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1. Executive Summary 
This report constitutes Deliverable 1.1 (D1.1) of the FOURIER Doctoral Network, funded under the 
Horizon Europe Marie Sklodowska-Curie Actions (Grant Agreement No. 101169429). As the 
foundational output of Work Package 1 (WP1), its primary objective is to establish a common 
scientific and technological framework tailored for the advanced integration of Artificial Intelligence 
(AI) methodologies within the inspection and monitoring of large-scale, complex Critical 
Infrastructures (CIs). 

In the contemporary landscape of escalating climate change impacts and the progressive aging of 
European infrastructure, traditional Structural Health Monitoring (SHM) paradigms are increasingly 
constrained by fundamental technical bottlenecks. This framework identifies and systematically 
addresses three critical industry gaps: (i) Data Scarcity and Imbalanced Datasets: The profound lack 
of high-quality, labeled datasets for structural damage from real-world CIs, which hampers the 
training of robust AI algorithms; (ii) Absence of Physical Interpretability: The limitation of traditional 
“black-box” machine learning models in capturing the complex mechanical evolution and governing 
laws of structure dynamics; (iii) Perception and Operational Constraints: The accuracy and 
efficiency limitations of manual visual inspection and traditional contact-based sensing in harsh or 
large-scale environments. 

While these research efforts contribute to the overarching FOURIER goal of enhancing infrastructure 
resilience and optimizing decision-making, D1.1 focuses on the development of an end-to-end 
Digital Inspection Pipeline that bridges the perception and algorithmic layers: 

1. Multimodal Autonomous Perception: Integrating Unmanned Aerial Vehicle (UAV) platforms, 
wearable Augmented Reality (AR) interaction tools, and advanced non-contact sensing 
technologies to achieve high-fidelity, synchronous capture of both vision-based data and 
vibration-based signals. 

2. AI-driven Data Enhancement and Synthesis: Utilizing Super-resolution (SR) techniques to 
reconstruct high-frequency details from low-quality monitoring data, alongside Generative 
Adversarial Networks (GANs) and Digital Twins (DTs) to generate large-scale synthetic datasets, 
effectively bridging the “damage data gap”. 

3. Physics-Informed Modeling and Robust Inversion: Deploying Physics-Informed Neural Networks 
(PINNs) to ensure that AI predictions remain consistent with structural mechanics, enabling 
automated DT updating and high-precision inverse problem solving. 

Through the definition of a standardized SHM and AI taxonomy, this deliverable establishes a unified 
technical language for interdisciplinary collaboration between civil engineering, computer science, 
and sensing technologies. It provides the theoretical and methodological bedrock for subsequent 
algorithmic development and network-wide benchmarking, ultimately supporting the transition 
towards intelligent, data-driven infrastructure management. 
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2. Introduction 
2.1. Purpose of D1.1 

The fundamental mission of D1.1 is to conceptualize and consolidate an industry-leading common 
scientific and technological framework dedicated to the digital transformation of maintenance and 
operations for global CIs.  As European and global assets enter a cycle of accelerated senescence, 
traditional reactive inspection paradigms are increasingly failing to meet contemporary 
requirements for resilience, safety, and long-term sustainability. Although the academic sphere has 
witnessed a surge in research merging AI with SHM, the industrial sector remains hindered by 
formidable technical barriers, including siloed sensing modalities, the "black box" nature of 
algorithmic models, and fragmented system architectures. 

Consequently, the primary objective of D1.1 is to dismantle these interdisciplinary knowledge silos. 
This framework delineates a deeply coupled “Sense-Transfer-Compute-Decide” protocol, designed 
to transmute heterogeneous, high-volume, and spatial-temporally complex data, which is captured 
via non-contact sensing (e.g., laser vibrometer, computer vision, and multimodal inspection), into AI 
inputs underpinned by rigorous mechanical logic. Beyond mere nomenclature standardization, D1.1 
proposes a systematic approach to surmounting pervasive real-world engineering challenges, such 
as severe environmental noise interference, sparse sensor distribution, and the chronic scarcity of 
labeled damage samples. By establishing this standardized and scalable digital blueprint, the 
FOURIER network endeavors to furnish a scientifically robust and internationally competitive 
technological bedrock for infrastructure management within the broader context of the European 
Green Deal. 

 
Figure 1:Three research objectives of FOURIER MSCA Network 
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2.2. Position of D1.1 within the FOURIER Project 

Serving as the cornerstone output of WP1, D1.1 occupies a dual role as both the technical 
foundation and the logical nexus of the FOURIER strategic roadmap. Its positioning signifies a 
paradigm shift from fragmented research and development to a network-wide collaborative 
ecosystem, characterized by following two core dimensions: 

A Global Synthesis of the State-of-the-Art 

This report is not a mere theoretical construct, but a high-level integration of the cutting-edge 
insights derived from the seven core researchers (DC1–DC7) within WP1. It encapsulates the 
prevailing trends of “Deep Learning 2.0,” interrogating the potential of GANs for simulating large-
scale rare damage scenarios, optimizing SR algorithms for resource-constrained edge devices, and 
elucidating the latest breakthroughs in PINNs to enhance extrinsic robustness and resolve complex 
inverse problems. This synthesis ensures that D1.1 acts as a definitive microcosm of the highest 
academic standards currently governing the intersection of SHM and AI. 

Interoperability Protocol Stack for Networked Research 

Within the collaborative ethos of the MSCA Doctoral Network, D1.1 defines the interoperability 
criteria across various research modules. It clarifies the transformation of raw bit streams from 
autonomous perception systems (e.g., UAV-based topological mapping) through preprocessing 
pipelines for feature extraction, eventually feeding into physics-constrained model updating 
algorithms. This strategic positioning ensures that disparate research trajectories, whether focused 
on interactive visual enhancement via AR or parameter identification through dynamic response 
analysis, are seamlessly integrated into a cohesive “Digital Inspection Pipeline.” Such synergy is 
instrumental in realizing the network’s overarching research objectives, particularly RO1 
(Visualization Enhancement) and RO2 (Heterogeneous AI Data Fusion). 

2.3. Scope and Target Audience 

The technical boundaries of this deliverable are tightly aligned with the “intelligent transition” across 
the infrastructure monitoring lifecycle. The scope interrogates multimodal autonomous perception 
and interaction systems, encompassing autonomous topological mapping via UAVs, composite 
sensing technologies merging computer vision with non-contact dynamic responses, and immersive 
human-machine collaboration mechanisms within AR environments. Regarding algorithmic 
architecture, the report prioritizes generative modeling schemes developed to address the inherent 
data asymmetry of engineering assets, where healthy data is abundant, but damage data is critically 
scarce. It further delineates strategies for leveraging SR to augment the perceptual capabilities of 
low-power devices, alongside the evolutionary paths of physics-driven DTs for adaptive parameter 
updates and nonlinear damage accumulation prognosis. By systematizing these critical 
technologies, D1.1 constructs a closed-loop logical framework spanning perception, transmission, 
computation, and prognosis, thereby offering a comprehensive technical standard for addressing 
the real-time accuracy and robustness challenges in large-scale infrastructure monitoring. 
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The target demographic of this framework is multifaceted, spanning the academic, industrial, and 
policy-making sectors. For the interdisciplinary scientific community, the report provides a rigorous 
methodological template for embedding structural mechanics laws into deep learning architectures, 
establishing a scholarly baseline for researchers dedicated to intelligent SHM and data-driven 
mechanics. For CI owners, operators, and sensing equipment manufacturers, this deliverable 
presents a deployable “Digital Inspection Pipeline” blueprint. It elucidates how AI and AR 
technologies can facilitate dynamic structural assessment without service interruption, significantly 
mitigating lifecycle operation and management expenditures. Furthermore, as a landmark output of 
the Horizon Europe program, D1.1 serves international standards organizations and government 
agencies by providing empirical evidence and scientific support for the development of future digital 
regulatory standards, critical entity resilience assessment frameworks, and related policies. 

 
Figure 2: Different groups of target audience 

The following sections are organized as follows. Section 3 establishes the common scientific and 
technological framework by defining a shared SHM and AI taxonomy, reviewing the core AI concepts 
relevant to infrastructure monitoring, and presenting the proposed Digital Inspection Pipeline. 
Section 4 presents the individual research perspectives developed within WP1 and is divided into 
seven subsections, each corresponding to the research topic of one of the doctoral candidates 
involved in WP1 (DC1-DC7). Section 5 provides a cross-cutting discussion of methodological 
intersections, data integration requirements, network-wide benchmarking opportunities, and 
common AI challenges related to robustness, safety, and trustworthiness. Finally, Sections 6 and 7 
present the conclusions and the references supporting the state-of-the-art review. 
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3. Common Scientific and technological Framework 
3.1. Taxonomy of SHM and AI 

3.1.1. Paradigm Shift: From Rytter’s Framework to Intelligent Sensing 

The fundamental objective of SHM within the lifecycle management of CIs is the extraction of 
deterministic information regarding physical states from highly uncertain sensor data. Traditional 
SHM methodologies have historically relied on manual feature extraction and simplified statistical 
heuristics. However, these approaches often encounter significant bottlenecks in computational 
efficiency and interpretability when confronted with the massive, multi-modal, and nonlinear data 
streams characteristic of modern engineering projects [1]. The taxonomy developed in this study 
establishes a systematic mapping path from low-level physical requirements to high-level intelligent 
decision-making. This framework adopts the classic four-level damage identification hierarchy 
proposed by Anders Rytter (1993) as its logical cornerstone [2]. Rytter’s hierarchy conceptualizes 
damage identification as a progressive inverse reasoning process, ascending from basic “existence 
detection” to complex “residual life prognosis.” In the 2025–2026 technological landscape, 
characterized by the emergent capabilities of AI in handling complex dynamical systems, this 
traditional framework is undergoing a profound paradigm shift, moving from purely data-driven 
approaches toward a “Physics-Data Synergy” [3]. This chapter elucidates the core tenets of these 
four levels and explores how AI paradigms are mapped to resolve the central engineering 
contradictions inherent in each stage [4]. 

3.1.2. Level 1: Damage Detection - Existence Identification and Baseline 
Reconstruction 

As the foundational layer of the SHM hierarchy, detection seeks to identify the critical transition of a 
structural system from a healthy baseline state to a damage-perturbed state. At the physical level, 
this essentially involves extracting subtle variations in modal parameters or energy distributions 
amidst the complex interference of environmental and operational conditions. The primary 
contradiction at this stage is the masking effect of environmental noise, including the fluctuations in 
temperature, humidity, or traffic loads often induce signal deviations that are significantly larger than 
the feature changes caused by early-stage, localized damage. 

To address this challenge, the AI mapping logic at this level has transitioned from traditional explicit 
rule-based thresholding to implicit distribution reconstruction. Utilizing unsupervised learning 
paradigms, AI models characterize the high-dimensional probability density of sensor data in its 
healthy state. When newly observed data drifts outside this manifold, the system autonomously 
flags the event as a potential anomaly [5]. In recent years, this mapping has further evolved into 
physics-augmented robustness. Rather than relying solely on statistical outliers, researchers now 
embed mechanical constraints, such as stiffness matrix symmetry or energy conservation laws, 
directly into the AI training process. This mapping ensures that the AI can precisely differentiate 
between signal variations caused by material degradation and environmental fluctuations, thereby 
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minimizing false-positive rates in large-scale infrastructure networks while maintaining high 
sensitivity to authentic structural change [6]. 

3.1.3. Level 2: Damage Localization - Topological Awareness and Associative 
Reasoning  

Once the presence of damage is confirmed, the localization task necessitates an answer to the 
question: “Where has the damage occurred?” Physically, a structure is not a collection of isolated 
points but a complex topological network of interconnected members and nodes [6]. The core 
difficulty in localization lies in capturing the discontinuities in the propagation of vibration waves, 
strain fields, or displacement fields. In hyperstatic structures particularly, localized damage can 
trigger a global redistribution of responses, making the task of tracing the damage back to its source 
extremely complex. 

The AI mapping logic at this level represents a leap from one-dimensional signal processing to spatial 
topological reasoning. By introducing graph learning paradigms, AI maps the sensor arrangement 
directly to the structural physical connectivity, simulating the structure as a digital graph composed 
of nodes and edges. This mapping leverages the feature aggregation capabilities of GNNs to identify 
anomalous stress-flow paths by analyzing mutual information and cross-correlation weights 
between nodes [7]. Furthermore, the latest technological trend emphasizes Visual-Geometric-
Alignment. By fusing semantic features processed by AI with 3D DT environments, AI achieves the 
projection of defects from 2D pixel spaces into 3D physical coordinate systems. This semantic 
mapping from pixels to specific BIM component IDs provides a centimeter-level spatial reference for 
autonomous drone inspections and robotic maintenance [8]. 

3.1.4. Level 3: Damage Quantification - Multi-Attribute Synergy and Performance 
Assessment 

Damage quantification serves as the crucial link between diagnostics and maintenance decision-
making, aiming to assess the severity of damage and the corresponding reduction in residual load-
bearing capacity. Its physical core involves solving highly nonlinear inverse problems, such as 
calculating the reduction in material elasticity based on the geometric morphology of surface cracks 
or subtle shifts in modal frequencies [9]. The central contradiction here lies in the imbalance 
between the diversity of damage features and the scarcity of authentic failure data. 

To overcome this, the AI mapping paradigm for quantification has shifted from single-feature 
regression to multi-task synergistic analysis. By constructing MTL frameworks, AI simulates the 
integrated judgment logic of expert engineers, concurrently processing crack topology, spalling 
depth, and corrosion levels within a single inference cycle. This mapping logic exploits feature 
sharing across different damage-related tasks, significantly enhancing the robustness of the 
assessment[10]. Simultaneously, to address the lack of extreme damage samples, the research 
paradigm recently has introduced generative-based augmentation. By utilizing synthetic data driven 
by high-fidelity physical simulations to pre-train AI models, researchers can achieve precise 
readings of rare and extreme damage scenarios in practical engineering applications [11]. This 
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mapping not only improves quantification accuracy but also grants AI models the necessary 
generalization capability to handle complex, unseen failure modes [12]. 

3.1.5. Level 4: Damage Prognosis - Temporal Evolution and Life-Cycle Prediction  

Prognosis aims to model the nonlinear evolution of structures under fatigue, corrosion, and long-
term loading to predict RUL. The physical difficulty lies in the massive temporal scale: the 
requirement to extrapolate decades of future evolution from limited past monitoring periods. Such 
long-range forecasting faces not only the exponential accumulation of errors but also the stringent 
constraints of physical causality [13]. 

The AI mapping logic for prognosis focuses on the deep integration of temporal dynamics and causal 
inference. To handle the requirements of ultra-long time-series data, the state-of-the-art AI mapping 
paradigm has turned toward state-space architectures with linear computational complexity. This 
allows models to efficiently remember structural evolution patterns across different seasons and 
years without computational collapse. Even more revolutionary is the introduction of Temporal 
Causality constraints within the prognosis layer. Through space-time separation techniques, AI 
models can now optimize temporal evolution parameters while strictly adhering to underlying 
mechanical PDEs [14]. This mapping approach eliminates the physical fallacies common in purely 
data-driven models, such as predicting that damage will spontaneously heal, to ensure that life-
cycle predictions are both sensitive to data trends and rigorously consistent with engineering logic 
[15]. 

