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Structural health monitoring systems are essential to support dam safety assessment, especially as ageing
processes and changes in environmental conditions increase uncertainty in the long-term performance of these
strategic infrastructures. In recent years, Artificial Intelligence (AI), particularly machine learning, has been
increasingly applied to support the interpretation of monitoring data, driven by advances in algorithms as well
as improvements in data acquisition and management.

Most existing reviews on Al applications in dam engineering either adopt broad perspectives covering
multiple disciplines or focus on specific techniques. In contrast, this article provides a surveillance-oriented
narrative review, organizing the literature according to the main components of dam monitoring and the types
of data involved, rather than exclusively by algorithm families.

Three complementary areas are considered: continuous monitoring based on point-wise time series, vision-
based inspection using RGB images, and full-field non-destructive testing based on optical techniques, with
particular attention to infrared thermography and digital image correlation and the role of their outputs in
supporting numerical model updating. For each area, the review discusses the surveillance tasks addressed,
the types of methods currently adopted, and their main advances and limitations. Finally, open challenges
and future research directions are outlined, with a focus on data integration, physical consistency, and
interpretability.

1. Introduction instrumental acquisition of environmental actions and structural re-

sponses, together with their systematic interpretation, forms the core of

Most concrete dams worldwide are approaching or have exceeded
their original design life, while continuing to play a critical role in flood
protection, water resources management, and energy production. Over
time, these structures are affected by progressive material deterioration
processes, such as cracking, expansion phenomena, and surface degra-
dation, which gradually reduce mechanical performance and safety

Structural Health Monitoring (SHM), a concept widely adopted across
different types of civil infrastructure. SHM supports the assessment of
structural condition through the analysis and recognition of patterns
in measured data, following a hierarchical progression from damage
detection to damage identification [8,9].

margins [1,2]. At the same time, climate change is modifying environ-
mental actions and operating conditions by altering hydrological loads
and thermal regimes, thereby increasing the uncertainty associated
with dam response [3]. The combined effects of structural ageing and
climate change have been shown to significantly influence the risk of
dam failure [4,5].

These challenges reinforce the importance of surveillance in dam
safety practice, which combines visual inspections with instrumen-
tal measurements and, in some cases, non-destructive and destruc-
tive testing, as outlined in international guidelines [6,7]. Continuous

Within SHM, data-driven pattern-recognition approaches have pro-
gressively complemented traditional interpretation methods based on
numerical models and classical statistical analyses, with Machine Learn-
ing (ML) playing an increasingly central role. Early applications of
ML in dam engineering primarily focused on modelling normal struc-
tural behaviour from long-term monitoring time series and on sup-
porting anomaly detection through the identification of deviations
from expected responses under given environmental and operational
conditions [10].
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Fig. 1. Number of publications per year retrieved from a Scopus-based search
on artificial intelligence applications in dam monitoring.

Recent developments in sensing technologies and data science have
driven a rapid increase in research on Al applications in dam moni-
toring. A Scopus keyword-based search using terms related to dams,
monitoring, and artificial intelligence shows a clear growth in con-
tributions, with a marked acceleration after 2020, as illustrated in
Fig. 1. Consistently, a keyword co-occurrence analysis of the same
dataset highlights the evolving structure of the field, as shown in Fig. 2:
machine learning remains central, while Deep Learning (DL) has gained
prominence in recent studies, with strong connections to emerging
topics such as computer vision, convolutional neural networks, and
remote sensing. Both ML and DL are applied to core SHM tasks,
including deformation prediction and damage detection. In addition,
DL further supports the analysis of more complex data sources, such
as UAV-based image data and full-field measurements, complementing
traditional monitoring records [11].

Several review papers have examined Al in dam engineering from
broad, system-level perspectives. These works typically organize Al ap-
plications according to engineering domains and life-cycle stages, cov-
ering areas such as hydrological forecasting, energy optimization, de-
sign, operation, and risk assessment, often in combination with emerg-
ing digital technologies [12,13]. In this context, monitoring and surveil-
lance are treated as one component within a wider technological frame-
work, rather than as a dedicated focus.

Within dam monitoring, earlier review studies are rooted in the
traditional distinction between static and dynamic monitoring [14].
However, unlike bridge engineering, where dynamic monitoring is
often more informative, static approaches are more frequently adopted
in the context of dams, whose structural response is predominantly
governed by slowly varying seasonal actions. Building on this founda-
tion, a substantial body of review literature focuses on the modelling
of static dam behaviour, where statistical and ML approaches are pri-
marily examined as predictive tools, with emphasis on methodological
aspects such as validation and accuracy [15,16]. Other reviews adopt a
broader, model-oriented perspective, comparing numerical, statistical,
ML, and hybrid approaches within SHM decision-making contexts, and
including considerations on non-destructive testing techniques [17,
18]. Additional contributions adopt a method-centric organization,
analysing ML and DL techniques primarily by algorithm families, with
limited distinction among monitoring applications and data types [19].

Complementary to point-wise monitoring, the use of vision-based
information has been addressed through a separate body of literature.
Reviews explicitly focused on vision-based inspection of dams remain
limited, with only a few contributions dedicated to aspects such as
image enhancement and concrete defect detection [20]. In contrast,
numerous studies addresses visual problems, mainly related to surface
damage and crack detection, from a purely algorithmic perspective on
generic concrete structures [21,22].

Overall, existing surveys tend to adopt either very broad perspec-
tives, covering Al applications across multiple domains, or highly spe-
cific viewpoints focused on individual data sources or methodological
aspects. Instead, this paper aims to provide a surveillance-oriented
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synthesis, focusing on how Al supports key surveillance tasks such as
anomaly detection, damage detection and identification, and the inter-
pretation of evolving structural behaviour. The literature is organized
according to the three main components of dam surveillance, each
associated with a specific type of data: point-wise monitoring time
series, visual and imaging data, and full-field measurements providing
spatially distributed physical information, such as displacement or
temperature fields. These full-field measurements are typically obtained
through advanced non-destructive measurement techniques (e.g. dig-
ital image correlation and infrared thermography) and complement
point-wise monitoring and visual inspection.

After introducing the background on dam monitoring practices and
the adopted review approach in Section 2, Section 3 examines ML and
DL methods for time-series modelling and anomaly detection. Section 4
focuses on vision-based approaches for surface damage identification,
while Section 5 addresses the integration of full-field measurements
with Al for damage assessment and model interpretation. Each section
concludes with a discussion of current limitations, practical deployment
considerations, and future research directions. Finally, Section 6 sum-
marizes the main findings and outlines perspectives for Al-based dam
SHM.

2. Background and review methodology
2.1. Structural health monitoring of dams

Dam performance is defined as the structural and hydraulic re-
sponse to operational and environmental loads, including reservoir
level variations, thermal actions, and, in some cases, seismic excitation.
Surveillance primarily refers to visual inspections aimed at identifying
surface anomalies and unexpected changes, whereas monitoring in-
volves the acquisition of quantitative data to assess the response of the
structure. Together, they provide complementary information to com-
pare observed behaviour with that expected from design assumptions
or predictive models.

Monitoring systems link measured variables to physical processes
and, ultimately, to potential failure mechanisms [23]. The variables
used to characterize the mechanical response of dams include: (i) dis-
placements, measured through geodetic surveys, pendulums, or incli-
nometers; (ii) temperature at discrete points, obtained from embedded
thermometers or thermistors, as spatial temperature gradients induce
deformations and stress redistribution, particularly in arch dams; (iii)
stress—strain conditions, measured through strain gauges, describing the
internal state of the material; and (iv) joint or crack opening, measured
using extensometers or joint metres.

Similarly, hydraulic variables are measured to characterize internal
flow processes and their impact on stability, which are particularly
important for certain types of dams, such as embankment dams. These
include: (i) pore and uplift pressures, measured using piezometers,
influencing effective stresses within the dam and its foundation; and
(ii) seepage quantities, obtained from flow measurements, providing in-
sight into flow paths and their evolution, potentially indicating internal
erosion or leakage.

Traditional dam surveillance systems rely primarily on displacement
measurements collected at local instrumented points. Consequently,
much of the reviewed literature focuses on predictive modelling and
anomaly detection based on these point-wise displacement time series,
while hydraulic-related applications are covered less extensively and
are often more case-specific.

Complementary investigations include destructive tests and non-
destructive techniques, such as ultrasonic testing and infrared thermog-
raphy, which provide additional insight into both mechanical response
and hydraulic conditions.

The effectiveness of surveillance and monitoring is governed by
how data are acquired, processed, and interpreted. Visual inspections
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Fig. 2. Keyword co-occurrence network obtained from the same Scopus dataset using VOSviewer. Node size is proportional to keyword frequency, while links

indicate co-occurrence relationships.

are conducted periodically and after significant events, while instru-
mented data are collected manually or automatically at frequencies
adapted to each parameter [24]. Measurements are evaluated against
expected behaviour and predefined thresholds. Exceedances trigger
further investigation, intensified monitoring, or immediate actions. This
evaluation—decision-action process is central to dam safety manage-
ment and is increasingly supported by data-driven approaches to handle
complex and heterogeneous datasets.

2.2. Review approach

This review adopts a narrative approach, where literature selection
was guided by thematic relevance rather than a fully systematic proto-
col. The Scopus database was used as the primary tool to support the
search process. In this context, the TITLE-ABS-KEY field was queried to
retrieve expressions from titles, abstracts, and author keywords.

The search strategy was defined iteratively. An initial query based
on general expressions related to dams, monitoring, and artificial in-
telligence was used as a preliminary screening of the literature. Subse-
quently, more targeted searches were developed separately for each of
the selected dam monitoring domains.

For each domain, the query structure was based on the combination
of elements describing the structural context, the monitoring or mea-
surement aspects, data-driven methods, and task-specific objectives.
Keywords within each group were connected using OR operators, while
different groups were combined using AND operators.

