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Abstract

Artificial intelligence (AI) is used to interpret vibration and dynamic-response measure-

ments for bridge nondestructive testing (NDT) and structural health monitoring (SHM),

but accuracy on a dataset does not show that a method is ready for use on real bridges.

Searches of Scopus, Web of Science, and IEEE Xplore in August 2026 and a recall audit

yielded 794 journal studies, each coded for diagnostic capability, validation realism, dam-

age authenticity, generalisation, temporal maturity, engineering-use maturity, and five

trustworthiness attributes. Enabling inference and detection account for 67.8% of studies

and prognosis for 0.6%. Numerical validation is the largest category (45.5%); in-service

validation covers 30.7%. Confirmed full-scale physical change appears in 61 studies, but

only six (0.8%) combine it with in-service monitoring. Transfer to an unseen bridge appears

in 16 studies (2.0%), year-scale evidence in 20 (2.5%), and maintenance decision support in

one (0.1%); 65.2% show none of the trustworthiness attributes. These patterns held across

ten sensitivity scenarios, including full-text verification of 52 studies. Agreement between

the original screening and an independent human screening of 350 records was moderate

(κ = 0.43), so some eligible studies may be missing. Diagnostic capability is broad, but the

evidence needed for deployment remains scarce.

Keywords: bridge nondestructive testing; structural health monitoring; artificial

intelligence; dynamic response; damage diagnosis; domain adaptation; physics-informed

machine learning; uncertainty quantification

1. Introduction

Bridges are long-life assets exposed to ageing, repeated traffic loading, thermal and

environmental actions, fatigue, corrosion, scour, and support changes [1–4]. Visual inspec-

tion and conventional nondestructive testing (NDT) are performed at discrete intervals

and cannot follow changes in structural behaviour between campaigns. Structural health

monitoring (SHM) fills this gap by recording structural response under operational or

controlled excitation and flagging changes that require engineering attention.

In this review, AI-enabled bridge NDT means nondestructive inference of structural

condition from vibration and dynamic-response measurements, including continuous

SHM [1–3]. Adjacent fields such as AI-assisted ground-penetrating radar (GPR) [5], com-

puter vision, ultrasonic and impact-echo testing, thermography, and acoustic emission lie

outside the systematic core. Multi-sensor vibration diagnosis of bridge components, such

as the jack-arch study in [6], falls within it.
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Vibration-based assessment is indirect. Acceleration, dynamic strain, displacement,

modal parameters, and vehicle–bridge interaction (VBI) responses depend on mass, stiff-

ness, damping, boundary conditions, excitation, and sensor characteristics [3,4]. Temper-

ature, traffic, wind, road or track condition, and sensor drift can change them as much

as early deterioration does [7–9]. An AI model must therefore separate damage-sensitive

information from environmental and operational variability (EOV), and showing that it

does so on a real bridge is much harder than showing that it classifies a dataset.

Machine learning (ML) on engineered features has been extended to deep learning

on raw or transformed responses, healthy-only anomaly detection, self-supervised and

open-set learning, transfer learning and domain adaptation, physics-informed learning,

uncertainty quantification (UQ), explainable AI (XAI), information fusion, and digital

twins [1–4]. Existing reviews classify this literature by algorithm, sensing modality, or

application [1–4], as did the authors’ earlier scoping review of dynamic-response-based

monitoring [10]. Di Mucci et al. [1], for example, map AI methods across inspection,

monitoring, and deterioration prediction and note limited validation and generalisation

in qualitative terms. None of these reviews measure how strongly structural evidence

supports each claimed capability. A model can reach near-perfect accuracy on numerically

generated damage and still be far from operational use, whereas a less accurate model tested

on a full-scale bridge with documented physical change provides stronger engineering

evidence [11]. The same distinction applies to field data, transfer learning, response

forecasting, and digital twins [12–14].

This review measures that evidence. Its contribution is methodological: no new

algorithm is proposed, and no accuracy metrics are pooled. Every study in a complete

systematic corpus is coded on six ordinal evidence dimensions (diagnostic capability,

validation realism, damage authenticity, generalisation, temporal maturity, and engineering-

use maturity) and five independent trustworthiness attributes, and the stability, accuracy,

and sensitivity of the coding are tested. To the authors’ knowledge, evidence maturity has

not been measured in this way for AI-enabled bridge assessment. Six research questions

(RQs) are addressed. RQ1 is answered descriptively in Section 3 and RQ2–RQ6 from

the coded evidence in Sections 4–8; Figure 1 shows which evidence dimensions answer

each question:

RQ1. What vibration and dynamic-response information is used by AI-enabled bridge NDT, and

how is that information represented for learning?

RQ2. What diagnostic capabilities, from enabling inference to detection, localisation, characterisa-

tion, and prognosis, have been demonstrated?

RQ3. How does demonstrated diagnostic capability compare with validation realism and physical

damage authenticity?

RQ4. How effectively do existing approaches address environmental and operational variability,

domain shift, and cross-bridge generalisation?

RQ5. To what extent are physics, uncertainty quantification, explainability, and information fusion

incorporated into trustworthy AI-enabled bridge assessment?

RQ6. How far have current systems progressed from algorithmic outputs toward inspection support,

deterioration prognosis, maintenance planning, and asset-management decisions?

The review finds that diagnostic capability is broad, but that studies combining

in-service validation, confirmed damage, transfer to an unseen bridge, long-term data,

quantified trustworthiness, and a defined maintenance decision remain exceptional.
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Table 1. Evidence framework: coding levels and boundary rules for diagnostic capability, validation

realism, damage authenticity, generalisation, target supervision, temporal maturity, engineering-use

maturity, and the five trustworthiness attributes.