3.1.6. Level 5: System-Level Resilience and Network Interdependency 

Level 5 transcends localized structural monitoring to address the health of interdependent socio-
physical infrastructure systems, such as coupled power, transport, and communication networks. 
The physical difficulty at this scale is the complexity of cascading failures. Unlike isolated material 
fatigue, a cascade is a time-evolving dynamic process that emerges from the interaction between 
network physics, local protection actions, and cross-subsystem dependencies [16]. 
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Figure 3: Novel 5-Levels Structural Health Monitoring Paradigm 

The AI mapping logic at this level shifts from structural damage prognostics to systemic early 
warning signals. This is driven by the “Stressor vs. Stress” paradigm: while the stressor is an external 
disturbance, stress is the system’s internal, time-evolving proximity to failure. Because systemic 
stress cannot be observed as a single variable, AI models are tasked with interpreting heterogeneous, 
time-sequential event traces [17]. By quantifying this latent stress from dynamic records, AI 
transitions from simply predicting final blackout sizes to continuously tracking how operational 
margins degrade during a disturbance. 

In summary, if Level 4 acts as a temporal oracle for individual assets, Level 5 serves as a 
macroscopic guardian. It bridges high-fidelity structural diagnostics with resilience-oriented 
decision-making, ensuring that preventive actions can be prioritized before localized disruptions 
propagate into widespread societal collapse [18], [19]. 

3.2. Core AI Concepts in Infrastructure 

In the current landscape of civil infrastructure management, the interdisciplinary fusion of AI and 
SHM often suffers from conceptual ambiguities that lead to model design deviations. For instance, 
distinguishing between purely data-driven models and PINNs is critical for ensuring physical 
insistency. Similarly, understanding the nuances of GANs for data augmentation is vital in scenarios 
characterized by data scarcity. This section provides a comprehensive and systematic definition of 
state-of-the-art AI concepts within the SHM domain, detailing their general definitions, historical 
development, mathematical foundations, architectural characteristics, and specific engineering 
applications. 
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Figure 4: A schematic of the state-of-the-art CNN-based SHM operations [20] 

3.2.1. Convolutional Neural Networks 

Definition and Context 

CNNs represent the most established deep learning paradigm in SHM [20]. They are specialized 
feedforward neural networks designed to process data with a known grid-like topology, such as time-
series sequences or image pixels. Historically inspired by the biological visual cortex’s information 
processing mechanism, CNNs gained global prominence in computer vision before being widely 
adopted in civil engineering. Their primary advantage lies in their ability to automatically extract 
hierarchical features from raw data via localized receptive fields and weight-sharing mechanisms, 
effectively eliminating the need for manual feature engineering, such as traditional wavelet 
transforms [21]. 

Mathematical Essence and Feature Mapping 

In the mathematical domain, a convolution operation involves sliding a learnable filter (or kernel) 
over the input array to compute localized weighted sums. In structural visual inspection, shallow 
layers capture primitive spatial features like edges, corners, and concrete textures, while deeper 
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layers synthesize these into complex semantic geometries, such as interconnected crack patterns 
or extensive corrosion spots [22]. 

State-of-the-Art Applications: 1D vs. 2D CNNs 

CNN applications in SHM are fundamentally bifurcated based on data dimensionality: 

§ 1D-CNNs: Tailored for time-series data such as acceleration or strain signals. Their low 
computational overhead facilitates real-time deployment on edge computing devices for 
detecting subtle structural joint loosening or modal frequency shifts [23], [24]. 

§ 2D-CNNs: Dominant in vision-based automated inspection. Using high-resolution imagery 
captured by UAVs, 2D-CNNs, incorporating architectures like ResNet or YOLO, classify and 
localize surface defects like concrete spalling or rebar exposure [25], [26], [27], [28]. 

 
Table 1: State-of-the-Art Applications 

CNN Variant Core Data Type Architectural Feature Application Scenario 
1D-CNN Vibration/Strain series Sliding window kernels Joint bolt loosening, modal analysis [24] 
2D-CNN Inspection imagery Deep residual 

connections 
Crack classification, spalling detection [25], 
[26] 

Semantic 
Segmentation 

High-res damage 
photos 

Encoder-Decoder [28] Pixel-level crack tracing, corrosion area 
calculation [27] 

 

3.2.2. Recurrent Neural Networks and LSTM 

Definition and Context 

Infrastructure degradation, such as fatigue cracking or material creep, is inherently a time-
dependent dynamic process [29]. Recurrent Neural Networks (RNNs) were designed to handle 
sequential data by maintaining a hidden state that acts as a memory buffer. However, traditional 
RNNs often fail to retain long-term historical information due to the vanishing gradient problem. Long 
Short-Term Memory (LSTM) networks, introduced in 1997, act as an advanced variant designed 
specifically to capture these long-range temporal dependencies without suffering from gradient 
decay [30]. 
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Figure 5: LSTM fatigue life prediction model [30] 

Mathematical Essence: Gating Mechanisms 

LSTM addresses the vanishing gradient through a sophisticated cell state controlled by three 
mathematical gates: 

§ The Forget Gate: Determines which irrelevant historical noise to discard. 

§ The Input Gate: Decides which critical new response features to store in the cell state. 

§ The Output Gate: Generates the structural health assessments based on the updated state. 

This structure allows the model to distinguish between temporary load impacts and long-term 
structural fatigue accumulation [31]. 

State-of-the-Art Applications: Sensor Data Recovery and Prognostics 

In field SHM, continuous data loss due to sensor malfunction, transmission errors, or environmental 
interference is frequent. LSTM’s temporal modeling capability allows for the dynamic reconstruction 
of missing sensor channels. Recent studies have shown that LSTM networks can achieve a Mean 
Absolute Error (MAE) as low as 0.0029 in single-channel vibration data reconstruction, significantly 
outperforming standard RNNs [32]. Furthermore, LSTM is extensively used for prognostic tasks by 
learning non-linear deformation trends from historical displacement and temperature data [33]. 

3.2.3. Generative Adversarial Networks 

Definition and Context 

Data scarcity and class imbalance are major bottlenecks in SHM. In the real world, healthy 
operational data vastly outnumbers damaged data, making it difficult to train robust classification 
models. Introduced in 2014, GANs provide a framework for generating high-quality synthetic 
datasets. They operate on a minimax zero-sum game between two neural networks: a generator, 
creating fake data, and a discriminator, attempting to distinguish the fake data from real data [34]. 

Mathematical Essence and Training Stability 
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Traditional GANs suffer from training instabilities such as mode collapse. To overcome this, the 
Wasserstein GAN with Gradient Penalty (WGAN-GP) is widely employed in SHM. By utilizing the 
Wasserstein distance as a loss metric and satisfying the Lipschitz continuity constraint via gradient 
penalization, WGAN-GP generates highly diverse and realistic vibration signals that are statistically 
indistinguishable from real structural responses. This effectively balances training sets for 
downstream damage classifiers [35]. 

State-of-the-Art Applications: Unpaired Domain Adaptation with Cycle GAN 

Cycle-Consistent GAN (Cycle GAN) pushes this boundary further by allowing for domain translation 
without paired samples. In SHM, this architecture is used to translate structural response data from 
an undamaged domain directly to a damaged domain. This facilitates the simulation of how a bridge 
might respond under specific, rare failure scenarios, such as sudden cable rupture or severe seismic 
yielding, even if such a failure has never been empirically recorded [36]. 

 
Figure 6: Training data flow diagram for 1D CycleWDCGAN-GP [38] 

3.2.4. Physics-Informed Neural Networks 

Definition and Context 

While purely data-driven models like standard CNNs and LSTMs excel at finding statistical 
correlations, they are fundamentally Black Boxes that can predict physically impossible scenarios 
outside their training distribution. Physics-Informed Neural Networks (PINNs) represent a paradigm 
shift to physics-aware architectures by embedding governing laws of physics directly into the deep 
learning process [37]. 

Mathematical Essence: Governing Equations in the Loss Function 



Project: 101169429 — FOURIER — HORIZON-MSCA-2023-DN-01   

23 

D1.1 - SHM and AI taxonomies 

The core innovation of PINNs is the integration of Partial Differential Equations (PDEs) or Ordinary 
Differential Equations (ODEs) into the network’s loss function as mathematical regularization terms. 
The total loss is typically a weighted sum: 

ℒ = 	𝜔!ℒ!"#" +𝜔$ℒ%&' +𝜔()ℒ*+, 

where ℒ%&'  ensures the network’s continuous output satisfies physical laws, including Hooke’s Law, 
Navier-Stokes, or dynamic equilibrium equations [38]. This unique formulation allows PINNs to 
perform highly accurate full-field response reconstructions even when relying on extremely sparse 
sensor measurements [39]. 

State-of-the-Art Applications: Hard Constraints and Engineering Precision 

In complex structural geometries, standard soft constraints by introducing penalty weights in the 
loss function may fail to strictly satisfy critical boundary conditions. Weighted Loss Hard Constraint 
PINNs (WHC-PINN) enforce these structural conditions through specialized architectural design, 
ensuring absolute mathematical and physical rigor [40]. Current applications include dynamic load 
identification for complex railroad truss bridges and calculating stress intensity factors at micro-
crack tips [41], [42]. 

 
Figure 7: Architecture of the WHC-PINN. [42] 

3.2.5. Transformers and Attention Mechanisms 

Definition and Context 

Originally dominant in Natural Language Processing (NLP), the Transformer architecture is currently 
reshaping SHM. Transformers represent a departure from the sequential processing of RNNs, relying 
instead entirely on self-attention mechanisms to draw global dependencies between input and 
output sequences [43]. 

Mathematical Essence: Self-Attention and Parallel Processing 
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Unlike LSTMs, Transformers use multi-head self-attention to weigh the relevance and importance of 
all data points in a sequence simultaneously, regardless of their distance in time or space. In large-
scale structural sensor networks, this enables the model to identify subtle, phase-locked vibrations 
between distant sensors that highly localized CNNs or LSTMs might completely miss [44]. 
Furthermore, Hierarchical Attention Transformers (HAT) have demonstrated state-of-the-art 
accuracies exceeding 96% in sensor anomaly detection by capturing complex multi-scale spatio-
temporal patterns [45]. 

 
Figure 8: Fundamental architecture of Swin Transformer (a) overall model architecture, (b) Swin 

Transformer block, (c) shifted window attention mechanism. [47] 

State-of-the-Art Applications: Foundation Models 

A significant frontier in AI-SHM is the development of foundation models. By pre-training a massive 
mode, which is frequently based on transformers, unlabeled datasets collected from various types 
of structures, researchers can create a generalized model that inherently understands universal 
structural dynamics. Fine-tuning these foundation models on specific, localized infrastructure 
assets allows for rapid and highly accurate anomaly detection with minimal labeled samples [46]. 
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Figure 9: Scarcity of structural damage data [49] 

3.2.6. Transfer Learning and Domain Adaptation 

Definition and Context 

A recurring, severe limitation in SHM is the “one-bridge-one-model” bottleneck: an AI algorithm 
trained on data from one bridge usually fails when applied to another due to differing boundary 
conditions, materials, and traffic loads. Transfer Learning (TL) and Domain Adaptation (DA) address 
this by extracting and transferring universal feature knowledge from a data-rich source domain (a 
calibrated laboratory scale model or a well-instrumented bridge) to a data-poor target domain (a 
newly constructed or retrofitted structure) [47]. 

 
Figure 10: DA application in structural differences [49] 

Mathematical Essence: Feature Alignment 

Advanced DA methods, such as Joint Distribution Adaptation (JDA), mathematically align both the 
marginal and conditional probability distributions of the source and target domains within a shared 
latent subspace [48]. 
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Figure 11: JDA methodology based on a feature-based transfer learning approach [52] 

State-of-the-Art Applications: Population-Based SHM 

In the emerging field of Population-Based SHM, operational labels and failure modes learned from 
an entire population of structurally similar bridges are shared to diagnose an individual asset where 
damage data is completely absent [49]. This approach is exceptionally effective in compensating for 
severe domain shifts caused by fluctuating environmental conditions or post-earthquake structural 
retrofitting [50]. 

3.2.7. Uncertainty Quantification 

Definition and Context 

In high-stakes infrastructure monitoring, the transition from deterministic models to trustworthy AI 
is necessitated by the inherent risks associated with structural failure. Uncertainty Quantification 
(UQ) refers to the systematic process of characterizing and reducing uncertainties in both 
computational models and real-world measurements. In the past, SHM relied on point-estimate 
predictions, which failed to account for sensor noise or model limitations. The modern paradigm 
shifts this focus toward Bayesian frameworks that output a complete predictive probability 
distribution. A key driver of this reliability is the management of inductive bias, which refers to the 
set of explicit or implicit assumptions a model makes to generalize from training data. By balancing 
strong inductive biases with rigorous UQ, SHM systems can provide a measure of confidence 
essential for critical decisions [51]. 
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Figure 12: Bayesian Inference modeling [54] 

 

Mathematical Essence: Bayesian Inference and Inductive Bias 

The technical core of UQ in SHM is predominantly rooted in Bayesian Neural Networks (BNNs). 
Unlike standard networks with fixed weights, BNNs treat weights as probability distributions [52]. By 
applying Bayes’ Theorem, the posterior distribution of the weights 𝑝(𝜔|𝐷)  is updated given the 
training data 𝐷 : 

𝑝(𝜔|𝐷) =
𝑝(𝐷|𝜔)𝑝(𝜔)

𝑝(𝐷)
 

In this formulation, inductive bias is mathematically encoded through the prior 𝑝(𝜔)  and the 
network architecture. For instance, in PINNs, the inductive bias is a constraint requiring the model 
to obey differential equations. This bias effectively restricts the hypothesis space, thereby reducing 
the model’s uncertainty in regions where data is sparse or noisy. Through this Bayesian lens, total 
predictive uncertainty is decomposed into two distinct components: 

§ Aleatoric Uncertainty (Data Uncertainty): Represents the irreducible randomness inherent in the 
physical systems, such as heteroscedastic sensor noise or stochastic environmental wind loads. 

§ Epistemic Uncertainty (Model Uncertainty): Stems from a lack of knowledge or selection bias in 
the training data. Notably, increasing the model’s inductive bias can significantly lower 
epistemic uncertainty by preventing the model from learning physically impossible patterns [51]. 

State-of-the-Art Applications: Probabilistic Damage Identification 

UQ has transitioned from theoretical statistics to generalized engineering applications that 
significantly enhance the reliability of AI-driven SHM systems. Primarily, rather than providing limited 
binary assessments, modern models leverage Bayesian frameworks to generate uncertainty maps 
or predictive distributions for probabilistic damage identification [53]. These deliverables highlight 
specific regions where the AI’s assessment lacks statistical confidence, effectively flagging high-risk 
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areas, particularly in complex materials where damage mechanisms are stochastic and difficult to 
observe directly, for human engineering validation. 