As an example, a representative query for point-wise monitoring
combined the following keywords in the TITLE-ABS-KEY field: (dam
OR “concrete dam*” OR “arch dam*”’) AND (monitoring OR “‘structural
health monitoring” OR SHM OR “dam monitoring” OR “dam safety”)
AND (“machine learning” OR “deep learning” OR ‘data-driven” OR
“support vector machine*” OR “random forest” OR “boosted regression
tree*”’) AND (“anomaly detection” OR prediction OR “displacement
prediction” OR “behaviour prediction”).

For vision-based inspection, the search focused on concepts re-
lated to image acquisition, such as visual inspection, image process-
ing, remote sensing, and UAVs, and linked them to computer vi-
sion techniques including segmentation, object detection, and convolu-
tional neural networks, as well as to application-related keywords such
as crack detection and damage identification. The same query struc-
ture was applied to full-field measurements, considering techniques
such as infrared thermography and digital image correlation, together
with data-driven methods and terms describing anomalous conditions,
including damage, defects, and seepage.

When the number of retrieved studies was limited, the search strat-
egy was adapted by relaxing some constraints, for example by using
more general expressions or simplifying the combination of keyword
groups.

3. Al for point-wise dam monitoring

In dam safety monitoring, anomaly detection is predominantly
based on long-term point-wise measurements of the variables intro-
duced in Section 2, with displacements and seepage-related quantities
being the most commonly analysed.

Within this context, ML algorithms are primarily used to model the
healthy-state behaviour of individual monitoring variables. Anomaly
detection is then performed by analysing residuals, defined as the
difference between measured responses and model predictions, and by
evaluating their significance through statistical or model-based decision
rules.

An illustrative example of single-variable behaviour modelling using
a data-driven approach, together with the corresponding residual com-
putation, is shown for two displacement variables of an Italian dam in
Fig. 3.

Unlike vibration-based SHM, where ML is often applied directly
for anomaly or damage pattern recognition, dam monitoring typically
relies on it as a preliminary step preceding the actual diagnostic stage.
More direct pattern-recognition strategies arise only when multiple
monitoring variables are analysed jointly in a multivariate setting.
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Fig. 3. Example of single-variable behaviour modelling and residual analysis for two displacement measurements. The upper panels (a-b) show measured and
predicted responses, while the lower panels (c-d) report the corresponding residuals over training and testing periods.

Source: Adapted from [25].
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The present section is structured to reflect this diagnostic progres-
sion, moving from single-variable behaviour modelling and threshold-
based anomaly detection to multivariate analysis.

3.1. Single-variable diagnostic modelling

Single-variable modelling approaches can be broadly classified ac-
cording to how temporal information is incorporated into the predictive
formulation. Two distinct perspectives can be identified. The first con-
siders regression models in which environmental and temporal effects
are explicitly represented through engineered predictors derived from
monitoring data, and the structural response is expressed as a function
of these features. The second includes sequence-learning models, where
monitoring records are treated directly as time series and tempo-
ral dependencies are learned implicitly from sequential data. Within
each perspective, both ML and DL techniques are considered and
further grouped into methodological families according to their un-
derlying learning principles. This conceptual organization is illustrated
schematically in Fig. 4.

Independently of the specific modelling approach, model implemen-
tation follows a common procedure structured into training and testing

phases. Accordingly, monitoring data are partitioned into correspond-
ing subsets: the training set is used for model fitting, while the testing
set is reserved for the final performance assessment. A validation phase
may also be included for model selection and hyperparameter tuning.

Model performance is primarily assessed on the testing set using
standard error metrics, including the Mean Absolute Error (MAE), the
Root Mean Square Error (RMSE), its normalized form (NRMSE), and
the coefficient of determination (R?). Normalization is typically based
on the range of the training data and allows comparability across
variables.

3.1.1. Feature-based regression models

Data-driven modelling of dam behaviour has traditionally relied
on regression-based approaches, in which the structural response is
expressed as a function of environmental and operational variables.
Early developments were based on statistical regression models, with
the Hydrostatic-Seasonal-Time (HST) formulation representing the his-
torical reference [26]. In this approach, dam displacement is decom-
posed into hydrostatic, seasonal, and long-term irreversible components
through predefined functions, providing a simple and interpretable
baseline.
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Several extensions have been proposed to improve the representa-
tion of thermal effects. One group modifies the original formulation
by introducing simplified heat-transfer-based representations, leading
to models such as HTT (Hydrostatic-Temperature-Time) and related
variants (HST-Grad, HST-Layer) [27-30]. Another group incorporates
measured air temperature directly into the regression model, resulting
in the HSTT (Hydrostatic-Seasonal-Time-Temperature) formulation,
where daily temperature records enhance the empirical description
of thermal loading [31-33]. More recent developments combine sta-
tistical regression with thermo-mechanical analyses by integrating Fi-
nite Element (FE) derived response components into the regression
framework [34,35].

The HST model can be interpreted as a multilinear regression based
on predefined predictors, while ML methods provide greater flexibility
by learning nonlinear relationships directly from data. Among ML tech-
niques, Neural Networks (NNs) were among the earliest approaches and
are acknowledged in international guidelines [7]. Early applications
relied on simple architectures such as Multilayer Perceptrons (MLPs)
and Radial Basis Function Networks (RBFNs) [36,37]. More efficient
formulations were later explored, including Extreme Learning Machines
(ELMs) and their adaptive variants (e.g., AF-ELM), which address non-
stationary behaviour through forgetting mechanisms [38]. Extensions
incorporating Mean—Variance Estimation (MVE) also enable the direct
estimation of prediction uncertainty [39,40].

Kernel-based methods, including Support Vector Regression (SVR),
have been widely applied, showing good generalization when prop-
erly calibrated [41,42]. Variants such as Kernel ELM (KELM) and
multi-output formulations have been proposed to improve predictive
performance and enable the joint prediction of multiple monitoring
points [43-45].

Tree-based ensemble models, particularly Random Forests (RF) and
Gradient Boosted Regression Trees (GBRT), have gained increasing at-
tention due to their robustness, ability to handle heterogeneous inputs,
and limited preprocessing requirements. Comparative studies show
a favourable balance between accuracy and complexity, with recent
work highlighting differences among implementations such as XG-
Boost, LightGBM, and CatBoost [46,47]. These models also provide
useful interpretability through feature importance and partial depen-
dence analysis, and have been employed for data-driven threshold
definition [48,49].

Within the probabilistic ML family, Gaussian Process Regression
(GPR) and Relevance Vector Machines (RVM) provide both predic-
tions and explicit uncertainty quantification. GPR models have been
used to describe dam displacements as functions of hydraulic, ther-
mal, and temporal effects, with particular attention to kernel selec-
tion [50], while an optimized RVM enabled sparse Bayesian solu-
tions and achieved improved predictive accuracy compared with other
methods [51].

More recently, DL models have been introduced. Convolutional
Neural Networks (CNNs) have been applied as regression models by
processing structured input features derived from HST variables [52].
In parallel, fully convolutional architectures have been proposed to
predict spatiotemporal deformation fields from physically meaningful
inputs such as hydrostatic pressure and temperature, providing predic-
tion at both monitored and unmonitored locations [53]. In these cases,
CNNs operate on structured spatial or feature representations rather
than directly modelling temporal sequences.

From a quantitative perspective, the comparison results reported
within the literature confirm the absence of a consistently superior ML
model. In Babadi et al. [47] RF-based models achieve a MAE of 3 mm,
slightly outperforming the compared NN model, which shows values
of 3.8 mm. Similarly, Mata et al. [54] report only limited differences
among SVR, NN, and RF, with MAE values ranging from 1.8 mm to
2 mm. In Alocén et al. [55], RMSE values range from 0.5 mm to 2 mm
across different pendulum records from three dam case studies, again
with no model consistently outperforming the others. Notably, among
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the time series analysed in that study, HST performs comparatively
better for the two records characterized by strong temporal trends and
limited data availability, suggesting a potential advantage under ex-
trapolation conditions. Under standard conditions, ML models generally
achieve better performance, although this advantage remains strongly
dependent on calibration.

In particular, SVM and NN-based models are more sensitive to
hyperparameter selection, whereas tree-based methods tend to be more
robust to non-informative inputs and less sensitive to tuning. This
has motivated the adoption of model-combination strategies, in which
multiple model outputs are aggregated through weighted schemes to
improve robustness and reduce extreme prediction errors [56].

Overall, comparison across case studies remains challenging, as
results are often driven more by data-related choices, such as input
definition, training period, and testing conditions, than by the mod-
elling technique itself, with further variability arising from differences
in signal characteristics (e.g., stationary or non-stationary behaviour).

Recent research has also expanded toward complementary aspects,
particularly multi-output prediction and uncertainty-aware approaches.
Multi-output strategies have been explored either through partition-
based grouping of monitoring points or through CNN-based represen-
tations of spatial fields [45,53]. At the same time, increasing attention
is being paid to uncertainty-aware formulations, capable of directly
estimating prediction intervals.

Traditionally, uncertainty handling and early-warning definition in
dam behaviour modelling have relied on residual-based thresholding
applied to deterministic regression models, where uncertainty is in-
ferred a posteriori from residual statistics. Common practices include
thresholds based on residual standard deviation, empirical quantiles,
or historical envelopes derived from training data [32,57,58].

Within this framework, several recent contributions have proposed
adaptive residual-based strategies, which retain deterministic regres-
sion models but allow warning thresholds to evolve in response to
changing conditions. For instance, one approach introduces adaptiv-
ity in the time domain by using moving statistics of the residual
sequence computed over sliding windows [59], whereas another modu-
lates threshold width according to local data density in the input space,
combining regression models with density estimation techniques [60].

In parallel with these developments, beyond fully Bayesian ap-
proaches, a growing number of studies have extended determinis-
tic regression models by directly incorporating prediction intervals
or uncertainty bounds within the modelling phase. These include
bootstrap-based methods, which propagate data uncertainty through
resampling [61]; quantile regression techniques, which estimate con-
ditional bounds of the response distribution without distributional
assumptions [62]; and variance-aware learning schemes, in which
dispersion is jointly estimated with the mean response during model
training [40].

The ML and DL regression families discussed in this section, to-
gether with their corresponding methods, representative references,
and, where applicable, associated warning strategies, are presented in
Table 1.

