-

grated with SHM analytics, enabling dense, distributed measurements that complement 

or partially replace traditional wired data-acquisition systems [5,25,31,56]. 

6.5. Vision-Based and Radar Techniques 

Computer vision (CV) techniques use cameras to measure structural displacements 

and, in some cases, mode shapes without physical contact. Reference [38] reviewed com-

puter-vision-based SHM at both local and global levels and summarized applications in 

which image sequences are processed to obtain displacement time histories, modal pa-

rameters and damage indicators for bridges and other civil structures. Field and labora-

tory studies demonstrate that, after appropriate camera calibration and image processing, 

vision-based displacement measurements can agree closely with conventional contact 

sensors. For example, [66] developed a vision-based sensor for non-contact structural dis-

placement measurement and showed through laboratory tests and field applications that 

CV-derived displacement time histories match reference transducers within small errors. 

Reference [67] applied a single-camera, hybrid template-matching method to a full-scale 

bridge and reported that the dominant frequencies and displacement amplitudes esti-

mated from the vision system agreed well with those from conventional measurements. 

Radar interferometry provides another non-contact technique for measuring dy-

namic displacements and modal parameters in bridge monitoring. Using a ground-based 

interferometric radar, Gentile and Bernardini (2008) [33] performed output-only modal 

identification of a reinforced concrete bridge subjected to traffic-induced vibrations and 

demonstrated that natural frequencies and mode shapes can be extracted with good re-

peatability from remotely measured displacements. Broader reviews of ground-based ra-

dar interferometry confirm its suitability for static and dynamic testing of bridges and 

other civil infrastructures and highlight its ability to capture deflection patterns and vi-

bration modes over large distances [68,69]. These studies indicate that CV-based and ra-

dar-based systems provide effective tools for remote dynamic measurements on bridges 

and are particularly advantageous when access is limited or when dense spatial coverage 

is required [5,33,38,68,69]. 
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6.6. Drive-By Monitoring and Smartphones 

Drive-by monitoring refers to indirect bridge monitoring methods in which sensors 

are mounted on vehicles passing over the bridge rather than on the structure itself. Ma-

lekjafarian et al. (2015) [35] provided a critical review of such indirect techniques, summa-

rizing approaches that process vehicle responses to identify bridge dynamic characteris-

tics including natural frequencies, mode shapes, and damping and discussing extensions 

that seek to derive damage-sensitive features from vehicle bridge interactions. Hester and 

González (2017) [45] presented a detailed theoretical and numerical discussion of the mer-

its and limitations of drive-by damage detection, showing how factors such as road sur-

face roughness, vehicle properties and excitation conditions can strongly influence the 

ability to detect localized damage. Recent developments in low-cost sensing and connec-

tivity include the IoT system proposed by Peng et al. (2023) [34], in which instrumented 

trucks equipped with an on-board single-board computer acquire and process vehicle ac-

celerations and transmit features via a cellular network; experimental tests demonstrate 

that the system can reliably identify the fundamental frequency of a footbridge from 

drive-by measurements. Other studies and reviews similarly report drive-by methods as 

promising but sensitive to vehicle, pavement, and environmental variability [37,70,71]. 

Smartphone-based sensing has been explored as an opportunistic extension of the 

drive-by concept. Matarazzo et al. (2022) [37] showed that acceleration and GPS data col-

lected from smartphones during everyday vehicle trips, including ride-share services, can 

be processed to recover the dominant modal frequencies of real bridges with good accu-

racy, demonstrating the feasibility of crowdsourcing bridge vibration characteristics from 

normal traffic. Ozer and Kromanis (2024) [72] reviewed smartphone-based bridge SHM 

and summarized reported applications and key factors affecting data quality, including 

mounting conditions, sampling rates, sensor noise, and device variability. Across these 

studies, indirect and opportunistic approaches using instrumented vehicles or 

smartphones are generally presented as complements to conventional bridge instrumen-

tation, with particular relevance for network-level screening, prioritization, and prelimi-

nary assessment across large stocks of bridges [35,37,70,72]. 

Sensing strategies are not interchangeable, as they directly determine the type and 

quality of extractable dynamic-response features, thereby constraining the achievable 

level of structural insight. 

Furthermore, it is important to highlight that no single sensing technology satisfies 

all SHM requirements, and current trends clearly point toward multi-modal sensing strat-

egies as a necessary condition for robust and scalable bridge monitoring. 