Building upon this localized mapping, UQ is increasingly employed in system-level monitoring to 
maintain real-time data integrity and validate DT frameworks. By isolating high aleatoric uncertainty 
associated with irreducible instrumentation noise from the high epistemic uncertainty indicative of 
genuine structural anomalies, these models can significantly reduce false-alarm rates in automated 
maintenance protocols [54]. Furthermore, UQ plays a vital role in addressing the variability between 
different structures, which remains a primary challenge in the field. In this context, TL and DA act as 
corrective inductive biases. Consequently, UQ quantifies the reliability of this knowledge transfer, 
ensuring that the model remains aware of its inherent limitations when encountering new structural 
configurations or varying operational domains [55]. 

3.2.8. Synthesis of AI Frameworks for Infrastructure Intelligence 

The core AI concepts discussed, ranging from hierarchical spatial feature learning to probabilistic 
uncertainty quantification, do not operate in isolation but rather form a cohesive computational 
ecosystem for modern SHM. While CNNs and LSTMs provide the fundamental vision and memory 
necessary for automated pattern recognition and temporal degradation tracking, GANs and TL 
address the critical industry bottlenecks of data scarcity and asset variability. This architectural logic 
is further reinforced by the integration of PINNs and Transformers, which supply the underlying logic 
of physical laws and the global Spatio-temporal context required for large-scale, interconnected 
sensor networks [56]. Ultimately, the synergy of these state-of-the-art technologies ensures that 
SHM systems evolve from passive data-collection tools into proactive, self-aware frameworks [57]. 
By aligning inductive biases with rigorous uncertainty quantification, these models provide the high-
fidelity, trustworthy diagnostics essential for the resilient management of the next generation of civil 
infrastructure [58]. 

3.3. The Digital Inspection Pipeline 

3.3.1. Evolution of SHM Frameworks 

Epistemological Shift in Structural Monitoring 

The ontogeny of SHM reflects a transition through three distinct paradigms: 

§ Foundation Period (1970s-1990s): This era focused on vibration-based global monitoring, 
predicated on the principle that structural degradation manifests as shifts in dynamic 
characteristics such as eigenfrequencies, mode shapes, and damping ratios. While establishing 
the mechanical basis for SHM, these systems frequently encountered the “data-rich, 
information-poor” dilemma due to a lack of automated algorithms capable of distinguishing 
environmental noise from structural anomalies. 

§ Integration of Computer Vision and Robotics (2000s-2015): The synergy between CV and UAVs 
catalyzed a new epoch of digital inspection. By utilizing high-definition imaging, thermal sensors, 
and LiDAR, these frameworks enabled comprehensive coverage of inaccessible structural 
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components. CNN architecture demonstrated superior accuracy in classifying surface defects 
compared to traditional manual inspections. 

§ AI-Driven and DT Era (2016-Present): Current research leverages Multi-modal Data Fusion DL to 
create dynamic DTs. This paradigm shifts from reactive detection to predictive intelligence, 
utilizing PINNs to constrain deep learning models within the boundaries of physical laws, thereby 
ensuring results remain consistent with structural mechanics [59]. 

Identified Systematic Bottlenecks 

Despite the sophisticated evolution of these sensing frameworks, their practical deployment is 
intrinsically hindered by multidimensional bottlenecks that span data acquisition, algorithmic 
interpretability, and hardware implementation. A primary obstacle lies in the inherent heterogeneity 
and sparsity of the data collected. In an active monitoring paradigm, synchronizing disparate data 
streams, such as low-frequency visual frames and high-frequency dynamic time-series from 
vibration or acoustic sensors, remains a fundamental challenge in multi-modal fusion [60]. This 
complexity is compounded by the extreme data imbalance observed in operational infrastructure, 
which remains in a healthy state for most of its lifecycle. The resulting scarcity of annotated damage 
labels severely limits the robustness and generalization of pure supervised learning models when 
encountering unforeseen structural degradation scenarios. 

The efficacy of these digital frameworks is further compromised by the dichotomy between 
algorithmic performance and engineering requirements. Conventional deep learning architectures, 
such as standard CNNs or LSTMs, typically lack the transparency necessary for critical safety 
assessments. For civil engineers, a high-accuracy classification of “damage” is insufficient without 
an elucidation of the underlying physical mechanisms and their specific impact on structural load-
carrying capacity [61]. Furthermore, the high computational demand of these sophisticated multi-
modal algorithms and three-dimensional reconstruction tasks often conflicts with the stringent size, 
weight, and power constraints of edge devices. This tension between computational intensity and 
the need for real-time disaster response at the edge remains a significant hurdle for the seamless 
integration of AI within field-deployable inspection pipelines.  

To provide a systematic overview of these barriers, the following table synthesizes the core 
limitations and their direct implications for the development of a fully digitalized inspection pipeline: 

Table 2: Summary of Current Framework Limitations 

Category Specific Manifestation Impact on Digital Pipeline 
Data Acquisition Inconsistent sampling rates;  

high environmental noise interference 
Compromises the precision of multi-modal 
fusion 

Model Algorithms Lack of physical consistency;  
weak generalization capabilities 

Difficulty in predicting responses under 
extreme loading conditions 

Hardware Systems Limited storage; high power consumption; 
network dependency 

Restricts the offline deployment of complex 
AR and AI models 

Standard Protocols Lack of unified multi-source data fusion 
standards 

Leads to poor interoperability between 
heterogeneous systems 

Human Factors UAV interference with personnel; AR 
alignment 

Increases operational risk and evaluation 
subjectivity 
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3.3.2. Supporting Technologies and Their Synergetic Logic 

Mobile Perception Hubs: UAVs and Non-Contact Sensing 

The integration of UAVs as mobile perception hubs has fundamentally redefined the data acquisition 
phase of structural health monitoring, transforming these platforms into active probes capable of 
carrying a diverse suite of sensors. By leveraging LiDAR and three-dimensional reconstruction 
techniques, these mobile systems generate high-fidelity point clouds that facilitate precise 
structural deflection analysis and geometric mapping, allowing for a comprehensive digital 
representation of the asset. This geometric data is further enriched by thermal and hyperspectral 
imaging modalities, which are critical for identifying subsurface delamination, moisture ingress, or 
internal voids that remain invisible to the naked eye. To capture the dynamic characteristics of the 
structure, non-contact technologies such as LDV are employed to acquire precise dynamic 
responses remotely, effectively eliminating the logistical complexity and high maintenance costs 
inherent in traditional wired sensor networks [62]. 

 
Figure 13: Overall architecture of UAV bridge inspection management system [64] 

 

Super-Resolution, Synthetic Data Augmentation, and Task-Aware Processing 

To address the pervasive challenges of data quality and the scarcity of labeled damage samples, 
advanced computational techniques such as super-resolution and synthetic data generation are 
increasingly utilized to fortify the monitoring framework. Super-resolution techniques utilize deep 
learning models to reconstruct structural details from low-resolution drone imagery or sparse 
metering data, thereby maximizing information gain and minimizing uncertainty without the need for 
prohibitive hardware upgrades. Parallel to these visual enhancements, the generation of large-scale 
synthetic data provides a solution to the lack of real-world damage observations. By integrating 
physics-based simulations from DTs with GANs, researchers can produce physically consistent 
datasets that encompass a wide spectrum of structural degradation scenarios [63]. This 



Project: 101169429 — FOURIER — HORIZON-MSCA-2023-DN-01   

31 

D1.1 - SHM and AI taxonomies 

augmentation of data not only ensures that health monitoring algorithms are trained in diverse and 
representative failure modes but also enhances the overall robustness and predictive accuracy of 
the intelligence systems deployed in the field. 

While these enhancement techniques significantly improve visual clarity, a critical paradigm shift in 
the digital inspection pipeline is the move toward task-aware data processing. Traditional data 
enhancement often prioritizes reconstruction accuracy measured by pixel-level similarity, such as 
Peak Signal-to-Noise Ratio (PSNR) or Structural Similarity Index (SSIM). However, in safety-critical 
SHM scenarios, visual realism does not always equate to analytical utility. Task-aware strategies 
ensure that the enhancement process is explicitly optimized to support downstream AI-based 
analysis, such as defect detection, semantic segmentation, and structural condition assessment. 
This alignment bridges the gap between raw data reconstruction and the practical requirements of 
automated decision-making systems, ensuring that improved data quality directly translates into 
higher diagnostic performance [64]. 

 
Figure 14: Architecture of a task-aware attention network, which consists of a backbone network, 

an AG-FPN, and two parallel decoupled heads for classification [66] 

This application-oriented approach is particularly vital for infrastructures characterized by complex 
geometries, where low contrast and environmental noise can lead to a significant loss of structurally 
relevant information. By moving away from simplified CV benchmarks and focusing on real-world 
acquisition constraints, task-aware processing minimizes the risk of introducing artificial distortions 
or hallucinated details that compromise structural reliability. Ultimately, by integrating 
enhancement with specific inspection objectives, the framework ensures that even degraded field 
data provides a trustworthy foundation for the high-precision diagnostic layers of DTs. 

Multi-Modal Data Fusion Deep Learning 

Multi-modal Data Fusion is the engine that facilitates a “1+1>2” effect. By correlating spatial 
semantics from visual data with dynamic characteristics from vibration sensors, the system can 
perform concurrent macro level health assessments and micro-level localized diagnostics. 
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3.3.3. Proposed Active Digital Inspection Pipeline 

 
Figure 15: Proposed integrated SHM workflow for infrastructure digital twins 

Stage 1: Multi-modal Intelligent Data Acquisition 

The primary objective is the comprehensive digital capture of the physical asset: 

§ BIM-Guided Path Planning: The system parses BIM data to identify critical nodes and historical 
vulnerabilities, automatically generating optimized multi-UAV swarm trajectories to ensure the 
coverage [65]. 

§ Heterogeneous Sensing: UAVs and mobile robots deploy a payload of visible, thermal, and 
LiDAR sensors while synchronizing with embedded IoT sensors capturing high-frequency signals. 

§ Edge Processing: Initial noise filtration, standardization, and super-resolution enhancement are 
performed at the edge to reduce the bandwidth requirements for cloud transmission. 

Stage 2: Hybrid-Driven Data Interrogation and Fusion 

This layer transforms raw bits into structural knowledge through Multi-modal Data Fusion DL: 

§ Spatio-temporal Alignment: Visual features, point clouds, and time-series signals are 
registered within a unified coordinate system using high-precision timestamps. 

§ Physics-Driven DT Updating: Fusion data feeds into PINN models to calibrate structural 
parameters dynamically, ensuring the DT reflects the current state of the physical asset. 

§ AI-Assisted Damage Mining: Parallel architectures map damage indicators directly onto the 3D 
space of the DT [66]. 
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Stage 3: Immersive Visualization and Decision Support 

The final stage delivers insights through intuitive interfaces: 

§ Centimeter-Level AR Alignment: Using visual registration, DT is overlaid onto the physical 
structure with high precision. 

§ Immersive Diagnostics: Inspectors utilize AR wearables to visualize subsurface defects, real-
time stress distributions, and future damage propagation simulations. 

§ Predictive Maintenance Analytics: The system estimates RUL and automatically proposes 
optimal maintenance windows by integrating structural risk, cost-efficiency, and social 
dimensions. 

3.3.4. Strategic Insights of Proposed Digital Pipeline 

The conceptualization and deployment of an active digital inspection pipeline represent a 
fundamental paradigm shift from reactive maintenance toward a prognostic management 
framework, underpinned by a deep integration of multispectral perception and established physical 
laws. Diverging from traditional SHM paradigms that focus primarily on increasing sensing frequency, 
an active framework seeks to re-inject centuries of engineering physics into artificial intelligence 
architecture. This physics-aware approach, often operationalized through PINNs, empowers the 
system to derive causal relationships from raw data rather than relying solely on statistical 
correlations. By embedding governing equations into the learning process, the system can fill the 
gaps in sparse sensor data and achieve a critical leap from simple damage identification to high-
fidelity performance forecasting, where structural behavior and RUL are predicted with rigorous 
physical consistency [67]. 

The efficacy of this intelligence is further catalyzed by the mobility of sensing nodes, which serves as 
a primary driver for infrastructure resilience by dismantling the geographical and financial barriers of 
traditional instrumentation. The deployment of UAVs as mobile perception hubs effectively 
decouples structural monitoring from the prohibitive capital and maintenance costs associated with 
dense, fixed sensor networks. The anticipated evolution toward collaborative drone swarms will 
facilitate the rapid, full-scale digital reconstruction of critical infrastructure, providing the minute-
level agility essential for assessing asset integrity in the immediate aftermath of extreme events [68]. 
This mobility ensures that high-density data acquisition is no longer a static luxury but a dynamic, 
deployable resource across diverse and large-scale infrastructure networks. 

Ultimately, the maturation of this pipeline facilitates the democratization and standardization of 
engineering decision-making through immersive interaction layers that bridge the gap between 
complex algorithms and human expertise. AR technology acts as the essential information delivery 
layer, converting intricate multi-modal data streams into intuitive, holographic visualizations that 
can be accessed directly on-site. By overlaying high-fidelity DTs and AI-driven diagnostics onto the 
physical asset, AR mitigates the subjective biases and human errors inherent in traditional manual 
assessments. This radical transparency not only enhances the intuition of field personnel but also 
establishes a foundation for objective, cross-sectoral standards. By transforming data into a shared, 
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transparent, and standardized visual language, the proposed pipeline ensures that resilient 
infrastructure management is guided by data-driven insights rather than human subjectivity [69]. 
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4. Individual Research Perspectives 
4.1. AI-based Early Warning Signals for Cascading Failures in 

Interdependent Socio-physical Systems (DC1) 

4.1.1. Content and Project Relevance 

This doctoral project addresses system-level health monitoring for interdependent socio-physical 
infrastructure systems. While conventional SHM often focuses on local damage or degradation in 
individual assets [70], this project considers the evolving state of a coupled infrastructure system as 
it moves from normal operation toward severe degradation or loss of service.  

The initial application domain is interdependent power systems comprising transmission, 
distribution, and distributed energy resource (DER) elements. Power systems are selected because 
they support many critical societal functions, including transport, communication, healthcare, 
emergency coordination, and economic activity [71], [72]. A disruption in electricity supply can 
therefore affect other infrastructure systems and broader societal processes [71], [72]. This makes 
power systems a suitable starting point for studying system-level monitoring and resilience in 
interdependent infrastructure.  

This project focuses on cascading failure as a time-evolving process. In such processes, an initial 
disturbance changes the operating condition of the system and may trigger local responses, 
component disconnections, protection actions, and redistribution of flows [73], [74], [75]. These 
interactions can then propagate across coupled subsystem layers. For this reason, cascading failure 
cannot be understood only from static snapshots or final blackout size. It requires time-sequential 
observation of how the system evolves during disturbance propagation.  