3.1.2. Sequence-learning models

A complementary formulation of feature-based regression models
considers dam monitoring records primarily as time series, focusing
on their temporal structure. In this perspective, early modelling ap-
proaches originated from classical statistical methods. In particular,
AutoRegressive Integrated Moving Average (ARIMA) models and their
seasonal extension, Seasonal ARIMA (SARIMA), have been applied
to dam displacement prediction, showing satisfactory performance in
reproducing trends and recurring seasonal patterns typical of long-term
monitoring data [65,66].

Building on these formulations, hybrid schemes combining
regression-based components and SARIMA remain in use. Recent con-
tributions include industrial-oriented MLR-SARIMA tools, in which a
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Table 1
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Overview of machine learning and deep learning regression models for dam behaviour prediction.

Model family ML method

Output

References Warning strategy

Neural networks MLP, RBFN, ELM, hybrid HST-NN

Adaptive NN AF-ELM, AF-OS-ELM-MVE
Kernel-based SVR, KELM, LSSVM

Multi-output kernel-based Partition-based MSVM

Tree-based ensembles RF, GBRT

Bayesian/probabilistic ML GPR, RVM

CNN CNN + Fully Connected NN
Fully CNN

Ensemble/model combination Stacking, greedy weighted stacking

Single output

Single output

Residual-based thresholds
(moving statistics) [59]

[36-38,59,63]

Single output [39,40] Mean Variance Estimation (MVE)
[40]

Single output [41-44,61] Bootstrap-based prediction
intervals [61]

Multiple outputs [45] -

[46-49,60,62,64] Adaptive residual thresholds [60],

Quantile regression [62]

Single output [50,51] Probabilistic prediction
Single output [52] -
Continuous field [53] -
Single output [55,56] -
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Fig. 5. Comparison between a standard RNN cell and an LSTM cell.

Source: Adapted from [69].

correlation analysis between displacement and reservoir level is used
to guide the regression formulation, and the outputs of the regression
and SARIMA models are combined through weighted aggregation [67].
Another study proposes SARIMA-Neural Network hybrid, where a NN
is employed to correct systematic prediction errors of the SARIMA [68].

Beyond classical statistical formulations, DL models explicitly de-
signed for sequential data have been increasingly applied to dam mon-
itoring. Recurrent Neural Networks (RNNs) are among the most widely
adopted for time-series prediction, as they propagate information across
time steps through recurrent connections.

Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
architectures represent structured extensions of the classical RNN. A
schematic comparison between a standard RNN cell and an LSTM cell
is shown in Fig. 5. Both LSTM and GRU introduce learnable gating
mechanisms that regulate information flow, mitigating vanishing gra-
dient effects and improving the modelling of temporal dependencies in
non-stationary signals.

GRU models adopt a simplified gating structure with fewer param-
eters, which makes them attractive for large-scale or near-real-time
monitoring applications [70]. LSTM networks, by contrast, incorporate
an explicit memory cell that enhances the modelling of long-range
dependencies and delayed environmental effects. Applications in dam
monitoring include both deterministic and probabilistic implementa-
tions, as well as cases where training is supported by synthetic data
generated from numerical models [71-73].

Other studies focus on input representation strategies, such as di-
mensionality reduction via Principal Component Analysis (PCA), com-
pared with the more commonly adopted use of moving-average tem-
perature indicators over multiple time windows [74]. More recently,
bidirectional LSTM architectures have been explored to exploit infor-
mation from both past and future temporal contexts within a sliding
window [69].

Several approaches further combine recurrent architectures with
convolutional feature extraction. In CNN-LSTM and CNN-GRU frame-
works, convolutional layers are used to extract local temporal fea-
tures from multivariate monitoring sequences before recurrent mod-
elling [75,76]. In practice, convolution can be implemented either as a
one-dimensional operation with the input variables treated as separate
channels, or as a two-dimensional convolution in which the kernel
spans the full feature dimension and slides only along the temporal axis.
Both formulations are commonly used in the literature.

Several variations of these hybrid architectures have been devel-
oped. For example, some approaches extend the commonly used input
factors by incorporating spatial dependencies through preprocessing
steps such as clustering of monitoring points and decomposition of
shared components, which are then used as additional inputs and
weighted over time via attention mechanisms [77]. Other studies show
that CNN-LSTM structures remain effective in the presence of com-
plex damage-related phenomena, such as crack opening displacements,
when appropriate feature screening is applied [78]. In another case,
dual-stage architectures further refine the CNN-LSTM configuration
by combining convolutional networks and LSTM units with a second
recurrent stage trained on the residuals of the initial prediction to
capture remaining stochastic components [79].

Another class of time-series models investigated in dam monitoring
consists of encoder—decoder sequence to sequence (Seq2Seq) architec-
tures equipped with attention mechanisms. In one approach, LSTM
units form the encoder—decoder backbone and are combined with
dual-stage attention to weight relevant hydrostatic, thermal, and time-
related information [80]. In another, the Seq2Seq structure is built on
a simplified recurrent unit, the Tiny Gated Unit (TGU), which reduces
model complexity while retaining the ability to capture nonlinear
temporal dependencies [81].

From a comparative perspective, sequence-learning models gen-
erally outperform traditional machine learning approaches, as they
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Table 2
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Overview of time-series-based machine learning and deep learning models for dam behaviour prediction.

Model family ML method Output References Warning strategy
Statistical time-series models ARIMA, SARIMA Single output [66] -
Hybrid SARIMA-based models MLR-SARIMA, SARIMA-NN Single output [67,68] -
Recurrent neural networks (GRU) GRU Single output [70,82] -
Recurrent neural networks LSTM, Bi-LSTM, Bayesian LSTM Single output [69,73] Quantile regression,
(LSTM and variants) conformal calibration [69]
CNN-RNN hybrid architectures CNN-LSTM, CNN-GRU Single output [75,76] -
Extended CNN-RNN architectures Attention-based CNN-LSTM, Single output [77-79] -

Dual-stage CNN-LSTM,
Seq2Seq with attention LSTM-Seq2Seq, TGU-Seq2Seq Single output [80,81] Quantile regression [81]

exploit both causal variables and the temporal evolution of the target
signal. This trend is consistently observed across studies. For instance,
in Hua et al. [75], where uplift pressure is predicted, MAE values
decrease from about 0.83-0.89 m for ML models (SVM and NN) to
values in the range of 0.15-0.23 m for deep learning models (CNN-GRU
and GRU). Similarly, in Huang et al. [80], the error for a displacement
variable reduces from about 1.04-1.17 mm to approximately 0.57 mm
with advanced DL configurations.

LSTM and GRU models typically provide comparable performance,
with no clear dominance of one over the other. However, hybrid ar-
chitectures incorporating convolutional layers or attention mechanisms
can yield further improvements. In Hua et al. LSTM and GRU achieve
MAE values in the range of 0.23-0.33 m, while a CNN-GRU model
reduces the error to about 0.15 m. In Huang et al. the transition
from standard LSTM models (RMSE in the range of 0.80-0.92 mm) to
Seq2Seq models leads to values around 0.55-0.57 mm.

Despite the inherent feature extraction capability of DL models,
performance remains strongly dependent on the richness of the input
data. In Cao et al. [77], a CNN-BiGRU-attention model achieves a
MAE of about 0.30 mm when both load factors and spatially correlated
displacements are included. The error increases to 0.77-0.95 mm when
part of this information is removed, and up to 1.39 mm in purely
autoregressive configurations. However, the inclusion of multiple het-
erogeneous inputs reduces transparency. Unlike traditional ML, where
predefined variables (e.g., moving averages) allow a clearer interpreta-
tion of delayed effects, DL models learn these dependencies implicitly,
making it more difficult to identify the driving factors behind the
predictions.

Finally, also in this context, research has expanded toward comple-
mentary aspects, particularly the definition of prediction limits. These
are typically based on quantile formulations, consistent with those
used in regression-based settings (Section 3.1.1). For example, in the
Seq2Seq-based study [81], the model is trained to predict conditional
quantiles of the displacement response, directly yielding prediction
intervals. Similarly, in the Bi-LSTM case [69], quantile regression is
combined with conformal calibration, whereby the predicted bounds
are adjusted using calibration residuals to improve interval reliability
and achieve the desired coverage level.

An overview of the ML and DL sequence models reviewed in this
section is provided in Table 2.

3.2. Multivariate anomaly detection

The limitations of single-variable anomaly detection are overcome
by multivariate approaches that account for the joint behaviour of
multiple monitoring variables. Early studies addressed this problem
through supervised classification using labelled datasets generated from
numerical simulations. Representative examples include the work of
Mata et al. [28], who combined PCA and Linear Discriminant Analyses
(LDA) on pseudo-experimental displacement data, and the subsequent
study by Salazar et al. [83], who applied RF for multi-class damage
classification based on scenarios generated by imposing displacements
on abutments in FE simulations. While effective, these approaches are
limited by their reliance on data representing predefined damage cases.

To reduce the need for labelled samples, unsupervised formula-
tions trained on healthy-state observations have also been explored,
for example through the application of one-class SVM to multivariate
displacement vectors derived from simulated arch dam crack scenar-
ios [84].

A different family of unsupervised approaches is represented by
clustering-based strategies, which have been mainly investigated as
tools for spatio-temporal pattern analysis rather than as standalone
anomaly detection methods. Chen et al. [85] proposed a spatio-temporal
fuzzy clustering method to identify zones with homogeneous deforma-
tion behaviour across different time periods. Building on this concept,
Wang et al. [86] introduced a modified DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) formulation capable of identify-
ing dense behavioural regions without requiring a predefined number
of clusters. Lei et al. [87] further extended clustering toward anomaly
interpretation by defining reference spatial deformation patterns and
associated admissible envelopes, such that deviations combined with
temporal anomaly detection can be interpreted as abnormal behaviour.
Finally, Mata et al. [59] employed DBSCAN on multivariate residual
features derived from prior NN models, explicitly using clustering for
novelty detection. Overall, clustering-based methods in dam monitor-
ing have been predominantly adopted as exploratory tools, with only
limited extensions toward explicit anomaly detection.