7. Data Processing, Modeling and Control 

Data-driven approaches, particularly ML and deep learning, have significantly ex-

panded the analytical capabilities of SHM. However, their effectiveness is strongly condi-

tioned by data quality, representativeness, and domain consistency, which remain major 

limitations in real-world bridge applications. 

7.1. Modal and System Identification 

Operational modal analysis (OMA) techniques such as stochastic subspace identifi-

cation (SSI) and frequency-domain decomposition (FDD) have become standard tools for 

extracting modal parameters from ambient vibrations in bridges and other civil structures. 

Carden and Fanning (2004) [1] reviewed vibration-based condition monitoring methods 

and described how OMA algorithms are used to identify natural frequencies, damping 

ratios and mode shapes in in-service bridges and buildings. A benchmark application is 

the Z24 highway bridge, for which  Peeters and De Roeck (2001) [16] applied stochastic 
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system identification to almost one year of monitoring data and analyzed the identified 

modal parameters in relation to temperature variations and stepwise damage scenarios, 

demonstrating that both daily and seasonal changes and damage events are reflected in 

the estimated modes. 

Vibration-based damage identification approaches interpret changes in identified 

modal parameters as indicators of stiffness reduction or boundary-condition changes 

[4,14]. Recent reviews of bridge SHM report monitoring systems in which OMA algo-

rithms are embedded in automated processing pipelines so that modal properties are up-

dated periodically or in quasi-real time from continuous vibration data and then passed 

to statistical pattern-recognition or model-updating modules for condition assessment 

[5,6]. Together with broader OMA-focused reviews [16,73], these contributions highlight 

the central role of operational modal identification in contemporary, dynamic-response-

based bridge SHM. 

7.2. Machine Learning (ML)-Based Pattern Recognition 

ML approaches are widely used to process dynamic-response data for damage de-

tection, classification, and state estimation. Supervised models, including support vector 

machines, random forests, and neural networks, represent the most common implemen-

tations in the literature [9,12,74]. However, their performance is often demonstrated under 

controlled or simulated conditions, raising concerns about robustness and generalization 

to real-world bridge applications. References [10,11] further summarize vibration-based 

damage detection examples in which dynamic-response features from bridges and labor-

atory structures are mapped to discrete damage classes or to continuous measures of dam-

age severity using supervised ML and deep learning architectures. 

Across these reviews, supervised ML models are reported to achieve good classifica-

tion or prediction performance when representative training data are available, environ-

mental, and operational effects are accounted for through feature engineering or normal-

ization, and model validation is performed carefully [9,11]. At the same time, the authors 

emphasize that labeled damage data from full-scale bridges is scarce, so many studies rely 

on numerical simulations or laboratory experiments to generate training sets, and the re-

sulting domain-transfer limitations must be explicitly acknowledged when extrapolating 

to in-service bridges [9,12,74]. 

7.3. Unsupervised and Reference-Free Approaches 

The limited availability of labeled damage data from existing bridges constrains the 

deployment of fully supervised ML models in practical SHM. Reviews of ML and AI for 

SHM consistently note that most supervised models are trained on numerical simulations 

or laboratory experiments and that labeled examples of real bridge damage are relatively 

rare [9–11]. Recent work has placed increasing emphasis on unsupervised and semi-su-

pervised frameworks that learn normal behavior from abundant operational data and use 

novelty detection or reference-free strategies to flag deviations, as well as on hybrid ap-

proaches combining physics-based models with data-driven components [9,11,19]. It also 

highlights the dependence of ML model performance on the training domain. It stresses 

the need to quantify uncertainty and domain shift when transferring models between 

structures or operating conditions. 

7.4. Deep Learning and End-to-End Models 

Deep learning architectures, including convolutional neural networks (CNNs), auto-

encoders and recurrent networks, have been proposed for processing structural dynamic 

responses with minimal manual feature engineering. Review papers on deep learning and 

machine learning in SHM show that CNNs are frequently trained on time–frequency 
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representations such as spectrograms or scalograms, or directly on raw acceleration time 

series, to classify damage states, detect anomalies or estimate damage locations in beams, 

plates and bridge-type structures [10,50,75]. Ref. [11] provides a broader ML-SHM over-

view in which deep architectures including recurrent and hybrid networks are high-

lighted for their ability to manage high-dimensional and multi-source monitoring data. 