The central monitoring and early-warning challenge is therefore to determine, from the evolving 
internal dynamics of the system, whether the system is moving toward cascade-prone states. The 
project distinguishes between the external disturbance and the internal system response. The 
external disturbance is referred to as the stressor, such as a demand shock, cyber-attack, or 
extreme weather event. The internal response to the external disturbance is referred to as stress [76]. 
In this project, stress is interpreted as a time-evolving indication of proximity to failure. As cascading 
failure develops, operational margins reduce, corrective actions become more constrained, and the 
system moves closer to large-scale degradation. This conceptual distinction is illustrated in Figure 
16, where external stressors are separated from the evolving internal system response from which 
stress is inferred.  

The project therefore focuses on providing a basis for quantifying stress from observable cascade 
dynamics. In the proposed approach, cascading behavior is not imposed as a predefined sequence. 
It emerges from the interaction between power-system physics, local protection and control 
responses, and controlled disturbance scenarios. The resulting dynamic records can then be used 
to quantify stress at component and system levels and to interpret stress trajectories as early-
warning information.  
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Figure 16: Conceptual distinction between stressors and stress. In this project, stress is inferred 

from time evolving internal dynamics, including component states, protection and control actions, 
event sequences, and cross-subsystem interactions  

The relevance to FOURIER is mainly through RO3, because the project aims to support resilience-
oriented decision-making under evolving disturbance conditions. Stress-based early-warning 
information can support situational awareness for system operators and emergency or crisis 
responders and can help indicate when preventive or recovery actions may need to be prioritized 
before cascading degradation becomes widespread. The project also has a secondary link to RO2, 
because stress quantification requires the interpretation of heterogeneous time-series data across 
interdependent infrastructure networks. In the initial power-system application, these data describe 
transmission and distribution states, DER behavior, local protection and control responses, and 
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event sequences during disturbance evolution. In this way, the project positions stress 
quantification as a bridge between dynamic infrastructure monitoring, early-warning analysis, and 
AI-supported resilience decision-making within the FOURIER network. 

4.1.2. Literature Review and Evolution 

Early warning of cascading failure requires more than estimating the final severity of an event. It 
requires understanding how a system moves from an initial disturbance toward cascade-prone 
conditions during the disturbance process itself. For this reason, the literature relevant to this 
doctoral project is not limited to one methodological area. It combines work on cascading-failure 
modeling, integrated power-system simulation, and AI-based predictive analysis. These areas 
provide complementary foundations, but they are not yet sufficiently integrated around the time-
sequential observability needed to quantify stress as a time-evolving basis for early warning. Figure 
17 illustrates this research logic, showing how cascading-failure modeling, T&D co-simulation, and 
AI-based predictive analysis converge toward an integrated dynamic environment for stress 
quantification and stress-based early warning.  

The first area is cascading-failure modeling. Existing studies have advanced the analysis of blackout 
risk, cascade size, propagation, vulnerability, and related risk indicators [73], [74], [75], [77], [78], 
[79], [80], [81], [82], [83], [84], [85], [86], [87], [88], [89], [90], [91], [92], [93], [94], [95], [96]. These 
approaches are valuable because they explain how cascading processes may unfold under 
specified modeling assumptions and how system-level risk or severity can be assessed. However, 
many methods remain centered on transmission-level analysis, monolithic formulations, reduced-
form propagation mechanisms, or predefined representations of cascade progression [73], [74], [75]. 
They are therefore less suited to the objective of this PhD project, where the aim is to understand 
cascading-failure mechanisms as dynamic, time-evolving processes that emerge from the 
interaction of network physics, local protection actions, control responses, and changing operating 
conditions.  

This need for dynamic and coupled representation motivates the relevance of integrated power-
system simulation. Transmission–distribution (T&D) co-simulation is particularly important because 
it allows different subsystem models to retain their own modeling assumptions and domain-specific 
fidelity while still exchanging information during execution [97], [98]. This capability is increasingly 
relevant in modern interdependent power systems, where transmission networks, distribution 
networks, and distributed energy resources (DERs) interact across different spatial and operational 
scales [99], [100], [101]. Nevertheless, existing T&D co-simulation studies are often designed for 
operation- and control-oriented applications, including voltage control, DER coordination, 
frequency response, synthetic measurement generation, or bulk-grid service assessment [99], [100], 
[101], [102], [103], [104]. They provide important technical foundations, but their primary focus is not 
cascade-oriented observability for stress-based early-warning analysis. 

AI-based predictive analysis provides a further methodological foundation. Existing studies address 
tasks such as cascade-size prediction, vulnerable-region identification, propagation-path 
prediction, temporal evolution tracking, and phase-transition detection [105], [106]. These studies 
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show the potential of data-driven methods for early warning and decision support [105]. However, 
AI-based early warning depends strongly on the quality, temporal resolution, and observability of the 
data used for training and evaluation. If the available data mainly describe selected variables, 
aggregate outcomes, or outcome-based labels, AI models may support prediction of cascade 
consequences, but they provide less direct insight into the progressive internal degradation that 
precedes large-scale cascading failure.  

The synthesis in Figure 17 highlights why observability becomes the common limitation across these 
developments. A key limitation across these areas is observability. Cascading failure is a time-
evolving process. Its analysis requires time-sequential information on component states, local 
responses, protection and control actions, event sequences, and cross-subsystem interactions [73], 
[75], [105]. Real cascading-failure data suitable for stress-oriented early-warning evaluation are 
limited, while power-grid datasets more generally are often restricted by regulatory constraints, 
privacy reasons, or security concerns, and synthetic datasets may contain incomplete information 
[105], [107]. For stress-oriented early-warning evaluation, aggregate outputs, ordered event 
sequences, or selected monitored variables are insufficient when full component-level time-series 
observability is required.  

 

Figure 17: Conceptual flow from related research areas toward stress-based early warning of 
cascading failure 
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The technical evolution of the field can be interpreted as a movement from static and aggregate 
evaluation toward more dynamic and data-centric cascade analysis [73], [75], [105]. It also reflects 
the increasing relevance of co-simulation-based environments when coupled subsystem behavior 
must be represented[97], [98]. This shift is necessary for stress-based early warning, because stress 
cannot be quantified from final blackout size or a static risk class alone. It requires observing how 
operational margins degrade during cascade evolution. This doctoral project is positioned at this 
intersection by reorienting these developments toward stress quantification and stress-based early 
warning. 

4.1.3. Predominant Methods, Technologies, and Data Types 

Methodologies relevant to this project include dynamic simulation, transmission–distribution co-
simulation, monitoring data, and AI-based analysis of cascade-related tasks [73], [75], [97], [98]. 
Monolithic models can represent cascade processes within a single framework, but they become 
limiting when heterogeneous transmission, distribution, DER, protection, and control processes 
must be represented together [73], [75], [97], [98]. In power systems, this is relevant for coupled 
transmission, distribution, and DER elements [99], [100], [101], while cascade evolution depends on 
interactions between network physics, local protection, control actions, and changing operating 
conditions [73], [75]. 

The main data paradigms include physical state measurements, event records, and derived cascade 
indicators [73], [105]. Physical state data include voltage, current, active and reactive power, loading 
levels, frequency-related quantities, DER operating states, and interface variables between coupled 
subsystems. Event data include contingencies, relay and protection actions, component 
disconnections, DER tripping or reconnection, and load shedding. In practice, these data are 
associated with monitoring technologies such as SCADA, PMU, and AMI systems. SCADA provides 
operational measurements, PMUs provide synchronized dynamic measurements, and AMI provides 
distribution- and customer-level measurements [108].  

Existing AI-based studies in cascading-failure analysis address tasks such as cascade-size 
prediction, vulnerable-region identification, propagation-path prediction, temporal-evolution 
tracking, and phase-transition detection [105], [106]. More advanced graph- and sequence-based 
methods may be relevant, but their use de pends on data quality, temporal resolution, scalability, 
and interpretability [105]. Within this state of the art, this PhD uses dynamic cascade data as the 
basis for stress quantification and stress-based early-warning interpretation 

4.1.4. Identified Research Gaps and Limitations 

The remaining methodological gap is the lack of a stress-centered basis that connects dynamic 
cascade simulation, sufficient observability, and early-warning evaluation. Cascading-failure tools 
provide useful insight into blackout risk, vulnerability, cascade size, and propagation, but many still 
rely on static summaries, staged event logic, reduced-form propagation, or predefined cascade 
sequences [73], [75]. These approaches are less suited to studying cascading failure as a time-
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evolving process emerging from network physics, protection actions, control responses, and 
changing operating conditions [73], [75]. 

A second limitation concerns observability. Much of the cascading-failure literature remains 
transmission oriented, while many transmission–distribution co-simulation platforms are designed 
for operation and control studies rather than cascading-failure analysis [73], [75], [99], [100], [101], 
[102], [103], [104]. This creates an observability gap because the data needed to track component-
level cascade evolution is difficult to obtain in practice, especially when detailed power-system 
records are constrained by regulatory, privacy, or security restrictions [105], [107]. For stress-
oriented early-warning evaluation, aggregate outcomes, ordered event sequences, or selected 
monitored variables are insufficient when component-level time-series records are required. This 
limits the ability to observe how transmission, distribution, DER, protection, and control interactions 
shape cascade evolution.  

The central gap addressed by this PhD is therefore the operationalization of stress. Stress is 
interpreted as the internal, time-evolving response of the system to an external stressor and as a 
measure of proximity to failure. However, it is not directly observable as a single system variable. It 
must be inferred from component states, local responses, event traces, and subsystem interactions 
during cascade evolution. The project addresses this gap by connecting dynamic co-simulation, 
stress quantification, and early-warning evaluation. Within FOURIER, this mainly contributes to RO3 
by supporting resilience-oriented decision making, and secondarily to RO2 by supporting the 
interpretation of heterogeneous time-series data across interdependent infrastructure networks. 

4.2. Multimodal Inspection with Non-Contact Sensing & AR system (DC2) 

4.2.1. Content and Project Relevance 

The preservation of structural integrity in aging CIs represents one of the most pressing engineering 
challenges in the European Union. Traditional SHM systems are often hindered by the binary silos of 
visual inspection and localized vibration sensing. This research proposes an integrated framework 
that synergizes non-contact sensing, specifically LDV and high-resolution imaging, with AR to 
provide a holistic, real-time diagnostic environment. By bridging the gap between surface-level 
defect detection and internal dynamic behavior, this project addresses the fundamental limitations 
of unimodal inspection methods. 

This project contributes to RO1 by leveraging AR wearables as a sophisticated visualization layer. 
The core objective here is to transform invisible dynamic structural responses into intuitive 
holographic fingerprints overlaid on the physical structure. To achieve the sub-100ms latency 
required for seamless AR experience on devices like Microsoft HoloLens 2, the research emphasizes 
the development of lightweight deep learning architectures. Through structural pruning and 
quantization-aware training, we ensure that high-fidelity multimodal models can operate on edge-
computing platforms without compromising diagnostic precision. This integration creates a closed-
loop system where the digital twin is continuously calibrated by live field data, enhancing the 
decision-making capabilities of onsite engineers. 
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Furthermore, the research directly advances RO2 by developing sophisticated AI algorithms for the 
selective fusion of heterogeneous data. Unlike conventional approaches that merely aggregate data 
points, our model utilizes cross-modal attention mechanisms to dynamically weight modalities 
based on environmental constraints and signal quality [109]. For example, during tunnel inspections 
where lighting may be insufficient for vision-based accuracy, the system adaptively prioritizes LDV-
derived dynamic features. This approach effectively enhances the structural assessment, enabling 
autonomous identification of complex, non-linear damage patterns. 

 

Figure 18: Non-contact sensing and AR visualization 

4.2.2. Literature Review and Evolution 

The technical landscape of SHM has undergone a profound paradigm shift over the last decade, 
transitioning from physics-driven analytical models to data-centric, AI-enhanced frameworks [110]. 
Historically, SHM relied heavily on FE model updating, where engineers manually calibrated 
mathematical representations against a limited set of frequencies and mode shapes [111]. However, 
these deterministic approaches often struggled with the inherent uncertainties of real-world 
environments, such as ambient temperature fluctuations and complex boundary conditions. 

The emergence of deep learning around 2015 catalyzed a move toward automated feature extraction. 
Initial efforts were primarily unimodal, focusing on CNNs for surface crack segmentation or LSTM 
networks for vibration time-series analysis. While these models demonstrated high accuracy in 
controlled settings, they revealed significant sensory blind spots. Vision-based systems are 
inherently limited to observable surface defects, failing to detect internal stiffness degradation or 
prestress loss. Conversely, traditional vibration-based SHM often relied on a sparse network of 
contact sensors, which are costly to install and prone to environmental degradation [112]. 

In the contemporary era, the focus has shifted toward multi-modal sensing and non-contact 
technologies. The integration of LDV has been transformative, offering sub-micrometer vibration 
resolution without the mass-loading effects or cabling complexities of traditional sensors. The 
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evolution of fusion strategies has also progressed significantly. Early systems typically employed 
decision-level fusion, where separate models for vision and vibration made independent predictions 
that were later aggregated. Such methods, while robust, fail to capture the underlying physical 
synergy between a visible crack and the resulting non-linear damping increase. Current research 
emphasizes feature-level fusion, using shared latent spaces to model the causal relationships 
between heterogeneous data streams. 

4.2.3. Predominant Methods, Technologies, and Data Types 

Contemporary SHM systems are defined by the convergence of high-performance AI architectures 
and advanced non-contact sensing modalities. At the sensing layer, LDV systems now support 
bandwidths to 50 MHz, enabling the detection of high-frequency stress waves associated with 
incipient concrete micro-cracking. When paired with UAV photogrammetry, these sensors provide a 
dense, three-dimensional representation of structural health that far exceeds the capabilities of 
manual inspections. 

The processing of these diverse data formats introduces a significant data paradigm challenge. 
While visual data is inherently spatial and 2D, vibration signals are temporal and 1D [112]. To bridge 
this representational gap, recent breakthroughs in Texture-based signal processing have enabled 
the conversion of 1D time-series into 2D texture images. This conversion allows for the reuse of 
highly optimized computer vision backbones, such as ViT or ResNet, which are superior at capturing 
global and local dependencies. The primary methodologies employed in this study for signal-to-
image encoding include GAF, RP, and CWT. For instance, GAF maps signals into polar coordinates 
to preserve temporal correlations, while RP reveals the regression characteristics of non-linear 
dynamical systems [113].  

By representing vibration data with these image encoding technologies, the AI model can identify 
structural anomalies as distinct geometric patterns, effectively aligning the dynamic modality with 
the visual modality. Furthermore, current fusion frameworks increasingly utilize cross-modal 
attention to integrate these encoded images [114]. By applying learned attention masks, the network 
can emphasize specific spectral regions in the vibration image that correspond to the location of a 
crack identified in the visual stream, achieving a level of diagnostic depth previously unattainable 
with unimodal or decision-fusion systems. 
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Figure 19: Predominant Methods and Technologies 

4.2.4. Identified Research Gaps and Limitations 

Lack Despite rapid advancements, several fundamental research deficits remain that necessitate 
the proposed doctoral investigation. The most prominent barrier is the Heterogeneity Gap [115]. 
While 1D-to-2D encoding techniques provide a common tensor format, they do not inherently 
resolve the physical-semantic misalignment between modalities. Visual images represent static 
surface topology, whereas vibration signals reflect the continuous flow of internal energy. Existing 
fusion models often treat these as mere data extensions, lacking a framework that can model the 
cross-modal causality, for example, determining how a specific crack geometry quantitatively 
influences a localized non-linear mode shape.  