Dimension Code Definition Does not Qualify/Boundary Rule

Diagnostic capability D0–D4

D0 enabling inference only; D1
detection; D2 localisation; D3
characterisation or quantitative
diagnosis; D4 prognosis of future
condition, damage, or remaining life

Prediction of future response is D0 unless
future structural condition is estimated;
response forecasting is not prognosis

Validation realism R1–R4

R1 numerical/synthetic; R2
laboratory/reduced-scale; R3
full-scale bridge or benchmark in a
dedicated controlled campaign; R4
in-service monitoring under
operating conditions

Dedicated full-scale or benchmark
campaigns (e.g., Z24, Old ADA, S101) are
R3, not R4

Damage authenticity A0–A4

A0 no confirmed physical damage;
A1 numerical/synthetic damage; A2
physical laboratory damage; A3
synthetic/injected damage on real
bridge measurements; A4 confirmed
full-scale physical change

In-service data alone do not imply A4;
real measurements combined with
injected or simulated damage are A3

Generalisation G0–G3

G0 same structure/domain; G1
unseen conditions on the same bridge;
G2 transfer to, or validation on, an
unseen bridge; G3 transfer across a
population of distinct bridges

Transfer-learning terminology,
simulation-to-experiment transfer on one
structure, generic pretraining, extensive
retraining on the target, or repeated
application without a held-out
source-to-target test do not qualify for
G2/G3

Target supervision ZS, UT, FS, ST

Zero-shot; unsupervised target
information; few-shot labelled target
data; substantial supervised
retraining

—

Temporal maturity T0–T2

Evaluated data span: T0 < 1 month;
T1 ≥ 1 month and < 1 year;
T2 ≥ 1 year (retrospective or
prospective noted in Table S1)

Coded by the span of data actually
evaluated; unreported durations are T0

Engineering-use maturity M0–M3

M0 algorithmic output; M1
diagnostic information; M2 explicit
warning, inspection, or intervention
support; M3 prognosis linked to a
defined maintenance or
asset-management decision

M3 requires a defined decision
(intervention threshold, inspection
schedule, or load limit); a generic
statement that results could support
maintenance is neither M2 nor M3

Environmental and
operational robustness

E
EOV modelled, compensated,
normalised, or used to challenge the
inference

Generic noise tests

Uncertainty quantification U

Posterior or predictive distributions,
intervals, uncertainty propagation, or
failure probability of the inferred
quantity

RMSE or Bayesian hyperparameter
tuning alone

Explainability or physical
interpretation

X
Demonstrated explainability or
physically interpretable reasoning

An attention layer alone

Physics integration P Structural physics inside the inference
Physics used only to generate training
data

Information fusion F
Explicit, evaluated integration of
separate sensor, variable, domain,
model, or decision streams

Concatenation or a serial hybrid network

Source: authors’ evidence-maturity framework (Section 2.4). Trustworthiness attributes are recorded
as present or absent and are not combined into a score.
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Figure 1. Structure of the review. Each research question (RQ) is answered from the evidence

dimensions beneath it, and the section that reports it is shown above. Levels run from low (bottom) to

high (top) evidence maturity; the five trustworthiness attributes are recorded as present or absent and

are not combined into a score. Full definitions and boundary rules are given in Table 1. Progressively

darker blue shading represents increasing evidence maturity.

2. Materials and Methods

2.1. Review Design

The study is a structured critical review based on a systematic literature search

and multidimensional evidence coding, reported following the applicable PRISMA 2020

items [15]. The protocol was not registered; the eligibility criteria and codebook are given

in Section 2.2 and Table 1, and every coding change is logged in Supplementary Table S3.

Predictive performance was not meta-analysed. The studies differ in structural typology,

sensing, excitation, damage definition, learning task, validation design, and metric, so

pooled accuracy would imply a comparability that does not exist. The evidence dimensions

in Section 2.4 serve as the appraisal of included studies: they grade how far each study’s

evidence supports its claimed capability, which risk-of-bias tools developed for clinical

trials are not designed to do for engineering ML studies.

The first author defined the criteria and the codebook and supervised a large language

model (ChatGPT 4.8, OpenAI, San Francisco, CA, USA) that assisted screening, eligibility

assessment, and coding. The first author checked the workflow and resolved the boundary

cases it flagged. Decisions and codes were recorded in spreadsheet ledgers, and duplicates

were identified by DOI and normalised title. Three checks were added to test this workflow:

a recall audit of excluded records, an independent human screening of a 350-record sample,

and a full-text verification of 52 studies (Section 2.3).

2.2. Search Strategy and Eligibility

The systematic core comprises English-language peer-reviewed journal articles published

from 1 January 2015 to the eligibility cutoff of 23 August 2026 (Supplementary Table S7).

Scopus was searched on 23 August 2026, and Web of Science Core Collection and IEEE Xplore
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on 24 August 2026. A publisher-designated citable version with a permanent DOI had to be

available by the cutoff; repository-only preprints were excluded.

The query combined four concept blocks (bridge structure × dynamic response ×

AI × structural assessment); the full strings are given in Supplementary Table S5. Back-

ward and forward citation tracing and targeted searches supplemented the queries for

transfer learning, self-supervised and open-set learning, physics-informed methods, UQ,

XAI, fusion, digital twins, and prognosis. Digital-twin studies were retrieved through a

separate query that required bridge, dynamic-response, and AI or diagnostic content, so

that architecture papers without AI-based structural inference were not imported.

Core primary studies had to (i) concern a bridge, a bridge component, or a struc-

tural model developed for bridge monitoring or damage assessment; (ii) use a dynamic-

response quantity (acceleration, dynamic strain, displacement, modal information, or

vehicle-induced response); (iii) include an AI or ML component; (iv) address structural

inference, anomaly or damage detection, condition classification, localisation, prognosis, or

a directly enabling SHM function (response reconstruction, virtual sensing, modal iden-

tification, or load estimation); (v) report enough validation information for coding; and

(vi) be peer-reviewed journal articles. Studies whose application domain was generic struc-

tures, with a bridge as one of several test cases, were excluded (bridge-primary boundary).

Visual-only defect detection, satellite interferometric (InSAR) displacement studies, sensor-

fault classification without condition inference, inspection-database-only deterioration

models, and seismic studies without monitoring data were also excluded. Reviews were

cited as context only.

The searches returned 3412 records. After removal of 1745 duplicates and addition

of 12 records from targeted searches, 1679 records were screened by title and abstract,

839 were assessed at full text, and 727 met the core criteria. The recall audit (Section 2.3)

added 67 studies, giving a final core of 794 studies on which all prevalence statistics are

based (Figure 2).

2.3. Coding and Quality Checks

Coding. Evidence was extracted on the structural system, sensing, response variable,

representation, learning paradigm, diagnostic target, validation setting, damage prove-

nance, EOV treatment, transfer, monitoring duration, uncertainty, explainability, physics

integration, fusion, and engineering output. Each validation case within a study was

examined separately. The unit of reporting is the publication (one record per study in

Supplementary Table S1), coded at the highest level demonstrated for each dimension.