The deep learning studies summarized in these reviews typically report results on 

specific numerical benchmarks, laboratory experiments or individual structures, and they 

consistently underline that high performance on such datasets requires careful training, 

validation, and test-data separation [11,50,75]. Authors also emphasize that issues of in-

terpretability, data requirements and robustness to environmental and operational varia-

bility remain significant challenges before deep models can be adopted as primary deci-

sion tools in safety-critical bridge SHM [50,75,76]. 

7.5. Digital Twins and Control-Oriented Modeling 

In this context, digital twins are interpreted as data-integration frameworks that com-

bine sensing, modeling, and analytics for structural assessment, whereas control-oriented 

modeling represents a specific application domain in which such integrated models are 

used to simulate and optimize structural response under dynamic loading conditions 

(e.g., seismic or vibration control). The two concepts are therefore linked through their 

common dependence on dynamic-response-based modeling, although they address dif-

ferent objectives within SHM workflows. In the context of bridge SHM, Sun et al. (2023) 

[39] and Gao et al. (2024) [77] describe digital twins as data-enriched numerical models 

that digitally replicate existing infrastructure, support real-time or near-real-time condi-

tion assessment, and enable “what-if” scenario analysis. Building on this concept, Qin et 

al. (2023) [78] propose a physics–data hybrid framework for a bridge digital twin in which 

a finite-element model is coupled with measured dynamic responses, and model updating 

and damage identification are conducted within a unified formulation. Reference [39] pro-

vides a comprehensive review of digital-twin-based SHM for civil infrastructure and out-

lines multi-layer architectures that integrate sensing systems, numerical and data-driven 

models, data analytics and decision-support modules for diagnosis and prognosis. Refer-

ence [79] presents a bridge digital twin framework that explicitly leverages existing tech-

nologies such as building information modeling, SHM systems, intelligent transportation 

systems, and geographic information systems to support condition assessment, enhanced 

management and “what-if” simulations for bridge operation and maintenance. 

In parallel, research on structural control and advanced damping devices shows how 

detailed dynamic-response models can be used to design and evaluate control systems for 

bridges. Recent studies on structural control, including inerter-based and damping de-

vices, demonstrate how detailed dynamic-response models can be used to evaluate and 

optimize vibration mitigation strategies in bridges. Taken together, these contributions 

suggest a convergence between digital-twin frameworks and control-oriented modeling, 

in which dynamic response measurements and models are used jointly to support simu-

lation, prognosis and performance evaluation for bridge SHM and seismic control [39,77–

80]. 

Recent studies have also explored advanced signal-processing approaches, such as 

Hilbert–Huang Transform (HHT) analysis of traffic-induced vibrations, to reconstruct 

nonlinear structural response characteristics and identify constitutive behavior in pre-

stressed and post-tensioned RC bridges. These approaches highlight the potential of com-

bining operational excitation with time–frequency decomposition techniques for en-

hanced system identification [40,41,81,82]. A recurring limitation across ML-based ap-

proaches is the reliance on simulated or laboratory-generated datasets, which introduces 

domain-shift issues when models are applied to real structures. 
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8. Integration, Trends and Research Gaps 

The reviewed literature, although diverse in methods and applications, converges 

toward a common paradigm in which dynamic-response measurements act as indirect 

proxies of structural condition, requiring interpretation through calibrated models, statis-

tical frameworks or hybrid approaches. The evidence-to-decision framework linking ob-

jective-aligned indicator selection with conservative failure-mode checks is summarized 

in Figure 3. The steps are the following: 

(A) Objective-aligned selection linking decision objectives to indicator families, sensing 

density, confounding sensitivity and interpretability, with environmental/opera-

tional variability addressed via normalization or residual-based interpretation; 

(B) Key failure modes and conservative quality-control checks across feature extraction, 

localization, flexibility inference, ML inference, indirect/drive-by sensing, and deci-

sion support; 

(C) Evidence-maturity gating and escalation pathway connecting SHM outputs to alert 

tiering, inspection, analysis, and intervention, alongside a near-/mid-/long-term re-

search agenda for validation. 

 

Figure 3. Scheme of evidence-to-decision framework. 

8.1. Integration of Sensing, Modeling and Analytics 

Contemporary bridge SHM practice increasingly relies on integrated systems that 

combine multi-modal sensing, dynamic modeling, and data analytics. Recent reviews de-

scribe monitoring configurations on large bridges that incorporate accelerometers, strain 

gauges, fiber optic sensors, GNSS, wireless smart sensors and, in some cases, vision- and 

radar-based measurements within unified SHM architectures [5–7]. These systems typi-

cally embed automated operational modal analysis and signal-processing routines, fol-

lowed by statistical or ML-based pattern recognition for anomaly detection and condition 

assessment [5,6]. 