Another critical gap lies in the limitations of the Linearity Assumption prevalent in traditional 
Operational Modal Analysis (OMA). Standard OMA methods assume structures behave as linear, 
time-invariant systems [116]. However, real-world infrastructure deterioration is fundamentally non-
linear. Phenomena such as breathing cracks, where crack faces intermittently contact during 
vibration, produce non-smooth responses that are often discarded as noise by linear filters. Texture-
based encoding methods like RP are theoretically capable of capturing these non-linear invariants; 
however, their application in civil SHM is currently in its infancy, with most successful use cases 
restricted to medical EEG analysis or rotating machinery. This research intends to validate the 
feasibility of signal textures for identifying the non-linear degradation signatures unique to reinforced 
concrete and composite materials [117]. 
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Finally, there is a significant implementation barrier regarding the deployment of deep learning on 
AR hardware. Advanced multimodal models, particularly those incorporating Transformers, are 
computationally intensive and exceed the memory bandwidth of mobile headsets. Current 
lightweight methods like simple pruning often led to an accuracy cliff, where sensitive high-
frequency vibration features are lost during model compression [118]. This project addresses this by 
exploring physically guided lightweighting, where the pruning process is constrained by structural 
mechanics principles to preserve critical damage-sensitive features. By bridging these gaps, the 
proposed research will provide the SHM community with a robust, scalable, and physically 
interpretable tool for the next generation of infrastructure inspection. 

4.3. Multi-drone Data Driven Systems for SHM (DC3) 

4.3.1. Content and Project Relevance 

The most pressing challenge in modern infrastructure management is the need for scalable, 
automated and reliable structural health monitoring systems that can operate across large, 
heterogeneous environments. A significant portion of European infrastructure has already exceeded 
its intended service life, increasing vulnerability to degradation, extreme events, and progressive 
collapse scenarios. Traditional inspection practices largely based on manual visual assessments 
and sparse sensor deployment are not only time-consuming and costly but also inherently 
subjective and difficult to scale [119], [120]. 

To overcome these limitations, this research proposes a multi-drone (UAV-based) data acquisition 
framework equipped with integrated multi-modal sensing technologies. By combining aerial 
platforms with advanced sensors, the system enables rapid, non-contact, and high-resolution data 
collection across large infrastructure networks [121]. These data streams are then processed using 
AI-driven techniques and integrated into data-driven digital twins, which serve as dynamic 
representations of physical assets for condition assessment, anomaly detection, and predictive 
analysis [122]. 

Within the broader FOURIER framework, this research contributes directly to: 
§ RO1: Advancing automated sensing and data acquisition strategies for infrastructure monitoring  
§ RO2: Enabling AI-driven analysis and digital twin modeling for structural risk assessment  

The proposed approach is particularly relevant for resource-limited communities, where traditional 
inspection methods are often infeasible due to cost and logistical constraints. By leveraging 
automation and AI, the research aims to democratize access to advanced SHM technologies and 
support proactive infrastructure management. 



Project: 101169429 — FOURIER — HORIZON-MSCA-2023-DN-01   

45 

D1.1 - SHM and AI taxonomies 

 
Figure 20: UAV-Based Data Acquisition Workflow for SHM 

4.3.2. Literature Review and Evolution 

Over the past two decades, SHM has evolved from model-based and sensor-driven paradigms 
toward data-centric and AI-enhanced approaches. Traditional methods primarily relied on physics-
based models and predefined thresholds, which often required expert knowledge and manual 
interpretation to identify structural anomalies. These approaches are limited in handling complex, 
nonlinear structural behavior and large-scale infrastructure systems, particularly under varying 
environmental and operational conditions. Moreover, early SHM systems relied heavily on fixed 
sensor networks, such as accelerometers and strain gauges, to monitor structural responses and 
detect anomalies through modal analysis and frequency-domain techniques [123]. 

While effective in controlled settings, these traditional approaches face several limitations, 
including high installation costs, limited spatial coverage, and poor scalability to large urban 
environments. Recent advancements have introduced UAV-based inspection systems, which 
provide flexible and cost-effective alternatives for data acquisition. UAV photogrammetry enables 
rapid 3D reconstruction of structures using image-based techniques, significantly reducing 
inspection time [124]. However, photogrammetric models often lack the geometric accuracy 
required for deformation analysis. 

To address this limitation, LiDAR-based UAV systems have been developed, offering high-resolution 
point clouds with improved metric accuracy, enabling precise geometric reconstruction and 
deformation monitoring [125]. In parallel, thermal imaging has been widely used to detect 
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subsurface defects such as delamination and moisture intrusion [126]. The combination of these 
sensing technologies allows for a more comprehensive assessment of both surface and internal 
structural conditions. When integrated with advanced data processing and AI techniques, these 
multi-modal datasets can significantly enhance the reliability and accuracy of damage detection. 
However, effectively combining and interpreting heterogeneous data sources remains a challenge, 
highlighting the need for robust sensor fusion frameworks in SHM applications. 

The integration of artificial intelligence (AI) has further enhanced SHM capabilities. Deep learning 
models such as Convolutional Neural Networks (CNNs) and object detection frameworks (e.g., 
YOLO, Faster R-CNN) have demonstrated high accuracy in crack detection and damage 
classification tasks [127]. Semantic segmentation models like U-Net have also been applied for 
pixel-level damage identification [128].  

More recently, the concept of digital twins has emerged as a powerful paradigm for infrastructure 
monitoring, enabling the integration of multi-source data with physics-based models to support real-
time decision-making [129, Pt. 1]. Digital twins provide a dynamic and continuously updated virtual 
representation of physical assets, allowing engineers to monitor structural performance and detect 
anomalies as they occur. By combining real-time sensor data with simulation models, these 
systems enable predictive analysis, helping to anticipate potential failures and optimize 
maintenance strategies. Furthermore, the integration of AI techniques within digital twin frameworks 
enhances their capability to learn from data, adapt to changing conditions, and support intelligent, 
data-driven infrastructure management. 

Despite these advancements, current research remains fragmented, often focusing on individual 
components rather than fully integrated systems that combine data acquisition, AI processing, and 
structural analysis. This lack of integration limits the ability to develop end-to-end monitoring 
frameworks capable of delivering reliable and actionable insights in real-world scenarios. As a result, 
many proposed solutions fail to achieve seamless interoperability between sensing technologies, 
data processing algorithms, and decision-support systems. Addressing this fragmentation requires 
the development of unified architectures that can efficiently connect data collection, analysis, and 
structural modeling within a single coherent framework. 

4.3.3. Predominant Methods, Technologies, and Data Types 

The proposed framework leverages a combination of advanced sensing technologies, AI-driven data 
processing methods, and diverse data types to enable comprehensive infrastructure monitoring. 

Sensing Technologies 

The system integrates multiple complementary sensing modalities: 
§ LiDAR (UAV-based laser scanning) provides high-resolution 3D point clouds for accurate 

geometric reconstruction and deformation analysis  
§ RGB imaging (photogrammetry) captures surface textures and visual defects such as cracks 

and spalling  
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§ Thermal imaging enables detection of hidden anomalies, including moisture ingress and 
delamination  

§ Hyperspectral sensing allows identification of material-level degradation and early-stage 
deterioration  

The combination of these sensors enables a multi-modal representation of structural conditions, 
improving detection accuracy and robustness. 

AI and Data Processing 

The collected data are processed using advanced AI techniques, including: 
§ Computer Vision Models  

o YOLO and Faster R-CNN for object detection and crack localization  
o U-Net for semantic segmentation of damaged regions  

§ Point Cloud Processing  
o Deep learning models such as Point Net for feature extraction from 3D data  
o Geometric analysis tools (e.g., Open3D) for deformation tracking  

§ Sensor Fusion Techniques 
Integration of LiDAR, RGB, and thermal data into unified datasets enables more comprehensive 
structural assessment. 

 
Figure 21: Predominant Methods, Technologies and Data types 
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Data Types 

The proposed multi-drone SHM system generates and processes a wide variety of data types, each 
contributing uniquely to the understanding of infrastructure conditions. These data formats 
collectively enable a multi-dimensional representation of structures, combining geometry, material 
behavior, temporal evolution, and semantic information. 
§ Point clouds (LAS/LAZ)  

3D point clouds are one of the primary outputs of LiDAR-based sensing systems. They consist of 
millions of spatial points, each defined by precise XYZ coordinates, and sometimes enriched with 
intensity or reflectance values. These datasets provide a highly accurate geometric representation 
of structures, making them essential for tasks such as deformation analysis, surface irregularity 
detection, and volumetric measurements. 

In SHM applications, point clouds enable the detection of subtle structural changes over time, such 
as displacement, settlement, or misalignment. Point cloud-based monitoring has been widely used 
in SHM for detecting structural changes and displacement with high precision [130].  

§ 3D models (Obj/Ply) 

3D mesh models are derived from point clouds or photogrammetry and represent surfaces using 
interconnected vertices, edges, and faces. Unlike raw point clouds, mesh models provide a 
continuous and visually interpretable surface representation, which is easier to use for simulation 
and visualization purposes. 

These models are commonly used in digital twin environments, where they serve as the geometric 
backbone of the virtual structure. They also support structural simulations, enabling engineers to 
analyze stress distribution, deformation behavior, and potential failure mechanisms. Mesh-based 
representations support structural simulations and allow engineers to analyze deformation and 
stress distribution in a more interpretable format [131]. 

§ Orthomosaics (GeoTIFF)  

Orthomosaics are high-resolution, georeferenced 2D images created by stitching together multiple 
aerial photographs captured by UAVs. Unlike standard images, Orthomosaics are corrected for 
geometric distortions, allowing accurate measurements of distances and areas. 

In SHM, Orthomosaics are widely used for visual inspection and surface damage detection, 
including cracks, corrosion, and material degradation. When combined with deep learning models, 
Orthomosaics enable automated defect detection across large infrastructure areas, significantly 
improving inspection efficiency [132].  

§ Thermal maps 

Thermal maps are generated using infrared cameras and represent the temperature distribution 
across a structure. Variations in temperature can reveal hidden defects such as moisture ingress, 
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delamination, insulation failures, or internal voids. 

This type of data is particularly valuable because it allows non-destructive and non-contact 
inspection of subsurface conditions, which are often not visible through standard visual imaging. 
Thermal data is frequently combined with RGB imagery to improve detection accuracy and 
interpretation [133]. 

§ Time-series deformation data 

Time-series data captures the evolution of structural responses over time, such as displacement, 
vibration, or strain. These data are typically obtained by comparing repeated measurements from 
UAV scans or integrating data from embedded sensors. 

This temporal dimension is critical for SHM, as it enables the identification of progressive damage 
patterns, long-term degradation trends, and dynamic structural behavior. Time-series analysis also 
supports predictive modeling, allowing early detection of potential failures before they become 
critical [134]. 

§ Annotated datasets for ML 

Annotated datasets consist of labeled data used to train and validate AI models. For example, 
images may be labeled with crack locations, damage categories, or severity levels. These datasets 
are essential for supervised learning approaches, such as object detection and segmentation. 

The quality and diversity of annotated datasets directly influence the performance of AI models. In 
the context of SHM, they enable the development of robust and automated damage detection 
systems, reducing reliance on manual inspection [135]. 

§ Digital twin models (Integrated geometric + semantic + physical data) 

Digital twin models represent the most advanced form of data integration, combining geometric, 
semantic, and physical information into a unified virtual representation of the structure. These 
models are continuously updated using real-world data collected from sensors and UAV systems. 

A digital twin goes beyond visualization by enabling: 
o Real-time monitoring  
o Structural simulation and analysis  
o Predictive maintenance planning  

By integrating multiple data sources, digital twins provide a holistic view of infrastructure health, 
supporting informed decision-making and risk assessment [136], [137]. 

Together, these data types form a comprehensive data ecosystem, where each layer contributes to 
a deeper understanding of structural behavior. The integration of spatial, visual, thermal, and 
temporal data enables the transition from traditional inspection methods to data-driven, intelligent 
infrastructure monitoring systems. 
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4.3.4. Identified Research Gaps and Limitations 

Despite the rapid advancement of UAV-based inspection systems, artificial intelligence, and digital 
twin technologies, current methodologies still exhibit fundamental limitations that hinder their 
scalability, integration, and practical deployment in real-world infrastructure systems. A critical 
analysis of the state-of-the-art reveals several key research gaps that motivate the need for the 
proposed investigation. 

One of the primary limitations lies in the lack of scalable and fully autonomous data acquisition 
frameworks. While UAVs have demonstrated significant potential for infrastructure inspection, most 
existing approaches rely on manually piloted systems or semi-automated workflows. This 
dependency reduces repeatability, increases operational costs, and limits the ability to monitor 
large infrastructure networks efficiently. Moreover, the absence of coordinated multi-drone systems 
restricts spatial coverage and prevents synchronized data collection on scale. Recent studies 
emphasize that achieving full autonomy and cooperative UAV operation remains an open challenge 
in SHM applications [138], [65]. 

A second critical gap concerns the limited development of robust multi-sensor data fusion 
methodologies. Although sensing technologies such as LiDAR, RGB imaging, and thermal cameras 
are widely adopted, they are typically used in isolation. This fragmented approach leads to 
incomplete representations of structural conditions and reduces the reliability of defect detection. 
The integration of heterogeneous data sources into unified, interpretable frameworks remains a 
major challenge, particularly in dynamic and noisy real-world environments. Current research 
highlights the need for advanced data fusion strategies capable of combining geometric, visual, and 
thermal information into consistent multi-modal representations [139]. 

Another important limitation is the weak coupling between data-driven AI models and physics-based 
structural analysis. Many digital twin implementations focus primarily on geometric reconstruction 
or visualization, without incorporating the underlying structural behavior or failure mechanisms. This 
disconnect limits their ability to support advanced applications such as progressive collapse 
analysis, where understanding load redistribution and structural interactions is essential. Recent 
literature stresses the importance of integrating physics-informed models with data-driven 
approaches to improve prediction accuracy and reliability [140], [141]. 

Furthermore, there is a notable lack of data sets specifically designed for progressive collapse and 
system-level failure scenarios. Most existing datasets are oriented toward surface-level damage 
detection tasks, such as crack identification or corrosion mapping, and do not capture the complex 
temporal and spatial interactions associated with structural failure processes. This limitation 
significantly restricts the development and validation of AI models for risk assessment and collapse 
prediction. 

In addition, current SHM workflows often suffer from data pipeline fragmentation, where data 
acquisition, processing, AI modeling, and structural simulation are treated as independent stages 
rather than components of an integrated system. This lack of end-to-end integration leads to 
inefficiencies, data inconsistencies, and reduced applicability in operational environments. 
Emerging research suggests that unified pipelines combining sensing, AI, and simulation are 
essential for next-generation SHM systems [142]. 
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Finally, a major barrier to practical implementation is the limited validation of existing approaches 
under real-world conditions. Many proposed methods have been tested only in controlled laboratory 
settings or small-scale experiments, failing to account for the complexity, uncertainty, and variability 
present in real infrastructure systems. Large-scale deployment at the community or city level 
remains largely unexplored, highlighting a critical gap between research developments and practical 
applications. 