Combinations such as R4+A4 are counted only when every criterion is met within the same

validation case. A paper with an in-service healthy-monitoring case (R4, A0) and a separate

benchmark damage case (R3, A4) is therefore counted under R4 and under A4, but not

under R4+A4.

Coding stability. After first-pass coding of the original 727 studies, 336 studies were

reconciled: 232 flagged for source checking and 104 selected for consistency or high-

maturity audits. Codes changed in 277 of these 336 studies. A subsequent corpus-wide

audit of the trustworthiness attributes changed further codes, so that in total 398 studies

differ between first-pass and final codes. First-pass versus final agreement (quadratic-

weighted Cohen’s κ for ordinal dimensions, unweighted κ for attributes) was D 0.82,

R 0.63, A 0.88, G 0.80, T 0.98, M 0.80, E 0.54, U 0.33, X 1.00, P 0.92, and F 0.45

(Supplementary Table S2). These values measure the stability of one workflow, not agree-

ment between independent coders. The low values for E, U, and F reflect the strict final

rules, which removed codes based on noise tests (E 268 → 148), probabilistic terminology
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or prediction error (U 144 → 38), and hybrid architectures without demonstrated fusion

(F 88 → 28) (Section 9.2; Supplementary Table S3).

Figure 2. Corpus construction (searches 23–24 August 2026; eligibility cutoff 23 August 2026). Of

3412 records, 1679 were screened and 839 assessed at full text, giving 727 core studies; a recall audit

of 283 bridge-titled exclusions added 67, giving a final core of 794.

Recall audit. A check of the title/abstract exclusions showed that a study of a bridge

component [6] had been excluded under the rule ‘primary application domain is not a bridge’.

All 283 excluded records with a bridge term in the title (34% of the 840 exclusions) were

therefore re-screened with the assistance of a second language model (Claude Opus 5.5,

Anthropic, San Francisco, CA, USA), and 67 of them (24%) met the criteria and were added.

Most additions are enabling (D0) studies of response prediction, reconstruction, or load

identification on in-service bridges; they were coded from their abstracts and are flagged in

Table S1. The 300 exclusions that mention a bridge only in the abstract were not re-screened,

because the bridge-primary boundary excludes them by design.

Independent screening check. To test the title/abstract decisions, the first author

screened a random sample of 350 records (21% of those screened) in Rayyan, without

access to the original decisions and without having seen the records before. Two calibration

rounds on a separate set of 250 records preceded this check and were used to clarify the

wording of the criteria (Supplementary Table S6). Agreement with the original decisions

was κ = 0.43 (95% CI 0.33–0.53; 72% raw agreement). The human screener was more

inclusive: 89 of the 98 disagreements were records that the original screening had excluded

(37 of them marked ‘maybe’), whereas 164 of the 166 sampled records in the final core were

also included by the human screener.

Full-text verification. To estimate coding accuracy, 52 studies were re-coded from

their full texts with Claude Opus 5.5, without access to the existing codes. The sample

had two parts: 8 studies from a stratified random draw of 50, of which the other 42 were

not retrievable in full text; and 44 studies drawn at random from the 142 corpus stud-

ies in gold open-access journals, with high-maturity codes oversampled. Each of the

105 code-level disagreements with Table S1 (in 43 studies) was re-adjudicated from the
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full text, and each verified code is documented with its source and a supporting quotation

(Supplementary Table S6). Agreement with Table S1 was κ = 0.72 (D), 0.61 (R), 0.63 (A),

0.77 (G), 0.52 (T), 0.10 (M), 0.64 (E), 0.17 (U), 0.54 (X), −0.05 (P), and 0.65 (F), with raw

agreement of 69–96%. The low κ for U and P reflects rare positive codes (at most 7 of 52),

not frequent disagreement (87–88% raw agreement). The disagreements were systematic.

Table S1 shows under-coded severity estimation (D1/D2 to D3 in 10 studies), evaluated

damage (A0 to A1–A4 in 9), and multi-month spans (T0 to T1/T2 in 7), and over-coded

decision support (none of the 7 M2 codes was confirmed). The verified codes are listed

alongside the original codes in Table S1 and are tested as a sensitivity scenario (Section 9.1).

2.4. Evidence Dimensions and Trustworthiness Attributes

Table 1 defines the coding levels and lists, for each, what does not qualify. The fol-

lowing boundary rules decide the cases that recur. Prediction of future response is D0

unless future structural condition is estimated. In-service data alone do not imply A4,

and real measurements combined with injected or simulated damage are A3. R3 denotes

dedicated full-scale or benchmark campaigns such as Z24, Old ADA, or S101. Neither

transfer-learning terminology nor transfer from a numerical model to an experimental

version of the same structure qualifies for G2. Temporal maturity is coded by the span of

the data actually evaluated, and unreported durations are coded T0. A single retrospective

evaluation on several years of archived data therefore receives the same T2 code as repeated

evaluation during multi-year monitoring; Table S1 records which of the two applies. M3

requires prognosis linked to a defined decision, such as an intervention threshold, inspec-

tion schedule, or load limit; a generic statement that results could support maintenance is

neither M2 nor M3.

The five trustworthiness attributes are recorded as present or absent and are not

combined into a score. E requires EOV to be modelled, compensated, normalised, or

used to challenge the inference; generic noise tests do not qualify. U requires posterior

or predictive distributions, intervals, uncertainty propagation, or failure probability; root-

mean-square error (RMSE) or Bayesian hyperparameter tuning alone does not qualify. X

requires demonstrated explainability or physically interpretable reasoning; an attention

layer alone does not qualify. P requires structural physics inside the inference, not only in

the generation of training data. F requires an explicit, evaluated integration of separate

sensor, variable, domain, model, or decision streams; concatenation or a serial hybrid

network does not qualify. Supplementary Tables S1, S3 and S4 give the study-level codes,

boundary decisions, and sensitivity analyses.

3. Structural-Dynamic Basis and AI Paradigms

For a bridge represented in linearised form, the measured response follows:

M
..
u(t) + C

.
u(t) + K u(t) = f (t), (1)

where M, C, and K are the mass, damping, and stiffness matrices and f(t) is the excitation.

Damage changes stiffness, load transfer, boundary conditions, damping, or mass. Traffic,

temperature, wind, road or track condition, support behaviour, sensor state, and excitation

change the response too. AI-based assessment is therefore an inverse structural-dynamics

problem: condition must be inferred from response without assuming that every response

change is damage.