More recently, DL has been used for multivariate anomaly detec-
tion through reconstruction-based and similarity-based formulations. In
reconstruction-based approaches, Autoencoders (AEs) are trained under
normal operating conditions to reproduce the multivariate structural
response, with anomalies identified as deviations between observed and
reconstructed data through thresholded reconstruction errors. How-
ever, their effectiveness depends not only on the model architecture,
but also on how anomaly scores and thresholds are defined.

Nogara and Salazar [88] provide an example of an AE-based method
in which each input consists of all monitored displacements at a given
observation time. In this setting, the model implicitly learns the correla-
tions among variables. Anomalies correspond to small, damage-induced
structural variations, and detection is performed using variable-wise
residuals rather than a global reconstruction error. This leads to im-
proved sensitivity compared to the conventional approach and also
enables damage localization. Nevertheless, the validation is entirely
based on synthetic FE-generated data.

More complex architectures have been proposed, although they are
often evaluated in simplified settings, where anomalies are introduced
as point-wise or short-term offset variations rather than physically
consistent damage scenarios. Shu et al. [89] present a Spatio-Temporal
Variational Autoencoder (STVAE), a generative model combining re-
current structures and graph-based representations to capture tem-
poral evolution while explicitly modelling relationships among vari-
ables through a graph structure. This allows both temporal and spatial
anomalies to be detected. From a quantitative perspective, the model
achieves very high precision (0.996), comparable to that of SVAE
(Sequential VAE) and CNN-AE, while improving recall (0.48 com-
pared with 0.24-0.36), leading to higher F1 scores. It also outperforms
standard AEs and traditional statistical models such as ARIMA. How-
ever, these results are influenced by heterogeneous and model-specific
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Overview of anomaly detection approaches for dam monitoring, organized by learning paradigm.

Progress in Engineering Science 3 (2026) 100308

Learning family Reference

Method

Type of anomaly

Mata et al. [28]
ML - Supervised — Classification
Salazar et al. [84]

Salazar et al. [83]

PCA + LDA
RF, SVM, One-class SVM (unsupervised)

RF

Simulated structural damage
(failure scenarios)

Simulated structural damage
(crack scenarios)

Simulated structural damage
(foundation/abutment slip)

Chen et al. [85]
Wang et al. [86]
Lei et al. [87]

Mata et al. [59]

ML - Unsupervised — Clustering

Spatio-temporal fuzzy clustering
Modified DBSCAN

Hierarchical clustering + envelopes
DBSCAN on residual features

Behavioural zoning
Behavioural zoning
Measurement anomalies
Measurement anomalies

Wang et al. [90]

DL - Supervised — Contrastive learning Tutivén et al. [91]

Spatio-temporal contrastive learning
Siamese neural network (binary classification)

Measurement anomalies
Simulated structural damage
(crack scenarios)

Shu et al. [89]

DL - U ised — Reconstructi
nsupervise econstruction Kal‘lg et al. [92]

Spatio-temporal variational autoencoder
MemAE-GAN

Measurement anomalies
Measurement anomalies

threshold definitions, which are not standardized across methods, al-
though the comparison remains indicative of the potential of this
approach.

A further development is represented by the integration of adver-
sarial learning within AE-based frameworks. In this direction, Kang
et al. [92] develop a MemAE-GAN model, combining memory-
augmented autoencoders with adversarial training, where a discrim-
inator network is used to amplify discrepancies between real and
reconstructed data. These approaches, also belonging to the broader
class of generative models, aim to learn more expressive representa-
tions of normal behaviour. In the presented application, the model is
applied at the level of individual measurement points and achieves
very high performance. For one of the two analysed monitoring points,
accuracy is 0.97 and F1 score is close to 0.98, slightly improving over
AE-based variants and clearly outperforming classical ML methods.
However, these results rely on synthetically generated anomalies to-
gether with Receiver Operating Characteristic (ROC)-based threshold
calibration, which introduces an implicit level of supervision. More-
over, the performance is obtained in a point-wise setting, without
exploiting multivariate dependencies.

A different strategy is adopted by similarity-based DL methods,
which focus on on learning representations in a latent space rather than
reconstructing the input. The model is trained on pairs of samples to
map normal observations close to each other while pushing dissimilar
ones farther apart, typically through a contrastive loss and shared
encoding branches. After training, anomaly detection is performed
based on distances in the learned embedding space or via a downstream
classifier.

In dam monitoring applications, a spatio-temporal contrastive strat-
egy has been proposed by Wang et al. [90], where multivariate time
sequences are used to learn representations capturing both temporal
evolution and inter-sensor relationships. The model is first pretrained
in a self-supervised manner, exploiting unlabelled data, and then fine-
tuned with a limited amount of labelled data, still requiring some
supervision in the final stage. The method achieves accuracy and
precision above 95% and F1 scores above 80% in most of the analysed
measurement points.

Another study within this category formulates damage recognition
as a supervised binary classification problem using a Siamese Neural
Network (SNN) [91] and a dataset derived from a simulated cracked
dam, where multivariate sequences are compared to learn a similar-
ity function between normal and anomalous behaviour. In this case,
the availability of labelled data is central to the training process,
as pairs of samples must be explicitly constructed. Compared with
ML classification methods such as RF and SVM, which show variable
performance across scenarios, the SNN achieves more consistent results,
with accuracy close to 100% in most cases and around 94% in the

most challenging one, particularly improving generalization to unseen
anomaly classes.

Overall, these works indicate that DL-based approaches can outper-
form classical supervised and unsupervised ML methods for anomaly
detection. A structured overview of the reviewed contributions is pro-
vided in Table 3, where the methods are organized according to their
learning strategy.

3.3. Advances and open challenges

The literature on Al-based point-wise dam monitoring shows a clear
methodological evolution from static input-output relationships toward
the learning of complex temporal patterns, driven by recent advances in
DL. This transition is also associated with a shift from single-output to
multi-output formulations, enabling a more comprehensive representa-
tion of the structural response. More recently, generative Al approaches
have introduced a further step, with Large Language Models (LLMs)
enabling flexible representations of time series by treating them as
structured sequences and integrating multisource monitoring data [93].

A similar transition can be observed in anomaly detection. The field
has progressed from residual-based statistical thresholding applied to
single predictive models toward multivariate pattern recognition. This
includes supervised approaches, such as ML classification models, as
well as representation-learning techniques and unsupervised methods,
such as clustering, autoencoder and GAN-based approaches within
the broader framework of generative AIl. While these methods can
capture complex patterns, the detected anomalies are often difficult to
interpret, especially when they are not explicitly represented in the
training data. In this context, emerging LLM-based methods suggest
a further shift toward anomaly interpretation, supporting explanation
and decision-making processes [94].

Despite these developments, the main limitation remains the avail-
ability of real monitoring data. Public datasets are scarce due to con-
fidentiality constraints. Initiatives such as the 16th ICOLD Benchmark
Workshop (BW) provide a limited number of real time series for com-
paring displacement and leakage prediction methods [95]. Moreover,
these datasets mainly represent normal operating conditions, while real
anomalies or damage cases are rarely available. As a result, validation
often relies on simulated scenarios.

From an application perspective, the integration of ML approaches
into operational monitoring remains limited. Traditional models, such
as HST, are still widely adopted due to their robustness and inter-
pretability. This tendency is also evident in industrial contributions
within the cited ICOLD BW. For instance, Simon [32] proposes an ex-
tended HST-based formulation, including a temperature-related compo-
nent for displacement modelling, while NNs are applied only for leak-
age prediction. Similarly, Corigliano et al. [67] employ ensemble ap-
proaches combining linear regression and SARIMA models, indicating
that simpler, interpretable models are still preferred.
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Fig. 6. UAV-based visual inspection of a concrete dam in the Jialing River Basin.
Source: Reproduced from [98].

To address these limitations, two complementary research direc-
tions are emerging, aiming to improve both the reliability of data-
driven models under extrapolation and their practical usability within
engineering workflows.

The first direction focuses on hybrid approaches combining FE
simulations with ML. These strategies improve predictive performance,
particularly under conditions not represented in the training data. More
specifically, this integration can occur in three ways: (i) by directly
using FE predictions as input features for ML models, as in the work
of Pirker and Zenz [71], or by incorporating FE-derived terms within
extensions of the HST formulation [35]; (ii) by employing ML methods
to learn and correct the residuals between FE predictions and observed
data; and (iii) by generating synthetic input-output pairs through FE
simulations and using them to train ML models under a wider range of
operating conditions [96]. While most applications focus on predictive
modelling, similar hybridization concepts could also be applied to
anomaly detection.

The second, more recent direction concerns LLM-based systems
for orchestrating SHM workflows. LLMs can serve as high-level in-
terfaces capable of coordinating multiple components, including pre-
diction models, anomaly detection algorithms, and data management
tools [94]. These systems rely on embedding-based representations
to integrate heterogeneous data, retrieval-augmented mechanisms to
incorporate prior knowledge, and agent-based or tool-calling strategies
to activate specialized models. At present, the limited number of ap-
plications mainly integrates data-driven components. Extending these
frameworks to include FE simulations represents a natural next step,
enabling a tighter coupling between numerical modelling, monitoring
data, and domain knowledge within a unified analysis system.

4. Al for vision-based dam inspection

Visual inspection is a key component of dam safety assessment,
as many deterioration mechanisms manifest through surface-visible
features such as cracks, spalling, or material degradation. Traditional
inspections are increasingly complemented by image-based surveys
using Unmanned Aerial Vehicles (UAVs) for exposed surfaces and
Remotely Operated Vehicles (ROVs) for submerged zones, enabling
safer and more extensive data acquisition. As illustrated in Fig. 6, such
surveys provide both wide coverage and detailed visual assessment
through the acquisition of RGB images using optical cameras. In some
cases, UAVs or ROVs are complemented by range-based sensing tech-
nologies, such as time-of-flight cameras and LiDAR (Light Detection and
Ranging) systems, or sonar sensors for underwater environments. The
collected data, including both visual and range information, can sup-
port automated diagnostic analysis and spatial localization of damage,
particularly when three-dimensional reconstruction is involved [97].