4.4. Optimizing Predictive Maintenance of Geotechnical Systems Using 
Explainable AI-Powered Systems (DC4) 

4.4.1. Content and Project Relevance 

The topic of optimal predictive maintenance planning based on explainable AI for geotechnical 
systems is aligned with the FOURIER project, particularly with its third research objective (RO3), 
which aims to develop intelligent systems supporting infrastructure management and resilience 
[143]. In geotechnics, planning and construction are associated with large uncertainties and limited 
data on soil and site conditions. The data usually comes from different sources and testing methods 
that are capable to describe precisely the condition of a specimen or the soil state at a specific point 
in space but cannot accurately represent the terrain’s spatial variability. Therefore, in this study we 
optimize decision-making through accounting for information from different sources, as defined by 
the RO2, while consistently modeling parameter and data uncertainty.  

 
Figure 22: Probabilistic Digital Twin Framework for Geotechnical System 
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4.4.2. Literature Review and Evolution 

The discipline of Structural Health Monitoring (SHM) has undergone a profound transformation over 
the past three decades, evolving from a set of ad hoc, periodic inspection techniques into a 
continuous, data-centric, and increasingly intelligent field of study. As observed by [144], SHM 
passed through 4 phases, called: the vibrational paradigm, the sensing and connectivity phase, the 
rise of the Machine Learning (ML) and the nowadays integrated intelligence and Digital Twin (DT).  

During the first phase, in the late 90s, SHM was focusing on systemizing the damage detection 
process, based on four steps:  
§ Operational evaluation 
§ Data acquisition 
§ Feature extraction 
§ Statistical modeling for features discrimination 

Doebling et al. [145] established a vibration-based technique which connect the structure’s physical 
properties, such as mass, dumping and stiffness to the dynamic response. In addition, at that time 
the analytical frameworks were based on Finite Element (FE) models that were updated using 
experimental data. The main challenge for these procedures was to generalize the results outside of 
controlled laboratory settings 

The new millennium was marked by the introduction of Wireless Sensor Network (WSNs) and 
advanced optical fiber sensing, which offered a scalable and cost-effective alternative to traditional 
wired instrumentation. The objective moved towards providing more comprehensive spatial and 
temporal coverage, e.g., [146]. 

Despite the further technological advancement surpassing the capacity of manual processing, the 
data analysis was mainly relaying on technicians’ expertise and deterministic engineering models. 

The last decade has seen a definitive “data-driven” revolution in SHM. As computing hardware 
advanced and information technologies matured, the community pivoted toward Artificial 
Intelligence (AI) as a means of simulating human cognition and automating inspection tasks [147]. 
During the 2010s, early adopters integrated algorithms like Support Vector Machine (SVM), Random 
Forest (RF) and Artificial Neural networks (ANNs) for damage classification and anomaly detection. 
This era also saw the emergence of vision-based defect detection by means computer-vision 
architecture based on Convolutional Neural Networks (CNNs).  

In the past few years of the 2020s, the state of the art is defined by the concept of:” Integrated 
Intelligence”. This field is currently experiencing a convergence of several high-performance 
technologies: the Internet of Things (IoT), Big Data, Unmanned Aerial Vehicles (UAVs) and DTs. This 
synergy allows for the creation of virtual replicas that are continuously updated with real-time sensor 
data. 

Geotechnical Health Monitoring (GHM) and SHM have as a common playground the acquisition of 
data useful for assessing the state of a civil structure, however, they differ in the tools adopted and 
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the quantities of interest. GHM focuses on monitoring the state of pore pressure, soil settlement and 
temperature variations within the medium. The main role is played by deterioration models which 
describe the long-term behavior of geotechnical assets by integrating observation coming from in 
situ and laboratory tests. 

However, compared with the extensive body of research available in SHM, the literature on GHM 
remains relatively limited, particularly about integrated methodologies for long-term condition 
assessment and predictive modeling. For instance, [148] identify a limited availability of studies 
regarding monitoring and data acquisition tools for long earthworks. Important achievements are 
reported by the Achilles project [149], particularly in improving and validating numerical models for 
slope considering climate-related factors as well as in developing adaptation strategies and 
monitoring protocols aiming at to preventing failure.  

This branch of structural monitoring relies mainly on well-known instruments, such as piezometers, 
strain gauges and inclinometers. Moreover, flood defenses are still inspected via visual inspection, 
manually done by operators [150]. The transition towards high technological instruments is moving 
slower in geotechnics, even if tools like Fiber Optic Sensors (FOS), continuous sensors over several 
kilometers which analyze the backscattering of a light pulse, and Micro-Electro-Mechanical Systems 
(MEMS), miniaturized accelerometers and gyroscopes, are becoming increasingly utilized. 

4.4.3. Predominant Methods, Technologies, and Data Types 

The concept of the Digital Twin (DT) in SHM represents a fundamental transition in the management 
of physical assets, moving beyond static documentation toward a dynamic, bidirectional 
relationship between the real and virtual worlds. The specific introduction of DTs to the geotechnical 
domain is characterized by a transition from digital monitoring to integrated cyber-physical systems 
[151]. Key research areas that have served as the vanguard for this technology include:  
§ Tunneling and Underground Space: employed to mitigate high risk scenarios thanks to the 

availability of data from Tunnel Boring Machines (TBMs) 
§ Slope Stability and Landslides: DTs are used for real-time risk assessment, integrating multi-

source data to predict safety factors [152] 

Despite the progress, the adoption of these technologies in geotechnical engineering remains 
limited compared to other civil sectors.  

The Probabilistic Digital Twin (PDT) represents a fundamental shift from the traditional, deterministic 
digital modeling by explicitly accounting for the inherent uncertainties found in geotechnical 
systems [153]. The PDT is conceptualized as a probabilistic graphical model, an Influence Diagram 
(ID) that operates under the Markov assumption, also known as memoryless property, where the 
current state effectively gathers all the historical data relevant for the future predictions. The core 
strength of the framework is the ability to handle diverse and often low-quality data, which are 
distinguished in between Property data and Behavior data. Property data consists of direct 
measurements of material characteristics, used to improve the belief about the system by means of 
a procedure called Bayesian Updating, i.e. updating the marginal distributions of the state variables. 



Project: 101169429 — FOURIER — HORIZON-MSCA-2023-DN-01   

54 

D1.1 - SHM and AI taxonomies 

Conversely, the behavior data captures a response of the system, like a dynamic response or a 
displacement; they are used to calibrate the underlining predictive model by means a procedure 
called Bayesian Inversion. The PDTs represent an effective tool supporting decision-making, as far 
as they represent a clear picture of the state of the art of the system. 

The current approach adopted in this study for sequential updating is the Bayesian Updating with 
structural reliability methods (BUS) [154], which represents a powerful tool to draw samples directly 
from a posterior distribution by introducing a uniform random variable to the variable space. The key 
feature of this method is that a complex updating task is transformed into a reliability problem, 
solvable with all the structural reliability approaches as First Order Reliability Method (FORM), 
Second Order Reliability Method (SORM) and Subset Simulation (SuS) [155].  

Nowadays, the increasing availability of data regarding structure’s performances could be exploited 
to reduce uncertainty and predict rare events with higher precision [156]. The latter study, from 
Straub et al. proposes a new framework that accounts for monitoring data proving that FORM 
combined with BUS is very accurate nevertheless the low amount of model evaluations. Recent 
studies combine BU problems with surrogate models enabling a near-real-time reliability updating.  

Although optimizing Inspection and Maintenance (I&M) plans for a large deteriorating structure is a 
computationally challenging task, there are several approaches that could reduce the burden, such 
as heuristic methods and reinforcement learning approaches [161]. The cited solutions aim at 
solving the maintenance as a Sequential Decision Problem (SDP) for structures, approaching it from 
a mathematical point of view.  

Regarding the application to geotechnical infrastructures is worthy to note the work of Bismut et al. 
[162], facing the design of an embankment as a SDP, and the risk-based maintenance approach to 
riverine flood defense by Klerk et al.[150]. 
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Figure 23: Optimal Inspection and Maintenance (I&M) planning under Uncertainty 

4.4.4. Identified Research Gaps and Limitations 

While structural reliability often relies on basic Monte Carlo (MC) simulations that lack the precision 
of rare-event algorithms like Markov Chain Monte Carlo (MCMC), the focus of this study shifts away 
from standard failure probability estimation. Instead, we concentrate on developing high-
performance tools for PDTs in geotechnics, specifically designed to solve complex SDPs under 
uncertainty. In the geotechnical domain, physics-based failure models require computationally 
expensive FEM simulations, making traditional point-wise estimation impractical for real-time 
applications. To address this, the proposed methodology prioritizes: 
§ Efficient learning with Indirect Data: Existing frameworks struggle to integrate heterogenous and 

indirect data sources into a real-time updating loop. 
§ Real-time Reliability Evaluation: once the belief state of our system is updated, it is important to 

forecast the probability of failure in near-real-time.  
§ Scalable solutions for SDPs: most of the study regarding the optimization of I&M planning is 

applied to civil structures, such as bridges, although rarely to geotechnical infrastructures. This 
study proposes well-known approaches exploited in civil structures, e.g. Deep Reinforcement 
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Learning (DRL) and Heuristics, applied to geotechnical applications. 
§ eXplainable Artificial Intelligence (XAI) for decision support: a major barrier to the industrial 

adoption of AI lies on it “black-box” nature. This project addresses the need for explainability by 
incorporating suitable heuristics and transparent logic into the decision-making process. 

4.5. AI-based Data Enhancement for Low-Quality Inspection Data in 
Structural Health Monitoring (DC5) 

4.5.1. Content and Project Relevance 

This research addresses a fundamental challenge in modern structural health monitoring (SHM): the 
limited quality and reliability of inspection data, particularly in large-scale and cost-efficient 
monitoring scenarios.  

A significant portion of infrastructure systems are increasingly monitored using low-cost and large-
scale acquisition technologies, such as UAV-based inspections and open-source spatial data. While 
these approaches enable broader coverage and reduced operational costs, they often produce data 
that is low-resolution, noisy, and affected by environmental and acquisition constraints. As a result, 
the performance of AI-based inspection methods, such as defect defection, segmentation, and 
condition assessment, is directly impacted by the quality of the data input.  

To address this limitation, this research focuses on the development of AI-driven data enhancement 
techniques aimed at improving the usability of degraded inspection data. The objective is not only to 
improve visual quality, but to ensure that enhanced data supports reliable downstream analysis.  

Within the FOURIER MSCA Network, this work contributes to Research Objective 1 (RO1), which 
targets the development of advanced AI-based inspection and visualization technologies. In this 
context, this project plays a complementary role by improving the data quality layer that underpins 
these systems.  

The research is structured around three main directions:  

§ Enhancement of low-resolution visual and video data  
§ Reconstruction and fusion of heterogeneous data sources  
§ Development of task-aware data processing strategies  

By addressing the limitations of degraded data, this work supports the development of more robust, 
scalable, and automated inspection systems, enabling more frequent and reliable monitoring of 
infrastructure.  



Project: 101169429 — FOURIER — HORIZON-MSCA-2023-DN-01   

57 

D1.1 - SHM and AI taxonomies 

 

Figure 24: General AI-based SHM processing workflow showing the role of enhancement in 
downstream analysis 

4.5.2. Literature Review and Evolution 

Over the past decade, SHM has undergone a significant transformation, evolving from physics based 
and sensor-driven approaches toward data-centric and AI-driven methodologies.  

Early SHM systems relied heavily on analytical models and signal processing techniques, such as 
modal analysis and frequency-domain methods, requiring expert interpretation and manual 
intervention [119], [123]. While effective in controlled environments, these approaches were difficult 
to scale to large infrastructure systems and complex operational conditions.  

The transition toward data-driven approaches introduced machine learning techniques for damage 
detection and classification. These methods improved automation but remained dependent on 
handcrafted features and domain expertise, limiting their adaptability to diverse real-world 
scenarios [163].  

Recent advances in deep learning have significantly expanded the capabilities of SHM systems. 
Convolutional Neural Networks (CNNs) have demonstrated strong performance in image-based 
inspection tasks as well as in image enhancement applications such as super-resolution [164], [165]. 
GAN-based models have further enabled high-quality image reconstruction and perceptual 
enhancement, improving the realism of reconstructed images [166], [167], [168]. More recently, 
transformer-based architecture has advanced both high-resolution image processing and 
restoration tasks, achieving state-of-the-art performance in complex degradation scenarios [169], 
[170], [171].  

 

 



Project: 101169429 — FOURIER — HORIZON-MSCA-2023-DN-01   

58 

D1.1 - SHM and AI taxonomies 

Table 3: State-of-the-art performance in complex degradation scenarios 

Methodology Strengths Limitations Typical Use 

CNNs Strong local feature extraction Limited long-range 
context 

Super-resolution, 
segmentation 

GANs High perceptual realism Training instability Reconstruction, enhancement 

Transformers Long-range dependency 
modeling 

Computational cost Restoration, high-resolution 
processing 

Task-Aware Models Optimized for downstream 
tasks 

Limited SHM adaptation Detection-oriented 
enhancement 

However, most existing approaches are evaluated using reconstruction-based metrics, such as 
PSNR and SSIM, which measure pixel-level similarity rather than application-specific utility. Recent 
studies suggest that such metrics may not adequately reflect the effectiveness of enhancement 
methods in practical scenarios, where the goal is to improve downstream tasks such as detection 
or segmentation [172], [173], [174].  

Despite this emerging perspective, the application of task-aware enhancement strategies remains 
limited in SHM, where data degradation patterns differ significantly from standard computer vision 
benchmarks. Infrastructure inspection scenarios involving power systems, such as transmission 
towers, cables, and insulators…present unique challenges, as these structures are often 
characterized by thin geometries, low contrast, and strong sensitivity to spatial resolution. As a 
result, even minor degradation in image quality can lead to significant loss of structurally relevant 
information, directly impacting the performance of downstream inspection tasks.  

While several studies have explored image processing and detection techniques in power line 
inspection scenarios [174], [175], [176], these approaches are typically designed for detection or 
geometric analysis rather than data enhancement itself. In parallel, reconstruction methods 
developed in the computer vision domain often rely on simplified degradation models that do not 
fully reflect real-world inspection conditions [177]. Consequently, their effectiveness in supporting 
downstream SHM tasks remains limited. 

4.5.3. Predominant Methods, Technologies, and Data Types 

The current state-of-the-art in SHM combines advanced sensing technologies with AI-driven data 
processing methods to enable automated and scalable inspection  

AI Methodologies  
Modern approaches rely on:  
§ CNN-based architectures for feature extraction and reconstruction [164]  
§ GAN-based models for perceptual enhancement [146], [147] 
§ Transformer-based architectures for capturing long-range dependencies [149], [150] 
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Semantic segmentation architectures such as Fully Convolutional Networks (FCN) and U-Net have 
been widely used for pixel-level damage detection tasks [128], [178].  