3.1. Response Information and Representation

What the sensing system makes observable bounds what any AI model can infer.

Acceleration is the most common input [11,16,17]; dynamic strain carries local information
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on deformation and fatigue demand [18–20]; displacement captures low-frequency and

quasi-static behaviour [21–24]; and modal quantities condense measurements into system-

level descriptors [25–27]. In drive-by sensing, bridge information is embedded in the

coupled vehicle–bridge response [7,16,28–31]. Malekjafarian et al. formulated the problem

with numerical VBI data [16], whereas Duran et al. classified several states of a full-scale

bridge subjected to controlled physical changes from vehicle-mounted acceleration [11].

Response data reach learning algorithms in three forms: engineered features such

as modal parameters, statistical descriptors, and damage indices [27,32,33]; frequency or

time-frequency representations [34–36]; and raw response histories [11,37,38]. Here, ‘AI-

ready information’ means response data that have been acquired, preprocessed, aligned,

and represented for ML inference; the term does not imply that the data suffice for di-

agnosis. The representation affects transfer as well as within-domain performance. Raw

responses preserve subtle information but also encode sensor and excitation specifics [39,40];

modal features are interpretable but vary with geometry, boundary conditions, and

environment [8,41]; and time-frequency features depend on windowing

and normalisation [34,36].

Automated modal identification, virtual sensing [42,43], missing-data

reconstruction [44–48], and response forecasting [49–51] are enabling functions (D0) un-

less a validated step converts their output into structural condition [25,27,52]. The

attention-based convolutional neural network (CNN) of Haghbin et al., for example,

predicts modal properties and is examined with XAI methods, but its output remains

modal identification [53]. Environmental and operational variables provide the context

needed to judge whether a change is structurally meaningful: AI systems can normalise

features, condition baselines on the operating state, or flag observations outside the

development distribution [7–9,24,26,54,55].

Fusion terms are used in a restricted sense. Multi-sensor fusion combines different

sensors [6,56]; multi-physical-variable fusion combines quantities such as acceleration

and strain [57,58]; multi-domain fusion combines alternative representations of the same

measurement [13,35]; and feature- or decision-level fusion combines learned representa-

tions or model outputs [56,59]. Combining raw acceleration with time-, frequency-, and

wavelet-domain features [13] is therefore multi-domain fusion, not multimodal sensing.

For RQ1, then, acceleration is the main input, with dynamic strain, displacement,

modal quantities, and vehicle-borne responses as the others; these reach the model as

engineered features, frequency or time-frequency images, or raw histories. The choice

of representation governs how far a model can transfer, as well as how accurate it is on

its own data.

3.2. Learning Paradigms

Supervised learning maps responses to predefined structural states, using classifiers

on engineered features [60–62] or deep networks on raw or transformed signals [37,38,63].

Labelled damage states are rarely available from in-service bridges, so most super-

vised studies rely on numerical simulation, laboratory structures, or controlled full-scale

campaigns [64–66]. Controlled full-scale studies show that supervised classification can

go beyond numerical proof of concept [11,66,67], but the reported accuracy remains condi-

tional on the structure, excitation, damage sequence, and sensor layout.

Healthy-only and unsupervised methods model normal behaviour and flag

deviations [68–72], building on earlier novelty-based bridge detection [73–75]. Park and

Kim trained a convolutional autoencoder with deep support vector data description on

intact data and evaluated it on a damaged in situ steel truss bridge [76]; Giglioni et al.

evaluated autoencoder novelty against progressive full-scale benchmark changes [71]. An

https://doi.org/10.3390/ndt4040033
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anomaly can also arise from environmental change, sensor malfunction, maintenance, or

an unseen operating state [77–79], so these methods support detection (D1); localisation,

mechanism, and severity require further evidence. Self-supervised learning builds repre-

sentations from unlabelled data [80], and open-set learning removes the assumption that

every future observation belongs to a trained class [81]. Open-set classification has been

evaluated on Z24 data [81], and physics-encoded unsupervised learning on numerical and

laboratory bridge networks [82].

Transfer learning and domain adaptation address the fact that a model developed

on one structure rarely meets the same statistical and physical domain on another [41].

Ferreira et al. adapted healthy-state information from one bridge to a nearly iden-

tical neighbouring bridge without a healthy baseline, using Bayesian finite-element

calibration [12]. Transfer is classified here by the target information used: zero-shot [36,83],

unsupervised adaptation [12,40,84–86], few-shot fine-tuning [87], or supervised retraining.

Transfer from a numerical model to an experimental version of the same structure [88]

is not cross-bridge transfer. Population-based SHM extends transfer to groups of related

assets, using laboratory populations [89] and numerical bridge networks [90].

Physics-informed ML constrains or augments data-driven inference with structural

knowledge through governing equations, finite-element models, grey-box relationships,

architectural constraints, or physics-informed loss functions [2,42,91]. Examples include

physics-encoded unsupervised learning for bridge networks [82], physics-informed stiff-

ness identification and early warning on an in-service railway bridge [18], and grey-box

thermal modelling of a monitored viaduct [24].

Across these paradigms the data assumptions relax step by step, from fully labelled

bridge-specific classification to healthy-only, self-supervised, open-set, transfer, population-

level, and physics-guided inference [12,82,85,90]. A newer paradigm adds evidential value

only if its capability holds under independent and physically representative validation,

and Sections 4–8 measure how often that has been shown.

4. Results I: Diagnostic Capability

Figure 3 summarises the distributions for all six dimensions and the number of

trustworthiness attributes per study; this section covers diagnostic capability. Enabling

functions (D0) account for 280 studies (35.3%): modal identification [25,53,92], virtual

sensing [42,43], response reconstruction and imputation [44–47,93,94], load and cable-force

estimation [95–99], damping and energy-dissipation estimation [100,101], and response

forecasting [49–51]. Detection (D1) accounts for 258 studies (32.5%) [71,76,77] and locali-

sation (D2) for 103 (13.0%) [21,32,58]. Estimation of damage type, severity, or condition

parameters (D3) accounts for 148 studies (18.6%) [37,60,64], of which 75 (50.7%) are vali-

dated only numerically (Figure 4).

Quantitative diagnosis on an operating bridge exists but is rare. Khan et al. re-

constructed a spatial stiffness field on an in-service railway bridge with an inspection-

confirmed fatigue crack, localised the affected region, quantified the stiffness reduction

under measured temperature variation, and issued a warning 15 days before the existing

monitoring system [18]. In terms of Table 1, this is quantitative diagnosis with in-service

validation and confirmed damage (D3/R4/A4), evaluated over less than a month (T0),

with warning support (M2) and three trustworthiness attributes (E, X, P).