Image-based information is naturally addressed within the domain
of computer vision, where damage is inferred from surface appearance
rather than from structural response. General reviews on DL for image
processing provide the methodological background for these applica-
tions, outlining the main vision tasks relevant to inspection, including
image enhancement, classification, object detection, and semantic seg-
mentation [99-101]. Within the broader field of civil infrastructure in-
spection, a wide range of image-based damage-identification problems
has been investigated. As a representative example, crack recognition
has received significant attention, with both ML and DL approaches
explored [21,102,103]. Focusing exclusively on DL-based methods, the
following subsections review methods developed for dam applications,
organized by objective: (i) crack inspection and quantification; (ii)
multi-damage identification, addressing not only cracks but also other
surface deterioration phenomena; and (iii) the same inspection objec-
tives applied to underwater surfaces, which are discussed separately
due to their distinct environmental and data-related challenges. This
classification, together with the methodological approaches discussed
in the following sections, is schematically summarized in Fig. 7.

Since these tasks differ in their formulation, their performance is
reported across different studies using task-dependent metrics. In image
classification, accuracy, precision, recall, and Fl-score are commonly
adopted to quantify the ability to correctly identify a given class
(e.g., the presence of cracks) at the image level.

In semantic segmentation, the evaluation is performed at the pixel
level, where each pixel can be interpreted as an individual classifi-
cation unit. In this context, precision and recall can still be defined,
although overlap-based metrics are more frequently used, in particular
the Intersection over Union (IoU), which quantifies the agreement
between predicted and reference regions. When multiple classes are
considered, IoU is typically averaged across classes, leading to the mean
Intersection over Union (mloU).

For object detection, performance is generally assessed using mean
Average Precision (mAP), which summarizes the precision-recall trade-
off. A detection is considered correct only if the predicted bounding
box sufficiently overlaps with the ground truth, as quantified by IoU,
which therefore serves as the criterion for defining true positives in the
computation of mAP.

In the following, reported improvements in accuracy refer to these
task-specific evaluation measures.

4.1. Crack detection and quantification

Crack inspection in concrete dams using DL is currently dominated
by semantic segmentation models, which enable pixel-level recognition
of cracks in images. In this formulation, cracks are manually delineated
in the training dataset by assigning class labels to individual pixels,
allowing the trained model to generate crack masks on new images.
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Fig. 7. Taxonomy of Al approaches for vision-based dam inspection, organized by inspection objective, dominant paradigm, and methodological implementation.
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Fig. 8. Architecture of the DL-based crack detection network, illustrating a fully convolutional encoder-decoder structure for pixel-level crack segmentation.

Source: Reproduced from [98].

These masks can then support geometric quantification of crack length,
area, or width through conventional image-processing algorithms.

Most studies rely on fully convolutional encoder—decoder architec-
tures, in which an encoder extracts hierarchical features and a decoder
restores spatial resolution to produce dense crack masks, as illustrated
in Fig. 8.

Widely adopted models include U-Net and SegNet, which preserve
fine spatial details through skip connections and pooling indices, re-
spectively. Building on these architectures, several specific enhance-
ments have been proposed, mainly introducing attention mechanisms
or lightweight modifications to improve feature extraction and deploy-
ability.

Feng et al. [98] trained a modified SegNet with additional auxiliary
loss branches on UAV crack images from a single dam, achieving
80.45% recall and 80.31% precision. Performance was only marginally
better than standard U-Net and SegNet baselines, while larger im-
provements were observed relative to simpler Fully Convolutional Net-
works (FCNs), which reached 71.53% recall and 72.57% precision.
Subsequently, Chen et al. [104], using the same inspection images
but a different dataset preparation strategy, reported substantially im-
proved results with an attention-enhanced U-Net (90.81% precision and
81.54% recall), outperforming both the previous Feng model (85.49%
precision, 37.49% recall) and the FCN baseline (79.65% precision,
65.34% recall), confirming the benefit of attention mechanisms under
complex surface textures.

DeepLab-based models adopt a different strategy, using atrous con-
volutions and Atrous Spatial Pyramid Pooling (ASPP) modules to en-
large the receptive field and aggregate multi-scale contextual infor-
mation, as illustrated in Fig. 9. Using real crack images from a dam
inspection case study, Wu et al. [105] achieved 83.23% mloU and
66.96% crack IoU with a lightweight MobileNetV2-DeepLabV3+, out-
performing the U-Net benchmark tested in the same study (79.16%
mloU and 58.87% crack IoU).

Other recent works incorporate transformer-based components to
improve global context modelling under challenging imaging condi-
tions such as low contrast or motion blur. Moreover, when com-
bined with photogrammetric reconstruction, segmentation outputs can
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be mapped onto three-dimensional dam surface models for 3D crack
visualization [106].

Despite these algorithmic improvements, the main limitation re-
mains data availability, as most studies rely on proprietary datasets
provided by individual dam owners and related to single case studies,
typically involving only a limited number of annotated crack patches.
This also raises concerns regarding domain shift when models are
transferred to new dams without specific retraining.

To investigate possible mitigation strategies, Xu et al. [107] com-
bined public crack datasets from other domains, including open-source
road and concrete surface crack images, with synthetic dam-specific
images generated through virtual 3D rendering and image-based crack
insertion onto real dam textures. The resulting hybrid dataset was used
within a two-stage object-detection and segmentation framework and
evaluated on real crack images acquired from the target dam. Incor-
porating the generated dam-specific images improved AP from 24.7%
when training on generic crack data alone to 53.9%, highlighting
the importance of domain-adapted augmentation even when synthetic
rather than real dam images are used for training.

For crack detection, image classification using CNNs remains rele-
vant as a simpler alternative for first-level screening, where the task
is limited to determining whether a crack is present in an image or
patch. In this setting, data scarcity is commonly addressed through
transfer learning from large-scale datasets such as ImageNet. Using an
ImageNet-pretrained EfficientNetBO fine-tuned on borehole inspection
imagery from a dam, Khan et al. [108] achieved 91% crack/non-crack
classification accuracy, with compact EfficientNet variants outperform-
ing several more complex CNN architectures, although all tested models
achieved accuracies above 84.

To improve deployability, Zhang and Bao [109] combined transfer
learning and knowledge distillation to obtain a lightweight ResNet18
model, pretrained on mini-ImageNet and further distilled on a generic
concrete crack dataset rather than on dam-specific crack images. The
resulting model achieved 98.39% classification accuracy on UAV im-
ages of a dam spillway, suggesting that staged transfer-learning strate-
gies can support compact deployable models and partially compensate
for the scarcity of dam crack datasets.
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Finally, object detection approaches can also be adopted for rapid
crack identification, where cracks are localized through bounding boxes
rather than delineated pixel-wise [110]. However, these methods are
generally more suitable for rapid localization of surface damage than
for detailed geometric crack analysis, as discussed in the following
section.

4.2. Multi-damage identification

Beyond crack-only inspection, several vision-based studies address
multi-damage detection, where different types of surface deterioration
are identified simultaneously from images. In this setting, the problem
formulation often shifts from pixel-level segmentation to object detec-
tion, in which each damage instance is represented by a class label and
a bounding box. This formulation is well suited to the heterogeneous
nature of dam deterioration (e.g., cracks, spalling, efflorescence, ex-
posed reinforcement, pits, or erosion), for which pixel-wise annotation
would require substantially greater labelling effort.

Object detection methods are commonly classified into two-stage
and single-stage detectors. Two-stage detectors, such as Faster R-
CNN, first generate candidate object regions and subsequently refine
their classification and bounding-box localization, generally providing
higher localization accuracy at the expense of computational efficiency.
In dam inspection, Huang et al. [111] improved Faster R-CNN through
ImageNet pretraining, dam-specific anchor configurations tailored to
the characteristic shapes of different defect classes, and data augmen-
tation via cropping and flipping, thereby increasing viewpoint and
scale variability in the training set. Trained on images acquired from
multiple dams under non-uniform illumination and viewing conditions,
the model achieved an overall mAP of 0.887, improving upon baseline
Faster R-CNN performance (0.854), with the most significant gain
observed for spalling detection, whose AP increased from 0.888 to
0.948.

Single-stage detectors, by contrast, remove the region proposal
stage and directly predict bounding boxes and class probabilities in
a single forward pass, followed by post-processing steps such as con-
fidence thresholding and non-maximum suppression. Among these,
YOLO-based models are increasingly preferred for UAV inspections
due to their superior inference speed. Recent studies show a trend
toward enhanced and lightweight YOLO variants, consistently accom-
panied by dedicated data augmentation strategies. Li and Bao [112]
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proposed a compressed YOLOv5-based detector combining adaptive
feature fusion, pruning, and knowledge distillation, and trained it using
geometric augmentations (cropping and flipping) together with pho-
tometric perturbations of colour and intensity to improve robustness
to variable imaging conditions. The resulting model achieved mAP
= 0.894, substantially outperforming both Faster R-CNN (0.547) and
YOLOvV4 (0.675) on the same dataset.

Zhao et al. [113] enhanced YOLOv5s with transformer-based mod-
ules together with random flipping and mosaic data augmentation,
in which four training images are merged into a composite sample
to increase scale diversity and contextual variability. The model was
trained and tested on images collected from multiple concrete dam sur-
faces. The detector achieved 79.8% mAP, improving baseline YOLOv5s
performance by 3.8 percentage points, while enabling centimetre-level
3D defect localization through integration with photogrammetric re-
construction.

Only limited work has addressed multi-damage detection through
semantic segmentation. A notable example is Hong et al. [114], who
combined multi-class semantic segmentation with 3D reconstruction for
spillway inspection. Their training set comprised images collected from
a dam using a wall-climbing robot and was expanded through rotation,
flipping, brightness adjustment, and Gaussian blur augmentation to
improve invariance to orientation, illumination, and image quality
degradation. The dataset was further enriched with publicly available
crack and spalling images from external concrete defect datasets. The
resulting framework improved baseline segmentation performance by
approximately 8 percentage points, reaching 0.61 mloU, and reduced
defect counting error from 9.5 to 1.75 instances through voxel-based
fusion of overlapping segmented views.