Despite their success, most enhancement techniques remain focused on visual reconstruction, 
without explicitly considering downstream task requirements.  

 

Figure 25: Evolution of Super-Resolution Methodologies 

Sensing Technologies and Data Sources  

SHM systems increasingly rely on diverse data sources, including:  
§ UAV-based visual inspection (images and videos)  
§ Geospatial data platforms such as OpenStreetMap  
§ Embedded sensing systems (e.g., strain, vibration, temperature)  

These data sources produce heterogeneous datasets that are often affected by:  
§ Low resolution and compression  
§ Environmental noise and variability  
§ Incomplete spatial and temporal coverage  

Data Processing Workflows  

Typical inspection pipelines consist of:  
1. Data acquisition  
2. Preprocessing and alignment  
3. Data enhancement or reconstruction  
4. AI-based analysis (e.g., segmentation, detection)  
5. Decision support and intervention (e.g., maintenance planning, inspection prioritization)  
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Within this pipeline, data enhancement plays a critical role in bridging the gap between raw data 
quality and analysis requirements. 
Computational Challenges  

Key challenges include:  
§ Processing heterogeneous and high-dimensional data  
§ Limited availability of labelled datasets  
§ Generalization across different acquisition conditions  
§ Real-time and resource-constrained deployment  
§ Limited domain transferability across different datasets and inspection scenarios. 

These challenges highlight the need for application-oriented enhancement methods tailored to SHM 
data characteristics.  

4.5.4. Identified Research Gaps and Limitations 

Despite significant progress, several limitations remain in current SHM and data enhancement 
methodologies.  

One of the main difficulties lies in the poor quality of inspection data, especially in large-scale 
monitoring applications. Imagery collected by UAVs or low-cost sensors is frequently affected by 
noise, motion distortions, and challenging environmental conditions; issues that current 
enhancement approaches mitigate to some extent, though notable limitations remain in practical 
deployments. 

A second limitation is the lack of task-aware enhancement strategies. Most current approaches are 
optimized for pixel-level reconstruction accuracy, without considering the requirements of 
downstream tasks such as defect detection. This creates a disconnect between data processing 
objectives and application needs.  

Furthermore, multimodal fusion is still not consistently incorporated into inspection workflows. 
Visual data is frequently analyzed in isolation from sensor data, limiting the exploitation of 
complementary cues that could enhance reliability.  

Another critical issue is the lack of reliability and uncertainty awareness in enhancement methods. 
Enhanced data may introduce artificial details or distortions, which can negatively impact decision-
making in safety-critical applications. 

In addition, many approaches depend on simplified degradation models that poorly approximate 
real acquisition conditions, limiting their generalization [177]. This is especially evident in supervised 
settings, where synthetic low-resolution images are generated for training, yet these artificial 
degradations fail to reproduce the complexity of real sensor noise and environmental distortions.  

Identified Research Gap  
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There is a clear need for AI-based data enhancement frameworks specifically designed for SHM, 
capable of handling degraded and heterogeneous data while supporting reliable downstream 
analysis.  
Proposed Contribution  

This doctoral research aims to develop AI-driven data enhancement methods for structural health 
monitoring (SHM), with a focus on improving the usability and reliability of inspection data under 
real-world acquisition conditions. The work will investigate:  
§ Learning-based enhancement techniques for visual and temporal data  
§ Task-aware data processing approaches that align enhancement with downstream SHM 

objectives  
§ Multimodal data fusion strategies to better exploit complementary information across sensing 

modalities  
§ Methods for improving robustness and reliability of enhanced data in operational environments  

The overarching objective is to enable robust, scalable, and task-aligned data processing pipelines 
that enhance the quality and interpretability of SHM data collected in the field.  

 

Figure 26: Main methodological limitations motivating the proposed doctoral research 

Current milestones already contribute to this trajectory. I am preparing a paper entitled “Evaluating 
the Relationship Between Super-Resolution Metrics and Downstream Inspection Performance: A 
Study on UAV Powerline Segmentation,” which examines how enhancement quality translates into 
practical inspection outcomes. In parallel, I have nearly completed a research secondment at 
Fraunhofer EMI, where I gained exposure to resilience-oriented SHM concepts and high-precision 
measurement environments. This experience strengthened my understanding of how data 
enhancement methods must operate under dynamic, safety-critical, and real-world conditions. 
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Figure 27: Overview of the proposed AI-driven enhancement framework for structural health 

monitoring 

4.6. Synthetic Data-Driven Training of AI Algorithms for Structural Health 
Monitoring (DC6) 

4.6.1. Content and Project Relevance 

Critical infrastructures such as roads, railways, bridges, and other structures are increasingly 
exposed to natural hazards including landslides, rockfalls, flooding, erosion, ground instability, and 
land subsidence due to climate change [179], [180], [181]. These hazards can cause direct 
infrastructure damage and disrupt mobility, emergency response, and long-term recovery [182]. 
Effective AI-based health monitoring of these assets requires large and diverse datasets that 
represent both normal conditions and hazard-induced damage. However, the lack of representative 
monitoring and damaged data remains a major limitation because AI-based models require large-
scale training datasets for accurate prediction, detection, and interpretation. Therefore, this 
research focuses on training AI health monitoring algorithms using large-scale synthetic data under 
DC6 by generating enhanced multi-source spatio-temporal datasets and synthetic datasets for AI-
based multi-hazard susceptibility mapping, damage detection, and SHM applications. 

The proposed research uses multi-source observation data from station sensors, optical and radar 
satellite imagery, LiDAR, drone observations, and other geospatial sources to derive variables such 
as digital elevation models, ground deformation data, land use and land cover, soil properties, 
precipitation, temperature, wind velocity, and other environmental or infrastructure-related 
indicators. These variables represent external loading, environmental conditions, terrain 
characteristics, deformation patterns, and infrastructure-related factors that influence hazard 
occurrence and infrastructure condition [183], [184], [185], [186], [187], [188]. Since direct 
observations are often sparse, incomplete, or inconsistent in resolution, the collected datasets are 
processed through calibration, fusion, enhancement, and forecasting to improve spatial coverage, 
temporal continuity, and data quality. Station observations are interpolated and calibrated with 
satellite products, while satellite-derived datasets may be enhanced through data fusion, 
downscaling, and super-resolution using LiDAR, drone, or other high-resolution reference data [167], 
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[189], [190], [191], [192], [193], [194], [195]. The resulting enhanced multi-source spatio-temporal 
datasets, derivative variables, and other relevant data sources are then used for synthetic data 
generation, especially through GAN-based methods, to support AI-based susceptibility analysis for 
SHM [196], [197]. 

Within the FOURIER framework, this research contributes to RO1: Develop Augmented Reality and 
Visualization Technologies by developing a digital twin monitoring platform where susceptibility 
maps, damage-detection outputs, and SHM-oriented layers can be visualized. It contributes to RO2: 
Develop AI Algorithms for Data Fusion and Interpretation by integrating heterogeneous data sources 
through calibration, fusion, enhancement, forecasting, and synthetic data generation for AI-based 
analysis. It also contributes to RO3: Implement AI-powered Decision-Making Tools by producing 
outputs that can support hazard identification, damage detection, inspection prioritization, 
maintenance planning, early-warning applications, and risk-informed decision-making. 

4.6.2. Literature Review and Evolution 

Goodfellow Over the past decade, structural health monitoring and digital inspection have shifted 
from traditional inspection-based and analytical methods toward AI-driven and data-centric 
approaches. Earlier methods such as visual inspection, field surveys, nondestructive testing, 
vibration monitoring, strain measurements, displacement sensors, and analytical assessment 
remain important for evaluating infrastructure conditions, but they are often limited by sparse 
monitoring coverage, high cost, incomplete records, and difficulty in application to distributed 
infrastructure systems. Recent studies therefore increasingly use machine learning and deep 
learning for damage detection, infrastructure monitoring, and hazard-related assessment, 
especially because infrastructure condition is influenced by external and environmental variables 
such as precipitation, temperature, elevation, slope, land use and land cover, soil properties, 
hydrometeorological factors, and ground deformation, which are commonly used as conditioning or 
triggering variables in landslide, flood, rockfall, and land-subsidence analysis [183], [184], [185], 
[186], [187], [188]. 
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Figure 28: Comparison of the temporal and spatial information of different observations 

However, direct observations of these variables are often spatially sparse, temporally incomplete, 
inconsistent in resolution, or unavailable across large areas. As shown in the figure, each 
observation source has different strengths and limitations: station sensors provide high temporal 
frequency but limited spatial coverage; satellite data provide broader spatial coverage with 
moderate spatial and temporal resolution; and LiDAR and drone observations provide high spatial 
resolution but lower temporal frequency. Because no single observation source is sufficient on its 
own, interpolation, calibration, data fusion, downscaling, and super-resolution are used to improve 
the quality and usability of observation datasets. Station measurements can be extended through 
interpolation and calibrated with satellite products, while satellite-derived datasets can be 
enhanced using LiDAR, drone, or other high-resolution reference data [167], [189], [190], [191], [192], 
[193], [194], [195]. 

The technical evolution also shows increasing interest in synthetic data generation for AI model 
training, especially because real damage records in hazard and SHM applications are often limited, 
irregular, and not consistently documented. Synthetic data can increase the amount and diversity of 
training samples for AI-based susceptibility mapping and damage-related interpretation, with 
previous studies showing the potential of GAN-generated data in landslide susceptibility mapping 
and displacement time-series prediction [196], [197]. Therefore, the field has evolved from manual 
inspection and conventional monitoring toward AI-based workflows that depend on multi-source 
observation data, enhanced spatio-temporal datasets, and synthetic data generation. This research 
follows this development by using station, satellite, LiDAR, drone, and other geospatial observations 
to generate enhanced and synthetic datasets for AI-based multi-hazard susceptibility mapping, 
damage detection, and SHM applications. 
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4.6.3. Predominant Methods, Technologies, and Data Types 

The state-of-the-art in this research area is based on the integration of advanced sensing 
technologies, geospatial data processing, enhanced datasets, synthetic data generation, and AI-
based modelling. This research uses multi-source observations from station sensors, optical and 
radar satellite imagery, LiDAR, drone observations, and other geospatial sources to produce 
enhanced spatio-temporal datasets and derivative variables for damage detection, multi-hazard 
susceptibility mapping, and SHM applications. These variables include digital elevation models, 
ground deformation data, LULC, soil properties, precipitation, temperature, wind velocity, soil 
moisture, hydrometeorological variables, vegetation indicators, and other exposure-related data. 
They are important because multi-hazard susceptibility mapping requires information on 
conditioning factors, triggering factors, exposed elements, and possible infrastructure impacts, 
which have been widely used in susceptibility studies involving topographic, geological, hydrological, 
geotechnical, anthropogenic, and infrastructure-related data [198], [199], [200], [201], [202]. 

 

Figure 29: Scientific workflow for multi-source observations, calibration, fusion, enhancement, 
and AI-based risk and susceptibility modelling for structural health monitoring applications 

In the calibration and enhancement stage, station observations are extended using interpolation and 
calibrated with satellite-derived variables. Interpolation converts point-based measurements into 
spatially continuous datasets, while calibration improves the consistency between satellite 
products and local observations. Regression-based calibration has been used in studies involving 
MODIS land surface temperature, meteorological station data, MODIS precipitable water vapor, and 
GPS observations [147], [169], [171]. Kernel interpolation with barriers may also be tested because 
of its reported performance in rainfall interpolation [170]. Satellite-derived products may also be 
improved using data fusion, downscaling, and super-resolution, where high-resolution auxiliary data 
such as LiDAR, drone products, or high-resolution optical imagery are used to improve the spatial 
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detail of coarser satellite-derived datasets. This follows the UAV–satellite synergy concept, where 
drone data provide high spatial detail and satellite data provide broader spatial coverage and 
temporal continuity [172]. ESRGAN-based approaches are also relevant for image and elevation-
data enhancement, but their outputs must be carefully validated because visually enhanced results 
may introduce unrealistic features [167], [203], [204]. 

Forecasting methods are also important because environmental and observation datasets often 
contain temporal gaps. Forecasting can be used to estimate missing observations and future 
environmental loading conditions, including temperature, precipitation, and wind. Harmonic 
regression with a linear trend can be applied to temperature data to capture long-term and periodic 
variability, while LSTM networks may also be used for multivariate weather forecasting involving 
temperature, precipitation, humidity, wind speed, and pressure [205]. In this research, station 
measurements provide localized and temporally frequent observations; satellite data provide 
broader spatial coverage and repeated observations; radar and InSAR products provide 
deformation-related information; and LiDAR and drone observations provide high-resolution spatial 
detail for DEMs, terrain variables, surface models, and site-specific infrastructure observations. This 
multi-source strategy combines temporal strength, spatial coverage, and spatial detail to generate 
more complete datasets for AI-based susceptibility mapping and SHM applications. 

 

Figure 30: Proposed workflow of AI-Based Synthetic Data Generation and Multi-Hazard 
Susceptibility Mapping 

Synthetic data generation is applied to the enhanced multi-source spatio-temporal datasets, 
derivative variables, and other relevant source data. These include environmental, geological, 
hydrological, geotechnical, anthropogenic, deformation-related, and infrastructure-related 
variables, depending on the target hazard and data availability. The generated synthetic data are 
used to increase the amount and diversity of training samples for AI-based susceptibility modelling. 
Previous studies have shown the potential of GAN-generated data in landslide susceptibility 
mapping and displacement time-series prediction [196], [197]. 

Damage detection is one main AI-based output of the workflow. Enhanced multi-temporal optical 
satellite imagery, deformation products, and other remote sensing datasets will be used with AI-
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based damage detection algorithms to identify potentially affected infrastructure and visible hazard-
related impacts. Relevant methods include deep-learning models, CNN-transformer approaches, 
Siamese fusion networks, InSAR-based methods, and Vision Transformer approaches, which have 
been used for road damage, building damage, deformation-related effects, and other visible impacts 
on critical infrastructure [206], [207], [208], [209]. 

The second main output is multi-hazard susceptibility mapping. Enhanced variables and synthetic 
datasets will be used to train and optimize AI-based susceptibility models. Previous studies have 
shown the potential of GAN-generated data in landslide susceptibility mapping and displacement 
time-series prediction [196], [197]. Different supervised learning models, ensemble methods, or 
automated model-selection approaches may be evaluated under consistent settings. After model 
optimization, sensitivity analysis will be conducted to identify the most relevant variables, which can 
then be used in an additional cycle of synthetic data generation and AI model optimization to refine 
the final multi-hazard susceptibility maps. 

The main computational challenge is the integration of heterogeneous observations with different 
spatial resolutions, temporal frequencies, uncertainties, and spatial coverage. Station 
measurements require cleaning, aggregation, interpolation, and calibration; optical satellite 
datasets require cloud masking, resampling, alignment, and variable extraction; radar satellite 
datasets require deformation processing; and LiDAR and drone data require surface modelling and 
integration with other geospatial layers. These steps are needed to transform raw observations into 
enhanced datasets for synthetic data generation, damage detection, sensitivity analysis, and AI-
based susceptibility mapping. 