Building on these developments, digital-twin frameworks for bridges have been pro-

posed in which numerical or hybrid physics–data models are continuously or periodically 
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updated with monitoring data. Qin et al. (2023) [78] formulated a physics–data hybrid 

bridge digital twin that couples a finite-element model with measured dynamic responses 

for model updating and damage identification, while [39] reviewed digital-twin-based 

SHM architectures that integrate sensing, computational models, data analytics and deci-

sion-support layers for diagnosis and prognosis in civil infrastructure. Costin et al. (2024) 

[79] further demonstrate how existing technologies such as BIM, SHM systems, intelligent 

transportation systems and GIS can be integrated into a bridge digital twin to support 

condition assessment and scenario-based operation and maintenance planning. 

8.2. Field Validation and Benchmarking 

A large proportion of SHM algorithms, particularly vibration-based damage indica-

tors and ML classifiers, have been validated mainly on numerical models and laboratory 

specimens. Integrated and bridge-focused reviews note that relatively fewer studies pro-

vide systematic validation on full-scale bridges and that reported field applications often 

involve a single structure with limited data sharing [5,6]. Foundational works on vibra-

tion-based damage identification and ML in SHM emphasize the role of benchmark prob-

lems and real structures such as the Z24 bridge and other long-term monitoring cam-

paigns in enabling independent comparison and performance assessment [3,13]. 

Existing benchmark datasets and long-term monitoring projects therefore play a crit-

ical role in testing algorithms under realistic operational and environmental conditions, 

but their number, scope and public accessibility remain modest compared with the diver-

sity of SHM methods proposed in the literature. Recent review papers explicitly call for 

more open, well-documented field datasets from bridges to support method comparison, 

uncertainty quantification and the development of standardized evaluation protocols 

[5,6,13]. 

8.3. Environmental and Operational Variability 

Environmental and operational variability remain a central challenge for dynamic-

response-based indicators. Long-term monitoring of the Z24 highway bridge showed that 

natural frequencies and mode shapes exhibit pronounced daily and seasonal trends gov-

erned by temperature and boundary-condition changes, with frequency shifts of similar 

magnitude to those produced by moderate, artificially introduced damage scenarios [16]. 

Subsequent studies and reviews on civil structures confirm that temperature, humidity, 

traffic, and other operational factors can substantially influence identified modal proper-

ties and must be accounted for when interpreting dynamic-response changes [17,18]. 

Recent reviews summarize environmental normalization and compensation strate-

gies, including linear and nonlinear regression, cointegration analysis and ML-based cor-

rective models, and report that these methods can significantly reduce environmentally 

induced variability but do not completely eliminate it [9,13]. Bridge-focused reference-

free damage-identification reviews further highlight the importance of incorporating en-

vironmental variables and statistical residuals into unsupervised and semi-supervised 

frameworks to separate benign variability from damage-related changes, noting that the 

generalization of these approaches across bridge types, climates and monitoring configu-

rations remains an active research topic [19]. 

Hydraulic-induced effects, including scour-related stiffness reduction at founda-

tions, further complicate the interpretation of dynamic-response variations, reinforcing 

the need for multi-parameter monitoring and context-aware analysis. 

8.4. Sparse Instrumentation and Indirect Sensing 

Many bridges are instrumented sparsely because of cost, access and maintenance 

constraints, motivating the use of indirect and non-contact sensing techniques to extend 
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spatial coverage and support network-level screening. Drive-by monitoring using instru-

mented vehicles has been extensively reviewed by [35,45]. They summarize methods that 

extract bridge natural frequencies and damage-sensitive features from vehicle responses 

by analyzing the influence of road roughness, vehicle properties and excitation conditions 

on detectability. Recent work demonstrates that data collected opportunistically by 

smartphones can also be used to infer bridge dynamic characteristics: [37] showed that 

crowdsourced smartphone accelerations and GPS data from normal traffic can recover 

dominant bridge frequencies, and [72] reviewed smartphone-based bridge SHM, high-

lighting both demonstrated applications and key limitations related to mounting, sam-

pling and device variability. 