Prognosis of future condition (D4) is demonstrated in five studies (0.6%): fatigue-

damage prognosis of orthotropic steel decks from field-measured strain [20], physics-

informed fatigue-crack evolution [102], fatigue-life prediction of bridge cables [103] and

of coastal bridge details [104], and corrosion-fatigue life estimation of an in-service steel
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bridge [105]. Response forecasting, however long its horizon, is not prognosis, because it

predicts the response rather than the structural condition.

Figure 3. Evidence-maturity profile of the 794 systematic-core studies. Each bar shows how the

studies are distributed across the levels of one dimension, from lowest (left) to highest (right) maturity;

the bottom bar shows the number of trustworthiness attributes demonstrated per study. Segment

labels give the number and percentage of studies (segments too narrow to label: D4, 5; G2, 13, G3, 3;

T2, 20; M3, 1; 3 attributes, 7; 4 attributes, 1; 5 attributes, 0). The right-hand column gives the highest

level and its share of the corpus. Source: Supplementary Table S1. Blue shading progresses from

lighter (lower evidence levels) to darker (higher evidence levels).

Figure 4. Diagnostic capability versus validation realism (n = 794). Each cell gives the number of

studies and its percentage of the row (capability level) and of the column (realism level); margins

give totals and percentages of the corpus. Cell shading increases with the number of studies.

Diagnostic capability (RQ2) is therefore broad but concentrated in enabling inference

and detection (D0 and D1: 538 studies, 67.8%), and prognosis is exceptional. The D scale
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orders only the structural question answered, not the strength of the evidence: a long-term,

uncertainty-aware detector (D1) on an in-service bridge can provide stronger deployment

evidence than a numerically validated prognosis model (D4).

5. Results II: Validation Realism and Damage Authenticity

Validation realism and damage authenticity are coded independently of capability,

because a performance metric is meaningful only relative to the problem on which it was

obtained. High accuracy on numerical damage scenarios can coexist with failure under

real traffic, temperature, sensor drift, and structural uncertainty [106].

Numerical or synthetic validation (R1) is the largest realism category (361 studies,

45.5%), followed by in-service monitoring (R4; 244, 30.7%), laboratory or reduced-scale

tests (R2; 101, 12.7%), and dedicated full-scale or benchmark campaigns (R3; 88, 11.1%),

such as the progressive damage tests on Z24, Old ADA, and S101. R4 describes the realism

of the setting, not of the damage. Of the 244 R4 studies, 181 involve no confirmed physical

damage, 50 combine field measurements with injected or simulated damage (A3), 5 use

numerical and 2 laboratory damage, and 6 involve confirmed full-scale change (A4).

Damage authenticity is distributed as A0 406 (51.1%), A1 194 (24.4%), A2 83 (10.5%),

A3 50 (6.3%), and A4 61 (7.7%). The A3 category prevents a common misreading. Op-

erational strain, acceleration, or modal data combined with finite-element (FE) damage,

injected anomalies, or transferred synthetic labels [24,107,108] are useful for method devel-

opment, but they do not constitute validation against authenticated damage.

Confirmed full-scale change (A4) is concentrated on a few structures. Of the 61 A4

studies, 55 are controlled campaigns (R3), 52 use a named benchmark bridge, and 40 use Z24

alone; counting each named bridge once leaves 13 publications (Supplementary Table S4).

Six studies combine A4 with in-service monitoring in the same validation case (Table 2): a

fatigue crack on a steel railway bridge [18], a damaged twin bridge [12], a cracking event

on a bascule railway bridge [77], existing cracks monitored for four years on the Caohekou

Bridge [109], field-measured scour on an in-service bridge [110], and damage localisation on a

railway continuous-beam bridge [21].

Table 2. The six studies that combine in-service validation (R4) with confirmed full-scale physical

change (A4) in the same validation case.

Ref. Structure and Confirmed Change D G (Target) T (Span) M Attributes

[18]
Steel railway bridge; inspection-confirmed
fatigue crack

D3 G0 T0 (19 days) M2 E, X, P

[12]
Twin concrete bridges; newer bridge reported as
damaged, no healthy baseline

D1 G2 (UT) T0 M1 none

[77] Bascule railway bridge; cracking event D1 G0 T0 M1 none

[109] Caohekou Bridge; existing cracks D3 G0 T2 (4 years) M2 E

[110] In-service bridge; field-measured scour D3 G0 T0 M2 E

[21]
Railway continuous-beam bridge; damage
localised from displacement influence lines

D2 G0 T0 M2 E, P, F

Source: Supplementary Table S1 (all six coded A4-confirmed). Codes as defined in Table 1; UT,
unsupervised target information. Spans in parentheses are those reported; T0 without a span means
the duration was not reported or was under one month.

Figure 4 cross-tabulates diagnostic capability against validation realism. D3 occurs

under R1, R2, R3, and R4 in 75, 28, 17, and 28 studies, and D4 comprises three R1 and two R4

studies. Advanced capability and realistic validation seldom coincide (RQ3). What limits
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the evidence is whether advanced outputs hold under realistic validation with authentic

structural change.

6. Results III: Environmental Robustness and Generalisation

Temperature alters stiffness, support behaviour, and modal properties [8,26]; traf-

fic changes excitation amplitude and frequency content; and wind, moisture, boundary

changes, train characteristics, road roughness, and sensor replacement shift the mea-

surement distribution further [7,17,34]. These effects can exceed the change caused

by early deterioration [9,111]. The corpus includes in-service physics-aware thermal

compensation [24], long-term strain modelling with environmental inputs [19,112], and

drive-by detection tested under several EOV factors [17] and under road roughness with

temperature variation [7]. Nevertheless, 710 studies (89.4%) remain within the devel-

opment structure and domain (G0), and 68 (8.6%) test unseen conditions on the same

structure (G1) (Figure 3).