Overall, multi-damage inspection prioritizes damage classification
and localization over precise geometric measurement, making object
detection the dominant paradigm. While two-stage detectors remain
competitive when localization accuracy is critical, YOLO-based one-
stage approaches are increasingly favoured for practical UAV deploy-
ment due to their real-time capability. Across the reviewed studies,
augmentation and transfer-learning strategies are recurrently adopted
alongside architectural refinements, reflecting the persistent challenge
posed by the limited availability of dam-specific annotated datasets.
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Fig. 10. Example of a sonar-based crack detection process for underwater dam inspection. The upper row shows representative input sonar images, while the
lower row illustrates the corresponding segmentation outputs highlighting detected crack paths.

Source: Adapted from [116].

4.3. Underwater inspection methods

Underwater inspection of concrete dams presents substantially
greater challenges than exposed-surface surveys due to poor visi-
bility, colour distortion, non-uniform illumination, motion blur, and
frequent occlusions from the ROV platform itself. In addition, the
limited availability of annotated underwater inspection data and the
strong imbalance between damaged and undamaged samples hinder
the direct application of conventional vision models. Consequently,
the literature places particular emphasis on improving robustness to
degraded imaging conditions and on mitigating data scarcity through
transfer learning, augmentation, and synthetic data generation.

For rapid screening applications, image classification has been ex-
plored using architectures specifically adapted to underwater imagery.
Zhu et al. [115] enhanced a VanillaNet-based CNN with imbalance-
aware loss weighting, label smoothing, and frequency-domain feature
enhancement modules aimed at improving crack feature extraction
under degraded underwater imaging conditions. The model classified
six underwater crack morphologies and achieved 90.75% average ac-
curacy, compared with 87.94% for ResNet. Training was performed
on a limited dataset derived from only 250 original underwater dam
images extracted from surveillance videos. This dataset was expanded
through augmentation and further enriched with non-underwater dam
crack images due to the scarcity of underwater samples. However,
validation was restricted to internal data splits, leaving the robustness
of the model across unseen underwater inspection environments and
different dam conditions unverified.

When optical visibility becomes insufficient, alternative sensing
modalities may be required. Shi et al. [116] addressed crack detec-
tion using dual-frequency sonar images rather than RGB imagery,
demonstrating that acoustic imaging can enable crack identification in
visually inaccessible conditions, as illustrated in Fig. 10. Nevertheless,
the approach was validated on only 20 sonar images from a single dam
and relied on handcrafted processing techniques, limiting conclusions
regarding general applicability.

For pixel-wise crack delineation, Li et al. [117] proposed a
lightweight LinkNet-based segmentation model combining focal loss,
which assigns greater weight to difficult and underrepresented crack
pixels to mitigate crack/background imbalance, with a staged transfer-
learning strategy. The network was progressively adapted from Ima-
geNet to a structural crack dataset comprising 14,268 images and sub-
sequently fine-tuned on 855 annotated underwater crack images. The
final model achieved 0.892 mloU, outperforming U-Net (0.788) and
DeepLabv3+ (0.787). Different fine-tuning configurations were also
investigated, with the best performance obtained by freezing only the
first encoder block during underwater-domain adaptation. However,
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validation again remained limited to splits derived from the same origi-
nal dataset, and the actual transferability of the learned representations
across independent inspection campaigns was not assessed.

Beyond transfer learning, synthetic data generation has emerged
as a promising strategy to reduce dependence on scarce underwater
datasets. Huang et al. [118] employed a CycleGAN-based image trans-
lation framework to convert above-water crack images into synthetic
underwater-like counterparts. The model was trained using 984 above-
water crack samples together with 678 unpaired underwater ROV
images to learn the target visual domain. The generated synthetic data
were subsequently used to progressively replace the real underwater
subset of the training set. Above-water crack images were retained in all
configurations, and replacement ratios from 25% to 100% were inves-
tigated. Results showed only limited performance variation even when
synthetic data fully substituted real underwater training data. Specifi-
cally, classification accuracy remained between 95.6% and 100% for
the evaluated ResNet models, object detection mAP decreased only
from 82.59% to 79.68% with YOLOVS5, and segmentation mloU in-
creased from 77.68% to 82.45% with U-Net. These findings suggest that
synthetic generation can effectively support model training when real
underwater images are unavailable or limited.

Recent work has also extended underwater inspection toward multi-
damage detection. Kang et al. [119] formulated the task as object detec-
tion of cracks, spalling, and exposed reinforcement using a YOLO-based
detector enhanced with deformable convolution networks, coordinate
attention mechanisms, and an improved loss function. Trained on 2194
underwater images collected from multiple dams, and supplemented
with additional samples generated through mosaic augmentation, the
model achieved 84.5% mAP, improving baseline YOLOv8n perfor-
mance by 3.2 percentage points. The framework was implemented
on an ROV-mounted processing system and demonstrated in a pool
experiment with artificially reproduced damage, illustrating the feasi-
bility of real-time onboard damage screening. However, no quantitative
performance results were reported for this experimental validation.

Overall, underwater dam inspection mirrors surface inspection in
employing classification, segmentation, and object-detection paradigms,
but places stronger emphasis on data-centric strategies to compensate
for the scarcity and degraded quality of underwater imagery. Although
reported performance is generally promising, evaluation remains pre-
dominantly confined to internal train-test splits derived from the same
original datasets. Consequently, the true generalization capability of
current models remains difficult to assess.

4.4. Advances and open challenges

Based on the review of the three main vision-based inspection
tasks considered, whose corresponding studies are summarized in Table
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Table 4
Overview of vision-based inspection methods for damage detection in concrete dams.
Reference Environment Sensor/Data Target damage(s) Formulation Core method/Model family 3D info
Feng et al. [98] Surface UAV RGB Crack Semantic segmentation Modified SegNet No
Chen et al. [104] Surface UAV RGB Crack Semantic segmentation Modified Attention U-Net No
Wu et al. [105] Surface RGB Crack Semantic segmentation DeepLabV3 with MobileNet No
Zhao et al. [106] Surface UAV RGB Crack Semantic segmentation Multi-Path Vision Transformer Photogr.
Xu et al. [107] Surface UAV RGB + Crack Object detection YOLOX No
synthetic
Khan et al. [108] Gallery RGB Crack Classification CNNs + transfer learning No
(EfficientNet, etc.)
Zhang and Bao [109] Surface UAV RGB Crack Classification ResNet + knowledge No
distillation
Li et al. [110] Surface UAV RGB Crack Object detection YOLOvV8 No
Huang et al. [111] Surface RGB Multi-damage Object detection Faster R-CNN No
Li and Bao [112] Surface UAV RGB Multi-damage Object detection Improved YOLOVS + No
knowledge distillation
Zhao et al. [113] Surface UAV RGB Multi-damage Object detection YOLOvV5s-HSC Photogr.
Hong et al. [114] Surface Robot RGB Multiple defects Semantic segmentation Modified U-Net Simultaneous
loc. and
mapping
Zhu et al. [115] Underwater ROV RGB Crack Classification Lightweight CNN No
Shi et al. [116] Underwater Sonar Crack Rule-based Clustering + tensor voting No
Li et al. [117] Underwater ROV RGB Crack Semantic segmentation LinkNet + transfer learning No
Huang et al. [118] Underwater RGB Crack Image generation + CycleGAN + CNNs/Faster No
classification/object R-CNN, YOLOX/DeepLabV3,
detection/semantic HRNet, U-Net)
segmentation
Kang et al. [119] Underwater ROV RGB Multi-damage Object detection Modified YOLOvV8 No

4, the assessment of concrete dams appears to be evolving along
two complementary methodological directions. On one side, recent
approaches increasingly adopt specialized architectural and algorith-
mic refinements, including attention mechanisms, transformer-based
modules, and modified loss functions to better address class imbalance.
On the other, a parallel line of development focuses on enhancing the
training pipeline through dedicated data-related strategies.

This second trend largely reflects the need to compensate for the
limited availability of annotated dam-specific image datasets for both
exposed and underwater inspections. The reviewed studies propose
a broad range of solutions, including conventional augmentation of
case-specific inspection images, transfer learning from generic or struc-
turally related datasets, enrichment through external public crack
and defect repositories, and synthetic image generation via render-
ing, image-translation techniques, and more recently, generative Al
methods.

In particular, GANs are used to produce realistic defect images and
expand training datasets, while more recent diffusion models enable the
creation of high-fidelity images [120], even from structured or textual
inputs. At the same time, generative models are employed for image
restoration and enhancement under challenging acquisition conditions,
including low-light, noise, and underwater environments. These ap-
proaches show significant potential to improve both data quantity and
quality. However, the lack of sufficiently large and diverse real-world
dam datasets remains a critical limitation, as it restricts the reliable
evaluation and validation of models developed using synthetic data.

A first practical challenge, therefore, concerns model generalization.
Despite the promising accuracies reported, the real-world robustness
of current approaches remains insufficiently demonstrated. Most stud-
ies rely on train/test splits derived from the same dataset, typically
collected from a single dam or a limited group of dams within the
same inspection campaign or acquisition setup, which likely leads to
optimistic performance estimates relative to deployment on new case
studies. In practice, application to a different structure may introduce
substantial domain shifts due to variations in geometry, surface condi-
tion, environmental exposure, and imaging setup. Although a limited
number of recent works begin to explore more heterogeneous testing
scenarios, systematic validation across independent dams or inspection
campaigns remains largely absent. More broadly, the field still lacks
publicly available benchmark datasets and unified damage taxonomies,
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which prevent objective comparison across studies and the definition of
shared implementation standards.

Another practical issue is the deployment of the methods in oper-
ational monitoring environments. Accordingly, recent research has in-
creasingly focused on related requirements and operational constraints
beyond simply improving detection accuracy. Some studies explic-
itly focus on lightweight or real-time implementations suitable for
onboard UAVs/ROVs, while others integrate defect detection with pho-
togrammetric reconstruction to locate damage on three-dimensional
dam models, thereby enabling more structured inspections and digital-
twin-oriented applications.