Non-contact methods such as computer-vision-based displacement tracking and ra-

dar interferometry provide additional means to obtain modal shapes and deflection pat-

terns without physical contact. Dong and Catbas (2021) [38] reviewed computer vision 

methods for local and global SHM. Across these contributions, indirect and non-contact 

sensing techniques are generally presented as complements to dedicated instrumentation, 

particularly valuable for extending spatial coverage, accessing difficult locations and en-

abling rapid or network-level assessments, rather than as full substitutes for purpose-built 

monitoring systems [35,38,72]. 

8.5. Data, Labels, and Interpretability 

Interpretability and transparency of complex deep learning models have emerged as 

important research topics, especially for safety-critical applications such as bridge SHM. 

Deep learning reviews for SHM emphasize that, beyond classification accuracy, practical 

deployment requires clear reporting of training and validation datasets, model architec-

ture and assumptions, sensitivity to environmental and operational factors, and mecha-

nisms for explaining model outputs to engineers and asset managers [9–11]. These con-

siderations underpin current efforts to develop explainable and uncertainty-aware ML 

frameworks for structural monitoring and summarized in Table 6. 

Table 6. Common failure modes in dynamic-response-based bridge SHM and corresponding 

checks. 

Pipeline Stage Failure Mode/Misinterpretation 

Risk 

Conservative Check Representative 

Sources (Ref.) 

Evidence Map 

ID (Table S1) 

Feature extraction Modal feature changes reflect tem-

perature or boundary-condition 

changes rather than damage 

Use environmental variables 

and residual analysis; avoid 

interpreting raw frequency 

drift as damage evidence. 

[1,4] S1-01, S1-04 

Mode-shape-based 

localization 

Curvature/MSE indicators amplify 

noise and degrade under sparse 

sensing 

Verify spatial resolution and 

noise levels; report sensitiv-

ity to sensor density. 

[4] S1-04 

Flexibility recon-

struction 

Mode truncation and identification 

errors bias flexibility-change indi-

cators 

Document number of 

modes; assess robustness to 

truncation and identification 

uncertainty. 

[4] S1-04 

ML inference Overfitting and domain shift from 

simulated/lab data to field condi-

tions 

Use strict train/valida-

tion/test separation; report 

applicability bounds; use 

conservative decision rules. 

[12,36,37] S1-12, S1-68, 

S1-69 

Indirect/drive-by 

sensing 

Road roughness and vehicle varia-

bility dominate vehicle response 

features 

Use repeated passes and sta-

tistical baselines; interpret 

primarily as screening. 

[33,66,69] S1-61, S1-59, 

S1-63 

https://doi.org/10.3390/infrastructures11040134


Infrastructures 2026, 11, 134 24 of 32 
 

https://doi.org/10.3390/infrastructures11040134 

Decision support Thresholds chosen without uncer-

tainty or operational context 

Define thresholds with un-

certainty; link alerts to in-

spection/analysis escalation 

rather than direct condition 

statements. 

[3,23] S1-03, S1-30 

8.6. Outlook 

Across the literature surveyed, several recurring trends can be identified for dy-

namic-response-based bridge SHM: 

Multi-modal, scalable sensing systems: Recent reviews of bridge SHM describe a 

clear move towards multi-modal monitoring configurations that combine conventional 

accelerometers and strain gauges with fiber optic sensors, GNSS, wireless smart sensors 

and, in some cases, vision, radar and vehicle- or smartphone-based platforms 

[5,6,35,38,72]. These are designed to exploit the complementary strengths of different sens-

ing technologies, achieving global coverage and local resolution while managing installa-

tion and maintenance costs. 

Physics–data hybrid models and digital twins: Bridge-oriented digital-twin frame-

works and physics–data hybrid approaches are increasingly proposed to couple monitor-

ing data with numerical models. Reference [78] developed a bridge digital twin in which 

a finite-element model is updated using measured dynamic responses to identify damage 

within a unified physics–data framework. Sun et al. (2023) [39] review digital-twin-based 

SHM architectures for civil infrastructure, emphasizing the integration of sensing, com-

putational models, data analytics and decision-support modules for condition assessment 

and prognosis. Costin et al. (2024) [79] show how existing technologies such as BIM, SHM 

systems, ITS and GIS can be integrated into a bridge digital twin that supports condition 

assessment and what-if simulations for operation and maintenance. In parallel, numerical 

studies on inerter-based and other control devices for cable-stayed and long-span bridges 

illustrate how detailed dynamic models, constrained by realistic properties and demand 

scenarios, can be used to design and evaluate vibration-control strategies [80]. 