Transfer to, or independent validation on, a bridge not used for development (G2)

is demonstrated in 13 studies (1.6%), and transfer across a population of distinct bridges

(G3) in three (0.4%) [90,113,114]. Four kinds of transfer were not coded as G2 or G3:

simulation-to-experiment adaptation on one structure, as for the reduced-scale cable-stayed

bridge of Lu et al. [88]; generic pretraining; extensive retraining on the target; and repeated

application to several bridges without a held-out source-to-target test. Of the 16 G2/G3

studies, four are zero-shot, eight use unlabelled target data, three use few-shot labels,

and one does not report enough to classify; none requires supervised retraining. Five are

validated in service, five in controlled full-scale campaigns, and six numerically or in the

laboratory, so five studies (0.6%) combine G2/G3 with in-service validation.

Transfer is a structural problem as well as a statistical one. Two datasets can be

mathematically alignable while representing structures with different modal density, span

arrangement, boundary conditions, sensors, or deterioration mechanisms [41,90]. Yano et al.

frame the applicability of transfer learning for bridge SHM in terms of structural-domain

compatibility [41], and the twin-bridge study shows how structural similarity and model

uncertainty enter a practical source–target problem [12].

RQ4 has a two-part answer. EOV is addressed in a minority of studies (Section 7), and

generalisation beyond the development bridge is rarer still: nine in ten studies stay on that

bridge, and verified transfer to another bridge in service is reported in five.

7. Results IV: Trustworthiness

Environmental and operational robustness (E) is demonstrated in 173 studies

(21.8%) [7–9], uncertainty quantification (U) in 44 (5.5%) [93,95,100,115–117], explain-

ability or physical interpretation (X) in 43 (5.4%) [18,53], physics integration (P) in 48

(6.0%) [18,24,82,102], and information fusion (F) in 33 (4.2%) [6,13,56,59]. Of the 794 studies,

518 (65.2%) demonstrate none of the five attributes, 220 (27.7%) demonstrate one, 48 (6.0%)

demonstrate two, seven (0.9%) demonstrate three, and one (0.1%) demonstrates four; none

demonstrate all five (Figure 5).

The most frequent pairs are E+U (17 studies), X+P (12), and E+X (11), whereas U

and X occur together in only two studies. The only four-attribute study is a probabilistic

cable-tension monitoring framework on an in-service cable-stayed bridge (E, U, P, F) [95].

Three-attribute studies include the in-service railway bridge with a confirmed fatigue crack

(E, X, P) [18], grey-box early warning on a monitored viaduct (E, X, P) [24], baseline-free

damage localisation on a railway bridge (E, P, F) [21], and physics-guided fusion for scour

monitoring (E, P, F) [118].
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Figure 5. Exclusive co-occurrence of the five trustworthiness attributes (n = 794). E, environmental/

operational robustness; U, uncertainty quantification; X, explainability/physical interpretation;

P, physics integration; F, information fusion. Bars give the number of studies in each of the

19 non-empty exclusive combinations; row labels give the total for each attribute. A missing at-

tribute means that qualifying evidence was not found under the coding rules. Filled dots indicate

attributes present in a particular combination; pale dots indicate absent attributes. Connecting lines

link attributes belonging to the same combination.

Trustworthiness, the subject of RQ5, is far less developed than predictive performance,

and studies that combine several attributes under realistic validation are exceptional.

8. Results V: Temporal and Engineering-Use Maturity

Year-scale temporal evidence (T2) is reported in 20 studies (2.5%) and month-scale

evidence (T1) in 36 (4.5%); the remaining 738 (92.9%) evaluate less than a month of data

(T0). Of the 20 T2 studies, 13 evaluated archived monitoring data retrospectively and none

reported prospective operation of a fixed model on newly acquired data; for seven, the

accessible text did not allow classification (Supplementary Table S1).

Digital-twin terminology is not a maturity category. Bridge digital twins couple

measurements, computational models, and analytical algorithms to maintain an evolv-

ing model of the asset [14,91,119,120]. In-service twins support model calibration and

updating without condition prognosis [14,120–123], whereas AI-enabled twins also per-

form diagnosis [13,65]. A digital twin is therefore coded by its demonstrated output,

from D0/M0 (response prediction and model updating) to D4/M3 (prognosis linked to a

maintenance decision).

Early warning and prognosis are also distinct. Early-warning systems identify a

developing abnormal condition earlier than an existing threshold or inspection [24,124,125].

The physics-informed system of Khan et al. warns before the existing system based on a

stiffness change associated with a confirmed fatigue crack, but it does not forecast the crack

state and is therefore M2, not D4 [18]. Response forecasting and reconstruction [49–51,126]

remain D0. Xie and Bai demonstrate mechanism-informed prognosis by representing

crack evolution and displacement degradation of orthotropic deck details in a physics-

informed network, with numerical validation only [102]. The digital twin of the Espartxo

Bridge links monitored behaviour with calibrated numerical scour scenarios for early scour

detection [127]; its scour states are simulated, not observed.
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The engineering-use distribution is M0, 241 (30.4%); M1, 471 (59.3%); M2, 81 (10.2%);

and M3, 1 (0.1%). In the full-text verification sample (Section 2.3), none of the seven M2

codes were confirmed: the studies produced enabling or diagnostic output, but no warning,

inspection, or intervention step was built and evaluated. The M2 share is therefore an

upper bound.

One study (0.1%) reaches M3: a corrosion-fatigue life analysis used to set a truck

axle-weight limit for a target reliability [105]. The other four D4 studies forecast con-

dition without a defined decision layer and are not M3; the bridge-cable fatigue-life

prediction [103], for example, compares the predicted life with the service life but de-

fines no maintenance action. A deck-condition framework [59], originally coded D4/M3,

was recoded D3/M1 after full-text checking: it predicts current condition ratings and

forecasts strain and stress responses, not future structural condition, and its maintenance

actions are suggested from rating bands without being evaluated. A monitoring study

on the Caohekou Bridge [109], originally coded D4/M3, was recoded D3/M2: it pre-

dicts crack width and responses from environmental and operational conditions and

supports early warning, but it neither forecasts future deterioration nor links it to a defined

maintenance action.

On RQ6, few systems have progressed beyond algorithmic or diagnostic output:

20 studies reach T2, five reach D4, and one reaches M3, and none of the classifiable T2

studies operated a fixed model prospectively.

9. Discussion

The same pattern runs through all six dimensions. Numerical validation is the largest

realism category, and prognosis, cross-bridge transfer, year-scale evaluation, authenticated

in-service damage, and maintenance decision support each occur in less than 3% of studies

(Figure 3). Section 9.1 tests whether this pattern is robust, Section 9.2 examines how the

trustworthiness attributes interact, and Sections 9.3 and 9.4 set out what the results mean

for bridge owners and where the review is limited.