Beyond these methodological developments and challenges, recent
advances in multimodal AI have also opened new possibilities for
inspection data. In particular, LLM-based frameworks support zero-shot
detection, i.e., the ability to identify damage patterns without task-
specific training, as well as automated report generation and human-
machine interaction [121]. While these methods show promising per-
formance in structured tasks, their accuracy generally remains lower
than that of specialized models. For this reason, their role is cur-
rently more aligned with interpretation and decision support than with
primary damage detection.

5. AI for non-destructive testing in dam monitoring

Non-destructive testing (NDT) techniques are an important com-
plement to dam surveillance, alongside continuous monitoring based
on point sensors and vision-based inspection. Since dams are primar-
ily subjected to environmental loads, these natural actions can be
exploited as excitation sources, and the resulting structural response
can be measured and interpreted with the support of physics-based
models. In this context, the acquisition of quantitative data is essential.
Non-contact optical methods provide surface measurements and are
particularly well suited to large concrete structures, as they are compat-
ible with both ground-based and UAV-based inspections. In particular,
Infrared Thermography (IRT) and Digital Image Correlation (DIC) are
surface-based techniques capable of providing spatially dense, full-
field measurements of temperature and displacement or strain fields,
respectively, over the investigated areas.

A distinctive feature of IRT and DIC lies in the dual nature of the
data they produce. When treated as images, thermographic maps and
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DIC outputs can be analysed using computer-vision and DL techniques
for damage identification and anomaly detection, such as the localiza-
tion of seepage zones, cracks, or other surface-related irregularities. At
the same time, these measurements represent continuous physical fields
that extend beyond purely image-based interpretation.

They can support FE-assisted analysis and model parameter updat-
ing by providing spatially distributed quantitative information that is
rarely accessible through point-wise instrumentation alone. AI can act
as a surrogate for computationally intensive FE models, enabling more
efficient inverse analyses and facilitating the calibration and continuous
updating of digital twins of the considered structures.

However, although optical techniques, Al-based image analysis,
and FE-based model updating have each been investigated in dam
engineering, their integrated application remains limited. Accordingly,
the following sections do not aim to provide an exhaustive review, but
rather discuss representative studies addressing these aspects individu-
ally, which may support future integration for specific monitoring and
modelling tasks.

5.1. Infrared thermography

IRT provides full-field measurements of surface temperature, con-
tributing to dam assessment in two distinct ways: as a diagnostic
imaging modality for identifying thermally detectable damage and
leakage anomalies, and as a source of distributed thermal information
for predictive and physics-based modelling.

The use of thermography in dam inspection is well established, par-
ticularly for detecting water leakage and seepage zones on downstream
faces. Early applications rely primarily on qualitative interpretation
of thermal patterns supported by expert judgement. Henriques and
Ramos [122], for example, applied thermographic surveys to three Por-
tuguese dams to monitor surface pathologies, highlighting cold anoma-
lies associated with active seepage and comparing thermal observations
with conventional visual inspections. In this context, thermography
acts mainly as a rapid screening tool, enabling significantly faster and
broader inspection coverage than manual surveys.

A further development concerns the automation of thermographic
interpretation. From a data-analysis perspective, thermographic mea-
surements can naturally be treated as images, making it possible to
apply DL-based computer vision techniques analogous to those used for
RGB imagery. This broader potential is discussed by He et al. [123],
who review DL applications in infrared machine vision across several
contexts, including SHM.

Within dam-related applications, automated thermogram interpre-
tation has been formulated using both semantic segmentation and
object-detection paradigms. The former enables pixel-wise delineation
of thermal anomalies. In this context, Pozzer et al. [124] proposed a
multiclass CNN-based method trained on thermal images acquired from
a highly deteriorated buttress dam to identify delamination, cracks,
spalling, and repair patches. Their results demonstrated the feasibility
of automated pixel-wise defect mapping from raw thermograms, includ-
ing the detection of subsurface deterioration not readily visible in RGB
imagery, while also highlighting the need for larger and more diverse
thermal datasets to improve generalization.

Similarly, Wang et al. [125] employed a segmentation-based for-
mulation for seepage delineation from UAV-acquired thermograms of
an embankment dam. They proposed a modified U-Net architecture
incorporating temperature-based prior masks generated by identify-
ing the pixels whose temperatures matched field-measured seepage
temperatures. By guiding the network toward thermally compatible
regions, the method reduced false detections caused by vegetation and
other interferences, although its reliance on site-specific thermal pri-
ors may limit transferability across different dams and environmental
conditions.

Alternatively, object-detection approaches provide coarser but com-
putationally lighter localization when approximate anomaly position-
ing is sufficient. Zhao et al. [126] demonstrated the applicability of
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an enhanced YOLO model for UAV dam inspection in the context
of pedestrian detection, highlighting the potential transferability to
leakage recognition. This concept was subsequently implemented by
Wang et al. [127], who extended the object-detection formulation to
the joint identification of seepage and surface personnel.

Alongside these developments, other studies have explored DL-
based preprocessing strategies. For example, Zhu et al. [128] investi-
gated GAN-based super-resolution techniques to enhance infrared ther-
mograms for leakage inspection, suggesting that image-enhancement
methods may improve the interpretability of low-resolution or long-
distance thermal acquisitions prior to automated defect analysis.

The studies discussed above mainly consider single thermographic
surveys. Repeated thermographic acquisitions may improve diagnostic
interpretation by introducing a temporal dimension to the analysis. In
this context, recent infrared NDT research has begun exploring spatio-
temporal DL methods that exploit thermal image sequences rather
than isolated thermograms. For example, Saeed et al. [129] combined
automated defect localization with NN analysis of pixel-wise thermal
contrast curves to estimate defect depth from pulsed thermography
sequences, while Luo et al. [130] proposed hybrid spatial-temporal
architectures integrating recurrent LSTM modules within segmentation
networks to improve defect delineation in low-contrast thermographic
sequences. Although developed for active thermography in composite-
material inspection, these studies highlight the potential of exploiting
temporal thermal evolution as an additional discriminative feature.
In dam applications, as seepage- or damaged-affected regions may
exhibit distinct heating and cooling behaviour, monitoring the temporal
evolution of thermal anomalies with successive inspections (over daily
cycles or annual periods) may improve their characterization and help
distinguish persistent structural issues from transient environmental
effects. However, the uncontrolled nature of passive thermal excitation
makes such temporal modelling substantially more challenging than in
active thermography.

Beyond its diagnostic role, thermography can also support predic-
tive and physics-based modelling by providing spatially distributed
thermal fields. This information may improve predictive accuracy when
thermal loading constitutes a dominant component of dam response, as
illustrated in Fig. 11 for an Italian dam. In this context, thermographic
measurements can provide distributed thermal boundary information
not accessible through conventional point-wise instrumentation. For ex-
ample, Yang et al. [131] proposed a Physics-Informed Neural Network
(PINN) that combine sparse sensor measurements with spatial thermal
observations while enforcing heat-transfer consistency through physi-
cally derived loss terms, thereby providing more physically coherent
reconstruction of dam temperature fields.

5.2. Digital image correlation

DIC is a non-contact, full-field measurement technique widely used
in the SHM of civil infrastructure to measure surface displacement and
strain fields. By tracking surface texture or speckle patterns through
image correlation, DIC computes displacement fields from the relative
motion of image subsets, resulting in spatially distributed deforma-
tion measurements that complement traditional point-wise sensors.
Its methodological foundations and broad applicability in SHM are
well documented, primarily in bridges and other civil engineering
structures [132].

Applications of DIC to dam monitoring remain relatively limited.
Existing studies mainly address specific experimental or operational
scenarios. Lei et al. [133] applied three-dimensional DIC to a physical
model of an arch dam subjected to impact loading, demonstrating
that full-field strain measurements can identify localized strain con-
centrations and anticipate crack initiation prior to the appearance of
visible damage. While this study highlights the potential of DIC for
early damage detection in dam structures, its validation is restricted
to laboratory-scale conditions.
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Fig. 11. Relative importance of different environmental and temporal effects at four representative dam response points for two Italian case studies, highlighting

the dominant influence of temperature (T).
Source: Adapted from [25].

Field applications on real dams are rarer and are mostly focused on
displacement monitoring rather than direct damage detection. Zaczek-
Pepliniska et al. [134] employed two-dimensional DIC to measure sur-
face displacements over a localized area of a concrete dam during
turbine start-up and operation, capturing deformation patterns induced
by dynamic loads and showing good agreement with independent
geodetic measurements. In this context, DIC can exploit the natural
texture of concrete surfaces, avoiding the need for artificial speckle
patterns.

Despite the relatively small number of dam-specific studies cur-
rently available, DIC could potentially support two distinct monitoring
objectives in dam engineering. First, it may facilitate damage-oriented
inspections of crack-prone regions previously identified through numer-
ical stress analyses, supporting localized assessment of strain concentra-
tions and crack development. Second, it may serve applications focused
on displacement monitoring in localized structural regions, such as
areas surrounding construction or contraction joints, where measured
surface displacement fields under operational loading could support
substructuring strategies in FE modelling of dams [135].

However, the practical application of DIC for long-term dam moni-
toring remains subject to several operational constraints. In particular,
repeatable measurements require adequate control of the camera posi-
tioning, although different UAV-based strategies may partially address
this issue. A first possible approach is the deployment of stereo-camera
systems on UAV platforms, where moderate repositioning variability
can be tolerated provided that the stereo configuration remains cali-
brated and the target is acquired within a suitable viewing geometry.
In localized repeated-inspection scenarios, permanent fiducial mark-
ers may also be required to facilitate repeated identification of the
monitored area and ensure consistent registration between inspections,
as demonstrated in UAV-based DIC applications for bridge monitor-
ing [136]. A second alternative consists in using a single UAV-mounted
camera, with the camera pose reconstructed through structure-from-
motion algorithms exploiting stable external reference features visible
in the surroundings, although this approach is only applicable where
such features are available and sufficiently persistent over time [137].