Data-centric ML and uncertainty-aware analytics: Reviews of ML in SHM empha-

size a shift from purely supervised, structure-specific classifiers towards data-centric 

frameworks that explicitly account for environmental variability, limited labeled damage 

data and uncertainty [9,11]. In this context, unsupervised and semi-supervised ap-

proaches that learn normal behavior from abundant operational data, as well as hybrid 

models that combine physics-based and data-driven components, are increasingly advo-

cated for bridge SHM [9,19]. These works underline that ML and deep learning models 

must be developed with careful control of training test separation and domain shift and 

that uncertainty quantification and robustness to environmental effects are essential pre-

requisites for their use in safety-critical decision-making. 

Open benchmarks and standardization: Reviews of bridge SHM consistently high-

light that, despite extensive algorithmic development, relatively few open, curated bench-

mark datasets from full-scale bridges are available for independent testing. Reference [6] 

explicitly calls for more systematic field validation and data sharing to enable objective 

comparison of methods and assessment of performance under realistic conditions. A 

three-decade review of statistical pattern-recognition SHM for bridges similarly stresses 

the importance of long-term monitoring campaigns and publicly accessible datasets for 

evaluating anomaly-detection and damage-identification algorithms [13]. Broader SHM 

and AI-focused reviews echo these points, advocating for standardized data formats, 

shared protocols, and benchmark problems as prerequisites for reproducible research and 

eventual standardization of dynamic-response-based bridge SHM [3,39]. 
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These trends collectively point towards dynamic-response-based bridge SHM evolv-

ing into more integrated, data-centric, and digital-twin-enabled practice, grounded in 

multi-modal sensing, physics-informed modeling, and rigorous validation frameworks. 

8.7. Structured Research Agenda 

This subsection consolidates recurring research needs that emerge across the re-

viewed themes. The agenda is expressed as testable questions and implementation-fo-

cused tasks intended to improve comparability, interpretability, and operational credibil-

ity of dynamic-response-based bridge SHM. Items are framed conservatively as needs and 

evaluation targets, rather than as expected outcomes. 

8.7.1. Near-Term Priorities (Deployment Discipline) 

Near-term work should focus on practices that directly improve credibility of infer-

ence on in-service bridges: explicit treatment of environmental and operational variabil-

ity; transparent reporting of processing and identification choices; and demonstration of 

indicator behavior under realistic sensing density and noise. Progress in this horizon is 

measurable through clearer reporting, stability diagnostics, and repeatable evaluation 

protocols. 

• Define and report normalization variables and residual diagnostics used to interpret 

dynamic-response changes; 

• Report processing pipelines and parameter sensitivities sufficient for replication and 

comparison; 

• Quantify sensor-density requirements and robustness limits for localization-oriented 

indicators. 

8.7.2. Mid-Term Priorities (Validation and Bounded Inference) 

Mid-term progress is defined by stronger field validation and by bounding claims of 

transferability. This includes demonstrating repeatable performance across deployment 

periods, structures, or bridge typologies and expressing response-to-state inference (in-

cluding ML surrogates and hybrid models) within explicit applicability bounds. 

• Validate methods across more than one structure or across repeated campaigns using 

consistent protocols. 

• State applicability bounds for calibrated conversion models and ML surrogates and 

report drift monitoring when used in long-term settings. 

• Use evaluation designs that separate training, tuning, and testing periods to reduce 

optimistic bias. 

8.7.3. Long-Term Priorities (Benchmarks and Decision Support) 

Long-term durability of the field depends on shared benchmarks and on integrating 

SHM outputs into engineering decision processes. This involves establishing dataset gov-

ernance and protocol standards that enable cumulative comparison and formalizing how 

alerts translate into actions through uncertainty-aware escalation logic. 

• Develop benchmark datasets and protocol standards with documented confounding 

and metadata to support transparent comparison. 

• Establish evaluation metrics that reflect detection/localization performance and op-

erational credibility (false-alarm control and robustness). 

• Integrate SHM outputs into decision frameworks that link alerts to inspection and 

analysis escalation rather than direct condition declarations. 