9.1. Evidence Convergence and Sensitivity

Convergence. Of the six studies that combine in-service monitoring with confirmed

full-scale change (Section 5), one, the twin-bridge study of Ferreira et al. [12], also demon-

strates transfer to an unseen bridge (Figure 6). The newer of two nearly identical neigh-

bouring bridges had been reported as damaged for almost a decade and had no healthy

baseline. The authors calibrated an FE model of its undamaged state by Bayesian inference

and used unsupervised domain adaptation to reuse the older bridge’s data to classify the

newer bridge’s state. The result rests on a favourable source–target pair: two structures of

the same design on the same site. It shows that convergent evidence is achievable, but a

single case cannot support an estimate of field reliability, and it says little about transfer

between structurally dissimilar bridges.

Sensitivity analysis. The headline estimates were recomputed under ten alternative

assumptions (Table 3; details in Supplementary Table S4). In every scenario, D4, M3, and

the R4+A4+G2/G3 combination remain at or below 0.8% of the corpus, G2/G3 remains

below 4.5%, and at least 44% of studies demonstrate none of the trustworthiness attributes.

Two scenarios move the estimates most. First-pass codes raise G2/G3 from 16 to 33, because

the strict transfer rule was applied only in the final pass. Counting synthetic damage on

real measurements (A3) as authentic raises R4+A4 from 6 to 56, which shows how much

the conclusion depends on keeping A3 separate. Restricting the analysis to the original

727 studies changes the high-maturity counts by at most one study, except T2 (20 to 16),

because several recall-audit additions analyse a year or more of monitoring data. Replacing
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the codes of the 52 full-text-verified studies leaves D4, G2/G3, and M3 unchanged and

raises R4+A4 from six to seven, through a study of an in-service bridge with documented

cracking that had been coded as numerical (Table S6).

Figure 6. Evidence-convergence funnel (n = 794). Of 244 studies with in-service validation (30.7% of

the corpus), six also demonstrate confirmed full-scale physical change in the same validation case

(2.5% of the R4 tier; 0.8% of the corpus), and one of these, the twin-bridge study of Ferreira et al. [12],

also demonstrates transfer to an unseen bridge (16.7% of the R4+A4 tier; 0.1% of the corpus). Tier

widths are proportional to the number of studies, with a minimum width for the two smallest tiers;

the squares on the right show the six R4+A4 studies (Table 2) and the one that also transfers. The final

tier shows that convergence is feasible; it is not an estimate of field reliability. The six blue squares

depict the R4+A4 studies listed in Table 2; the single filled dark-blue square identifies the twin-bridge

study by Ferreira et al. [12], while outlined squares denote the other five studies.

Table 3. Sensitivity of the headline estimates to coding assumptions, corpus composition, and

benchmark reuse.

Scenario D4 R4+A4 G2/G3 T2 M3 No Attribute (%) R4+A4+G2/G3

Submitted ledger (n = 727) 6 8 15 16 3 67.0 1

Revised baseline (n = 794) 5 6 16 20 1 65.2 1

Original 727 only, corrected 4 6 15 16 0 67.0 1

First-pass codes 4 3 33 21 1 44.3 0

Never-recoded studies only (n = 396) 1 0 5 7 1 63.9 0

Excluding uncertain additions 4 6 15 20 0 65.4 1

A3 counted as A4 5 56 16 20 1 65.2 1

T2 requires ≥ 2 years 5 6 16 10 1 65.2 1

T2 from ≥ 6 months 5 6 16 22 1 65.2 1

One publication per named bridge (n = 713) 5 6 12 18 1 65.1 1

Full-text-verified codes for 52 studies 5 7 16 21 1 64.7 1

Source: Supplementary Table S4. Revised baseline = values reported in Sections 4–8. D4 and M3
values reflect the full-text recoding of two studies [59,103] (Table S3a); the submitted-ledger, first-pass,
and never-recoded rows are unaffected.

Benchmark reuse. Publication counts are not counts of independent validation events.

In total, 102 studies (12.8%) use one of 21 named bridges or benchmark datasets, including

40 that use Z24, 11 Old ADA, and 11 KW51. The effect is largest for damage authenticity:
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52 of the 61 A4 studies use a named benchmark, and counting each named bridge once

reduces A4 from 61 to 13 publications. Coding consistency was also checked across studies

of the same bridge. All Z24 and Old ADA studies carry the same R3/A4 codes; mixed

codes for KW51, Yonghe, and I-40 reflect studies that use FE models of these bridges instead

of their measured data. Two inconsistencies were found and corrected: a Powder Mill

Bridge study was recoded from A4 to A3, because its damage was simulated in a calibrated

FE model [108], and an S101 study was recoded from R4 to R3, because the S101 tests were

a dedicated controlled campaign [64].

9.2. Trustworthiness Trade-Offs and Boundary Cases

The five attributes are complementary, not additive. Physics integration excludes

implausible solutions but can transfer model-form error from uncertain material properties,

boundary conditions, or reduced-order assumptions [2,24]. Calibrated uncertainty on one

bridge does not establish transfer [95]. An attribution shows which measurements drive a

decision but is not proof of a structural cause [53]. Fusion adds synchronisation, covariance,

and missing-data dependencies [56,128], and environmental normalisation reduces false

alarms but can suppress damage-sensitive information [8,9]. The rarity of the U+X pair

(two studies) and of four-attribute studies (1) shows that these interactions have seldom

been evaluated together.

The low first-pass stability of E, U, and F arose from recurring boundary cases. Gaus-

sian noise added to simulated signals had been coded as E. Bayesian updating or proba-

bilistic wording with point outputs had been coded as U, whereas only studies reporting

posterior or predictive distributions for the inferred quantity, such as [95,117], qualify.

Serial hybrids such as CNN–long short-term memory (LSTM) networks had been coded

as F, whereas fusion requires separate information streams, as in multi-domain [13] or

decision-level fusion [56]. Supplementary Table S3 lists each recoded study. Because these

attributes are the most interpretation-sensitive, their prevalence values are conservative

lower bounds.

9.3. Practical Implications for Bridge Owners

The framework can be used as an evidence-screening checklist, not as a certification

score. Before adopting an AI-supported monitoring method, an owner can put seven

questions to the evidence behind it:

• Was the method validated numerically, in a controlled full-scale campaign, or on an

operating bridge? (R)

• Was real physical deterioration present, or was the damage simulated or injected? (A).