Nevertheless, outdoor DIC measurements remain sensitive to en-
vironmental factors, particularly non-uniform illumination, moving
shadows, and varying solar exposure, which may introduce localized
disturbances and reduce measurement accuracy. Recent studies have
shown that brightness-correction techniques, including Retinex- and
frequency-based compensation approaches, can partially mitigate these
effects by reducing measurement uncertainty under variable shadow
conditions [138]. In periodic monitoring campaigns, additional prac-
tical precautions, such as scheduling acquisitions under comparable
weather and lighting conditions, may improve repeatability. Moreover,
although concrete surfaces may sometimes provide sufficient natural
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texture for correlation, localized high-accuracy measurements may still
require artificial speckle preparation or surface treatment, particularly
in smooth regions.

Consequently, DIC currently appears more suited to localized in-
spections and periodic targeted monitoring surveys than to fully au-
tonomous continuous long-term deployment over large dam surfaces.

Recent research has also explored the integration of DIC with Al
techniques. As reviewed by Sadeghian et al. [139], full-field displace-
ment and strain maps obtained from DIC can be processed using
CNN-based algorithms for automated damage identification, analo-
gously to the analysis of RGB images. In particular, several studies
have applied semantic segmentation architectures to DIC-derived strain
maps, using FE-generated synthetic datasets for training. This strategy
exploits simulated full-field responses associated with predefined dam-
age scenarios, thereby allowing supervised learning without requiring
extensive manual annotation of experimental strain maps [140,141].
A representative U-Net-based architecture employed for this purpose is
illustrated in Fig. 12.

Another perspective involves the direct integration of DL into the
DIC process itself. In this case, CNNs are employed to estimate displace-
ment and strain fields from the acquired images, effectively replacing
traditional correlation-based algorithms [142].

Overall, although applications of DIC and Al-enhanced DIC to dam
monitoring remain limited, current studies indicate significant potential
for localized deformation and damage assessment, provided that practi-
cal deployment challenges are addressed through further experimental
investigation and field-scale validation.

5.3. Full-field-informed numerical modelling

The full-field techniques reviewed in the previous sections provide
spatially distributed measurements of physically meaningful quantities,
such as displacements, strains, and temperature fields, that can be
directly exploited to calibrate and update physics-based numerical
models.

In the context of dams, literature examples indicate that full-field
displacement measurements are most commonly obtained through re-
mote sensing techniques, such as ground-based or UAV-based radar
and LiDAR systems. By reconstructing spatially distributed displace-
ment fields from distance variations via temporal differencing and
geometric processing, these measurements provide a richer description
of the structural response than point-wise instrumentation and lead
to better-conditioned inverse problems. This benefit has been demon-
strated in early FE-based diagnostic studies combining radar-derived
displacement data with gradient-based optimization techniques [143,
144].
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Fig. 12. U-Net-based architecture for semantic segmentation of DIC-derived strain maps used for damage identification.

Source: Reproduced from [141].
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For concrete dams, displacement interpretation is strongly affected
by thermal effects, which can induce deformations comparable to hy-
drostatic loading. Inverse analyses of mechanical parameters therefore
typically follow two strategies. A first approach relies on preliminary
component separation, most commonly through HST-based statistical
decompositions retaining only the hydrostatic component for calibra-
tion [145-147]. Such decomposition also enables the separate cali-
bration of parameters associated with the thermal response. Fig. 13
illustrates this aspect by comparing seasonal displacement curves at
two monitoring points of an Italian dam, obtained from numerical sim-
ulations under different assumed thermal conditions, with the seasonal
component extracted from monitoring data using the HST method.

A more physically consistent alternative explicitly incorporates ther-
mal inputs within the FE model, provided that suitable thermal infor-
mation is available [148,149]. In this context, full-field temperature
measurements from IRT (especially when acquired repeatedly over
time) offer spatially resolved thermal data rarely accessible with point-
wise sensors and enable more realistic thermal boundary conditions in
inverse analyses.

From a spatial perspective, measurement resolution governs the
scale of inverse analyses: radar and LiDAR capture global displace-
ment patterns, whereas DIC provides high-resolution displacement and
strain data over limited regions of interest, supporting inverse analyses
focused on mechanically critical zones such as construction joints or
dam-foundation interfaces.
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From a computational perspective, the increasing complexity of
inverse analyses has motivated the use of ML techniques as surro-
gate models. Rather than replacing the physical simulations, these
approaches aim at approximating the forward structural response to
drastically reduce the computational cost associated with repeated
model evaluations during optimization.

Representative studies have explored surrogate-based inverse anal-
yses using different regression models to approximate the numerical
response, including NN [150], polynomial response surfaces combined
with genetic algorithms [151], RBF models coupled with swarm-based
optimization [152], and kernel-based regressors optimized through
metaheuristic strategies [145]. As an alternative to surrogate-assisted
optimization, direct ML inversion based on PINNs has recently been
proposed. This approach performs parameter identification from sparse
displacement data through explicit physical constraints, although cur-
rent applications remain largely limited to two-dimensional formula-
tion [153].

A comparative overview of the reviewed inverse-analysis approaches
is provided in Table 5. While these computational strategies have so
far been mainly applied to global-scale inverse problems using point-
wise monitoring data, their underlying principles are not inherently
scale-dependent. In this perspective, the combination of DIC-based
displacement fields with surrogate-assisted inverse analysis represents a
promising strategy for identifying local mechanical properties at joints,
interfaces, or other mechanically critical regions [154,155].
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Table 5

Overview of inverse and diagnostic approaches for dam monitoring based on displacement data.
Reference Data used for inversion Thermal effects Type of inversion Objective
Ardito et al. [143] Full-field pseudo-experimental displacements (radar) Not considered Direct FEM + Gradient based opt. Diagnosis
Ardito and Cocchetti [144] Full-field pseudo-experimental displacements (radar) Not considered Direct FEM + Opt. Diagnosis
Ardito et al. [148] Pseudo-experimental displacements (radar) Modelled in FEM Direct thermo-mechanical FEM + Opt. Diagnosis
Yu et al. [150] FEM-generated displacements (pseudo-experimental) Not considered Surrogate-based (NN) + Opt. Calibration
Yao et al. [151] Point-wise monitoring displacements Modelled in FEM Surrogate-based (polynomial RSM) + Opt. Calibration
Dou et al. [152] FEM-generated displacements (pseudo-experimental) Not considered Surrogate-based (RBF) + Opt. Diagnosis
Kang et al. [145] Point-wise monitoring displacements Separated via HST Surrogate-based (KELM)+ Opt. Calibration
Chen et al. [146] Point-wise monitoring displacements Separated via HST Direct FEM + Opt. Calibration
Yang et al. [147] Point-wise monitoring displacements Separated via HST Direct FEM + Opt. Calibration
Nguyen-Tuan et al. [149] Displacements, temperatures, and uplift pressures Modelled in FEM Direct FEM + Opt. Diagnosis

6. Conclusions

This review examined how Al is currently used in dam safety
monitoring by distinguishing three main application areas: continuous
point-wise monitoring, vision-based inspection using RGB images, and
the interpretation of optical full-field data, with a particular focus on
IRT and DIC, including their use within surrogate-assisted FE model
updating. For each area, the analysis considered the nature of the
available data, the specific ML methodologies adopted, and the type
of information that can realistically be extracted.

For continuous point-wise monitoring, data-driven models have
demonstrated strong performance as predictive tools and anomaly de-
tectors. However, anomaly detection rarely translates directly into
diagnosis, as most approaches provide limited insight into the under-
lying structural mechanisms unless they are explicitly trained on data
derived from damage simulations. Computer vision methods perform a
complementary task by enabling the direct identification of damage in
images. They have significantly accelerated inspection procedures and
improved their accuracy, particularly for the detection of cracks and
surface deterioration. However, these approaches remain inherently
focused on surface manifestations.

Optical full-field techniques, such as IRT and DIC, occupy an in-
termediate position between image-based inspection and numerical
modelling. By providing spatially distributed fields of physically mean-
ingful quantities, these methodologies can improve the conditioning
of inverse problems and support the calibration of local mechanical
parameters that influence the overall structural behaviour. Despite
this potential, the combined use of full-field measurements with data-
driven interpretation and FE model-based updating remains largely
underexplored.

Overall, the reviewed literature indicates that current research ef-
forts are primarily focused on improving performance within individual
tasks, depending on the specific input data available, while interac-
tions between different monitoring sources remain limited. Some initial
forms of interaction can be observed, such as the combined use of
RGB and infrared images for surface damage detection, or the integra-
tion of spatially distributed environmental information with point-wise
measurements.

Recent advances in the use of LLMs within multimodal AI suggest a
potential evolution toward a more integrated and generalizable inter-
pretation of dam monitoring data. In particular, these approaches may
help overcome three main limitations identified in this review.

First, they offer improved generalization capabilities beyond the
training domain, including zero-shot and few-shot settings, which are
particularly relevant for point-wise monitoring, where extrapolation
and rare events remain critical challenges, and for vision-based inspec-
tion, where labelled examples of damage are inherently limited.

Second, their ability to process heterogeneous data provides a path-
way toward a unified interpretation of multiple monitoring sources,
including time series measurements, RGB images, and full-field maps.
In this context, LLM-based systems can serve as orchestrators of het-
erogeneous analytical components, using agent-based or tool-calling
approaches to integrate specialized methods, including regression and
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computer vision techniques. In addition, their capability to incorporate
unstructured information, such as inspection reports, historical records,
and technical documentation, enables the integration of contextual
knowledge that is typically not captured by conventional monitoring
workflows. This supports the combination of different data sources and
modelling strategies, moving from fragmented analyses toward a more
comprehensive understanding.

Third, these approaches may also facilitate the interaction between
data-driven models and FE or physics-informed modelling, supporting
a more consistent link between observations and structural behaviour.
However, physics-informed methods such as PINNs, although concep-
tually well suited for this purpose, still require further investigation and
validation before being applied to complex dam-scale problems.

The advancement of these emerging approaches remains closely
dependent on the availability of diverse and representative monitoring
data, which continues to be one of the main limitations in dam engi-
neering. Improving data accessibility and establishing robust validation
practices therefore represents a key step toward the deployment of
applicable and trustworthy Al tools.
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