Taken together, Sections 8.1–8.7 synthesize cross-cutting limitations and recurring 

needs reported across dynamic-response-based bridge SHM studies and organize them 

https://doi.org/10.3390/infrastructures11040134


Infrastructures 2026, 11, 134 26 of 32 
 

https://doi.org/10.3390/infrastructures11040134 

into evaluation-oriented priorities. The research agenda in Table 7 is presented as a deci-

sion-aiding structure for future work, emphasizing transparent reporting, bounded inter-

pretation, and robustness to environmental and operational variability. This framing sup-

ports cumulative comparison across methods and deployments and reinforces claims dis-

cipline when translating monitoring outputs into decision-relevant actions. 

Table 7. Prioritized research agenda with testable evaluation targets. 

Horizon Research Priority 

(Problem Statement) 

Minimum Evaluation/Re-

porting Target 

Decision Sup-

port Linkage 

Representative 

Sources (Ref.) 

Evidence Map ID 

(Table S1) 

Near-term Define and report nor-

malization variables 

and residual diagnos-

tics used to interpret 

dynamic-response 

changes. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[17,18] S1-17, S1-18 

Near-term Report processing 

pipelines and parame-

ter sensitivities suffi-

cient for replication 

and comparison. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[3,13] S1-13, S1-03 

Near-term Quantify sensor-den-

sity requirements and 

robustness limits for 

localization-oriented 

indicators. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[4] S1-04 

Mid-term Validate methods 

across more than one 

structure or across re-

peated campaigns us-

ing consistent proto-

cols. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[23] S1-30 

Mid-term State applicability 

bounds for calibrated 

conversion models 

and ML surrogates 

and report drift moni-

toring when used in 

long-term settings. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[28,29] S1-24, S1-25 

Mid-term Use evaluation de-

signs that separate 

training, tuning, and 

testing periods to re-

duce optimistic bias. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[37,72] S1-69, S1-68 

Long-term Develop benchmark 

datasets and protocol 

standards with docu-

mented confounding 

and metadata to 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[76,77] S1-74, S1-75 
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support transparent 

comparison. 

Long-term Establish evaluation 

metrics that reflect de-

tection/localization 

performance and op-

erational credibility 

(false-alarm control 

and robustness). 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[23] S1-30 

Long-term Integrate SHM out-

puts into decision 

frameworks that link 

alerts to inspection 

and analysis escala-

tion rather than direct 

condition declara-

tions. 

Report the item explicitly and 

in a form that supports repro-

ducibility (definitions, param-

eter settings, and diagnostics 

as applicable). 

Supports tracea-

ble interpretation 

and comparison 

across deploy-

ments and stud-

ies. 

[3,23] S1-03, S1-30 

Overall, the literature is characterized not by a lack of methods but by limited inte-

gration, validation, and comparability across approaches, which constrain the translation 

of SHM techniques into reliable engineering practice. The main limitation of current SHM 

approaches is not the lack of indicators or algorithms but the difficulty in ensuring robust-

ness, transferability, and decision relevance under real operating conditions. Finally all 

the acronyms and terminology are summarized into the Appendix A, while in Appendix 

B is furnished a reporting scheme. 
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Appendix A. Acronyms and Terminology 

Term Definition (as Used in This Review) 

SHM Structural health monitoring. 

OMA Operational modal analysis. 

SSI Stochastic subspace identification. 

FDD Frequency-domain decomposition. 

MSE Modal strain energy. 

FBG Fiber Bragg grating sensor. 

DFOS Distributed fiber optic sensing. 

BOFDA Brillouin optical frequency domain analysis. 

GNSS Global Navigation Satellite System. 

WSN Wireless sensor network. 
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MEMS Micro-electro-mechanical systems. 

CNN Convolutional neural network. 

Autoencoder Neural networks are trained to reconstruct inputs; used for representa-

tion learning and anomaly detection. 

Digital twin Virtual representation of a physical asset updated with monitoring data 

to reflect current state and support analysis. 

Appendix B. Data-Extraction Template (Reporting Scheme) 

Study 

ID 

As-

set/Bridge 

Type 

Span/Sys-

tem De-

scription 

Monitor-

ing Dura-

tion 

Excita-

tion Con-

text 

Sen-

sors & 

Layout 

Sam-

pling/DAQ 

Indicators/Fea-

tures 

Inference/Algo-

rithm Class 

Valida-

tion Evi-

dence & 

Stated 

Limits 

          

Note: Appendix B provides a reporting scheme used to structure data extraction and facilitate trans-

parent comparison across reviewed studies. 
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