• Were temperature, traffic, wind, and other operating factors addressed? (E)

• Did the method work on a bridge other than the one it was developed on, and how

much data from that bridge did it need? (G)

• Is the uncertainty of the output quantified, and can the basis of a warning be explained?

(U, X)

• How long was the evaluation period? (T)

• Is the output linked to a defined inspection, intervention, or maintenance step? (M)

The corpus sets a baseline for these questions: fewer than 1 in 100 published studies

validate a method on an operating bridge with confirmed damage, about 1 in 50 demon-

strates transfer to another bridge, and about two in three report none of the trustworthiness

attributes. In risk-based schemes such as the Italian guidelines for existing bridges, which

assign attention classes and set inspection and monitoring requirements accordingly [129],

an M1 output can inform the condition record, an M2 output can trigger a special inspec-

tion or a change of attention class, and only an M3 output with stated uncertainty can
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inform intervention planning. Regulatory acceptance, procurement, liability, cybersecurity,

and acceptable-risk thresholds lie outside the M scale. The evidence reviewed supports

a human-in-the-loop workflow in which an AI alert is followed by engineering review,

targeted inspection or conventional NDT, and a structural decision.

9.4. Limitations

First, the 794 records are publications, not independent validation events, and bench-

mark reuse inflates the apparent breadth of the evidence, especially for A4. Second,

publication-level codes compress heterogeneous experiments, which is why combinations

are counted only within a validation case. Third, the corpus is restricted to English-language

journal articles, so null results, proprietary industrial systems, and unpublished operational

experience are under-represented. Publication bias would tend to overstate capability and

would therefore not weaken the finding that convergent evidence is scarce, but undocu-

mented field deployments could raise the R4, T2, or M2–M3 counts. Fourth, attributes are

coded from what is reported, so a missing code means that the evidence was not found.

Fifth, agreement between the original title/abstract decisions and an independent human

screener was moderate (κ = 0.43), and the 80 records that the human screener advanced

but the original screening excluded were not assessed at full text, so eligible studies may

be missing from the corpus. Sixth, the coding-stability and full-text verification statistics

measure consistency and accuracy against the source documents, not inter-rater reliability

between independent human coders; the verification indicates that M2 is over-coded and

D3, T1, and T2 are under-coded, and the 67 recall-audit additions were coded from abstracts.

Seventh, the bridge-primary boundary excludes generic-structure studies that use a bridge

as one of several test cases. Finally, T2 measures the span of evaluated data, not long-term

deployment, and the review covers only vibration and dynamic-response AI; GPR [5],

computer vision, ultrasonic and impact-echo testing, thermography, and acoustic emission

lie outside the quantitative denominator.

10. Conclusions

AI-based vibration assessment of bridges has demonstrated broad diagnostic capabil-

ity, but the evidence needed for deployment has not kept pace. Of 794 coded studies, only

six (0.8%) validate a method in service against confirmed physical change, and only one

of these, for two nearly identical neighbouring bridges, also transfers to an unseen bridge.

The specific findings are as follows:

(1) Diagnostic capability is concentrated in enabling inference and detection (D0 and D1:

67.8%); prognosis of structural condition (D4) is demonstrated in five studies (0.6%)

and must be distinguished from response forecasting.

(2) Validation realism and damage authenticity are independent. Numerical validation is

the largest category (45.5%), and in-service validation covers 30.7%, but confirmed

full-scale change appears in 61 studies, 40 of them on Z24, and in 13 when each named

bridge is counted once.

(3) Verified transfer to an unseen bridge or bridge population is demonstrated in

16 studies (2.0%), five of them in service.

(4) Environmental robustness is demonstrated in 21.8% of studies, and uncertainty

quantification, explainability, physics integration, and fusion each in 6.0% or fewer;

65.2% of studies demonstrate none of the five attributes, and uncertainty and explain-

ability occur together in two studies.

(5) Year-scale evaluation (T2, 20 studies), prognosis (D4, 5), and maintenance decision

support (M3, 1) are rare, and none of the 13 classifiable T2 studies operated a fixed

model prospectively.
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These findings hold across ten sensitivity scenarios, including first-pass codes, the

stable-coded subset, alternative authenticity and temporal thresholds, benchmark-collapsed

counts, and full-text-verified codes.

Five research directions follow from these gaps; each tied to the dimensions it

would raise:

(i) Prospective validation of locked models on in-service bridges with independently

documented deterioration (R4, A4, T2);

(ii) Transfer tests on held-out, structurally dissimilar bridges, with stated target-data

budgets and tests for negative transfer (G2/G3);

(iii) Calibrated uncertainty and domain-shift detection that allow a model to abstain out-

side its validated range, evaluated jointly with explainability and physics integration

so that the trade-offs between trustworthiness attributes are measured (U, E, X, P);

(iv) Longitudinal prognosis verified against later inspection and linked to a defined

maintenance decision (D4, M3);

(v) Shared multi-bridge datasets with documented damage provenance and time-

separated blind evaluation, together with reporting standards that make the

D/R/A/G/T/M evidence of each new study explicit.

The framework used here gives a reproducible way to tell methodological promise from

engineering validation, and to plan studies around the evidence that deployment requires.
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Abbreviations

The following abbreviations are used in this manuscript:

AI Artificial intelligence

CNN Convolutional neural network

D0–D4 Diagnostic capability (enabling inference to prognosis)

R1–R4 Validation realism (numerical to in-service)

A0–A4 Damage authenticity (none to confirmed full-scale physical change)

G0–G3 Generalisation (same structure to bridge population)

T0–T2 Temporal maturity (evaluated data span)

M0–M3 Engineering-use maturity (algorithmic output to decision support)

E, U, X, P, F
Trustworthiness attributes: environmental and operational robustness, uncertainty

quantification, explainability, physics integration, information fusion
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ZS, UT, FS, ST
Target supervision: zero-shot, unsupervised target information, few-shot labelled

target data, supervised retraining

EOV Environmental and operational variability

FE Finite element

GPR Ground-penetrating radar

InSAR Interferometric synthetic aperture radar

LSTM Long short-term memory

ML Machine learning

NDT Nondestructive testing

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses

RMSE Root-mean-square error

SHM Structural health monitoring

UQ Uncertainty quantification

VBI Vehicle–bridge interaction

XAI Explainable artificial intelligence
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