4.6.4. Identified Research Gaps and Limitations 

The critical knowledge gaps and methodological limitations can be summarized as follows: 

§ Limited training data: Complete and reliable training data for AI-based SHM and multi-hazard 
susceptibility mapping remain limited because infrastructure damage is irregular, spatially 
distributed, and not always documented consistently.  

§ Heterogeneous data integration: Multi-hazard susceptibility mapping requires environmental, 
topographic, geological, hydrological, geotechnical, anthropogenic, deformation-related, and 
infrastructure-related variables that differ in resolution, accuracy, uncertainty, temporal 
frequency, and spatial coverage.  

§ Incomplete observation datasets: Station records may contain missing values, satellite 
imagery may be affected by cloud cover, radar observations may suffer from low coherence, and 
LiDAR or drone datasets may be limited by acquisition cost and temporal availability.  

§ Synthetic data reliability: Synthetic data can increase the amount and diversity of training 
samples, but poorly generated datasets may introduce bias, unrealistic patterns, or misleading 
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relationships into AI-based susceptibility models.  

§ AI-based model optimization for multi-hazard susceptibility mapping: Existing approaches 
often evaluate susceptibility models without fully integrating enhanced datasets, synthetic data 
generation, model optimization, and sensitivity analysis to identify the most relevant variables 
and refine final multi-hazard susceptibility maps. 

Overall, these gaps show the need for a workflow that integrates enhanced multi-source spatio-
temporal datasets, synthetic data generation, AI model optimization, sensitivity analysis, and 
validation using available ground-truth information such as inspection reports, damage records, 
maintenance data, or observed hazard events. The reliability of the final outputs will depend on data 
availability, spatial and temporal resolution, data quality, the performance of calibration, fusion, 
enhancement, and forecasting methods, and the realism of the synthetic datasets. Therefore, the 
scientific contribution of this research is to develop a data-driven workflow that improves AI training 
data for multi-hazard susceptibility mapping and SHM applications. 

4.7. AI-Driven Solutions for Inverse Problems and Digital Twin Updating 
(DC7) 

4.7.1. Content and Project Relevance 

Civil infrastructure accumulates damage over decades of service due to a variety of factors, which 
are known as infrastructure ageing. Structural Health Monitoring (SHM) addresses the problem 
through a hierarchy of questions regarding the existence, the localization, the severity, and the 
prognosis [210] of structural damage. Answering these questions from a handful of noisy sensors 
possesses a challenging engineering problem. The sensors record the structural response while the 
latent parameters that produced it, e.g., material stiffness, damping, damage state, must be inferred 
backward from the measurements. These parameters are used to update a Digital Twin (DT), which 
is a virtual model that is being updated so that it is consistent with the asset as it ages, is repaired, 
or sustains damage [129], [211]. The updated DT can then be used to determine the structural state 
for prognosis, fragility analysis, and maintenance planning. This also requires quantifying 
uncertainty in materials, loading, and sensing at a computational cost that should be compatible 
with operational decision-making. 

The topic aims to address the dual challenge of inverse problem solving and DT updating. Its 
FOURIER action-plan objective is to “implement AI techniques that enable inverse problem solving 
and automatic DT updating”, validated on bridges, harbor structures, Offshore Wind Turbines 
(OWTs). It supports Research Objective [RO2] (AI for data fusion and interpretation in SHM) and 
provides physics-aware building blocks for sensing, inspection and risk that can merge in 
operational digital twins. 
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The plan is organized along a Sense-Detect-Diagnose-Predict pipeline with three coupled goals: (i) 
detecting damage and novel failure modes from sparsely labelled data, (ii) diagnosing via inverse 
problems on high-order structural PDEs from sparse, noisy measurements, and (iii) predicting failure 
probabilities and residual life through physics-aware surrogates. These goals should be met at a cost 
compatible with continuous DT updating.  

4.7.2. Literature Review and Evolution 

Vibration-based SHM emerged in the 1990s around modal identification and statistical anomaly 
detection. Damage was inferred from modal shifts, with Environmental and Operational Variability 
(EOV) handled by hand-crafted features and outlier rules [212], [213]. Inverse problems were posed 
as model updating via Bayesian inference or Kalman filters, dominated by repeated FE solves [214]. 

Three research directions have since reshaped the field of Vibration-based SHM.  

The first direction is data-driven representation learning. It extracts damage-sensitive features from 
raw measurements at near-real-time inference [215], [216] [217] [218]. Variational autoencoders 
[219] [220] [221] and their conditional/supervised variants [222] [223] [224] shape probabilistic 
latent spaces for damage classification and novelty detection [225], while metric-learning objectives 
such as the triplet loss [226] allows the creation of structured clusters  and member-level 
localization [227]. Sequence modelling has moved beyond recurrent networks toward two ODE-
inspired families, gated continuous-time models such as Long Expressive Memory [228] and 
selective state-space models such as Mamba [229], which handle long-horizon dependencies with 
stable updates and scale better than transformers[230]. 

The second research direction is physics-informed learning. It takes the opposite direction 
compared to data-driven representation learning. More specifically, where data is scarce, Physics-
Informed Machine Learning [231] embeds physical laws into the learning objective. Its best-known 
instance is the Physics-Informed Neural Network (PINN) [232] [231] [233], which solves forward and 
inverse PDE problems, recovering loads and material parameters from sparse, noisy measurements. 
Baseline PINNs suffer from gradient pathologies and loss imbalance [234], [235], spectral bias 
toward low frequencies [236], [237], and poor scalability in high dimensions. These limitations have 
driven causality-enforcing losses [238], transformer backbones [239], domain decomposition [240] 
[241] [242] [243], auxiliary variables [244], and the separable PINN (SPINN) of Cho et al. [245], which 
replaces a monolithic network with one per input axis fused by an outer product, cutting Cartesian-
grid cost from O(𝑁! ) to O(dN). Hybrid PINN/FE couplings [246] and operator-learning extensions 
[247] further extend the family. 

The third direction, operator learning, is in the core of DT-updating mandate. Whereas a PINN solves 
a single PDE instance, Neural Operators (NOs) learn the solution map between function spaces. 
NOs, trained once over a family of forcings, boundary conditions, or material parameters, can 
generalize at inference cost, a natural fit for the predictive core of a DT. The DeepONet of Lu et al. 
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[248], the Fourier Neural Operator [249], and the convolutional neural operator [250] form a 
discretization-robust surrogate family with millisecond inference. 

4.7.3. Predominant Methods, Technologies, and Data Types 

Four methodological families define the State-Of-The-Art at the intersection of AI and SHM, mapping 
onto this topic pillars. Their inputs come from accelerometers (100–2000 Hz), fiber-optic strain (FBG, 
DAS), GNSS, and vision sensors. Data arrives as raw time series, modal/spectral features, or images 
and point clouds.  

Self-supervised representation learning for damage detection 

In real-world SHM, no complete catalogue of potential damage exists while examples of damaged 
structures are limited, fault types change over time, and new failure modes can appear during the 
service life of the asset. The damage detection algorithm should, therefore, classify structural states 
from very few labels and recognize faults it has never seen. 

Self-supervised learning sidesteps this label scarcity by extracting learning patterns directly from 
raw monitoring data. Joint-embedding methods [43]  learn a compact representation by comparing 
different views of the same signal. Healthy-only (one-class) strategies [225] train only on data from 
a healthy structure and flag anything deviating from the learned 'normal'. Finally, metric-learning 
heads [226] [227] shape the latent geometry so similar damage states cluster together, easing both 
clustering and member-level localization. 

All three approaches can separate the data as shown in Figure 31. Healthy behavior occupies a well-
defined region of the learned latent space, while damaged points have a measurable shift away and 
thus can be flagged even if their label is not available during training. 

 

Figure 31: Self-supervised representation learning for damage detection approaches 
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Physics-Informed Neural Networks for forward and inverse structural dynamics 

Damage diagnosis is an ill-posed inverse problem, since damage manifests as spatially localized 
changes in stiffness, mass, or boundary conditions that must be recovered from sparse, noisy 
sensor data. To address this need, the Causal Aux SPINN [252] has been proposed. Causal Aux 
SPINN is a scalable PINN variant that can be for high-order structural PDEs. It combines separable 
PINNs [245] for computational efficiency, causality losses [238] for temporal ordering, and auxiliary-
variable formulations [244] against spectral-bias amplification under repeated automatic 
differentiation. The proposed method has been demonstrated in six benchmarks (Euler–
Bernoulli/Timoshenko beams, membranes, Kirchhoff–Love plates), cutting relative L² error by 40–90% 
over baseline SPINN at similar training time. Causal Aux SPINN is an order of magnitude faster than 
competing PINN variants, while the proposed methodology recovers flexural rigidity and bending 
stiffness from sparse measurements, directly addressing the inverse problem. 

 

Figure 32: Physics-Informed Neural Networks for forward and inverse structural dynamics 

Simulation-free reliability and uncertainty quantification 

Classical reliability methods, such as Monte Carlo, FORM, subset simulation [253] [254], need 
repeated FE solves which often become prohibitive, especially at low-probability events (Pf ∈ 10⁻⁵-
10⁻⁷). Furthermore, surrogate models, such as Kriging and active-learning surrogates [255] [256], still 
require labelled training data. PINN-based reliability methods [257] [258] [259] [260] learn directly 
from the PDE but have been validated only on monolithic backbones, scaling poorly in dimension. 
The developed Weighted Active Learning SPINN for Reliability Analysis (WALL SPINN RA) method 
[261] which treats uncertain parameters as additional input axes of a separable PINN with a 
proximity-weighted loss and adaptive parametric resampling. On the case study problems 
considered, the method reaches 0.5–1.8% error in the estimated failure probability (Pf) at 10-20 
times less training cost than competing PINN methods, since the method can perform 10⁶ Monte 
Carlo function evaluations in approximately 1 second. Thus, the method can be a promising 
candidate for continuous reliability updating of DTs. 
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Figure 33: Simulation-free reliability and uncertainty quantification 

Neural operators as nonlinear dynamic model surrogates 

Neural Operators (NOs) are fast nonlinear surrogates mapping input functions (loadings, 
environmental forcings, parameter fields) to structural response. Architectures such as DeepONet 
[248], FNO [249], and CNO [250] deliver millisecond inference, viable as the predictive core of a DT 
where per-instance PINN solves are too slow. This connects to the goals of this topic in two ways. 
On the Diagnose-to-Predict bridge, an operator trained on a parameter family propagates updated 
stiffness/damage estimates into response forecasts without retraining. On the spectral-fidelity front, 
the narrow-band high-wavenumber regime that motivates adversarial/frequency-aware operator 
training [262] is exactly the regime of slender bridge members and cable-stayed elements in the 
FOURIER cases. The project will evaluate operator learning as a complementary route to SPINN-RA, 
feeding the same pipeline.  

4.7.4. Identified Research Gaps and Limitations 

The literature discussed above and as preliminary work reveals several research gaps that motivate 
this doctoral investigation. 

On the damage Detect side, self-supervised and one-class methods are validated almost exclusively 
on simulated or laboratory data with controlled fault classes. Under healthy-only training, the 
realistic SHM regime, latent-collapse failure modes appear, and detection of unseen faults is poorly 
characterized. Transferability of state-space encoders pretrained on synthetic vibration data to real 
assets likewise remains untested. 

On the Diagnose side, the Causal Aux SPINN closes the principal training stability gap for high-order 
structural PDEs, but the gap from PDE to deployment remains. Validation has been confined to 
simulated benchmarks with idealized boundary conditions. Furthermore, behavior under realistic 
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sensor noise, partial observability, and EOV is uncharacterized, and parameter recovery has not 
been benchmarked against classical Bayesian model updating. Moreover, the fidelity gap between 
the governing PDE and the true structural response has not been studied. Real infrastructure exhibits 
unmodelled nonlinearities, boundary effects, and material heterogeneity that any chosen PDE 
captures only approximately. 

On the Predict side, although WALL-SPINN-RA already pushes PINN-based reliability into the ULS 
regime (Pf ∈ 10⁻⁵–10⁻⁷), two gaps remain. The immediate gap is fragility-curve generation, the 
standard probabilistic descriptor for performance-based design, essentially untouched by PINN-
type methods, and WALL-SPINN-RA itself has yet to be field-validated. The longer-horizon gap is the 
use of NOs for civil-infrastructure reliability. Trained once, Neural Operators (NOs) can process 
vector-valued, multi-hazard loading (seismic, wave, wind) and propagate it to structural response at 
millisecond inference, a natural fit for multi-hazard fragility-curve generation, where conditional 
reliability over coupled intensity measures is the bottleneck. Two obstacles remain. First, L²-trained 
operators under-represent high-wavenumber content [262], a problem when response sits in narrow 
frequency bands,  adversarial and frequency-aware remedies have been examined only in fluid 
mechanics. Second, integrating NO surrogates with variance-reduction reliability schemes and 
multi-hazard fragility pipelines as the predictive core of a civil-infrastructure DT remains open. 

The gaps discussed above all converge on the problem of end-to-end, online DT updating. The Detect, 
Diagnose, and Predict pillars operate as loosely coupled modules, and most DT frameworks rely on 
periodic, offline calibration. No unified, sensor-stream-driven workflow has been demonstrated on 
a civil engineering case study, in which self-supervised representations flag anomalies, inverse 
SPINN solvers localize parameter changes, and SPINN-RA/NO schemes estimate residual reliability 
under a bound budget with explicit uncertainty propagation.  
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5. Cross-cutting Analysis and Network Synergies 
5.1. Methodological Intersections 

The research activities developed within this project collectively form a cohesive and multi-layered 
methodological framework for next-generation structural health monitoring (SHM). Rather than 
addressing isolated technical problems, the different research directions converge toward a unified 
vision: enabling intelligent, scalable, and data-driven monitoring systems capable of operating 
across complex and heterogeneous infrastructure environments. This convergence is particularly 
important given the increasing demands placed on infrastructure systems, where traditional 
inspection methods are no longer sufficient to ensure safety, reliability, and sustainability. 

At its core, the methodological intersection can be understood as a continuous data-to-decision 
pipeline, where each stage contributes to transforming raw data into actionable knowledge. This 
pipeline begins with data acquisition, progresses through data processing and modeling, and 
ultimately supports decision-making processes. The strength of the framework lies not only in the 
individual components but in the tight integration and feedback loops established between them. 

The first layer of the framework focuses on data acquisition, which forms the foundation of all 
subsequent processes. Recent advances in sensing technologies have enabled a shift from sparse, 
contact-based measurements to dense, non-contact, and multi-modal sensing systems. These 
systems leverage aerial platforms, such as unmanned aerial vehicles (UAVs), combined with 
advanced sensors including LiDAR, high-resolution cameras, thermal imaging devices, and 
vibration-based measurement tools. 

This transition represents a fundamental methodological shift. Traditional SHM approaches relied 
on fixed sensor networks, often limited in spatial coverage and constrained by installation and 
maintenance costs. In contrast, UAV-based systems provide flexibility, scalability, and rapid 
deployment, allowing infrastructure to be monitored at unprecedented spatial and temporal 
resolutions. Moreover, the integration of multiple sensing modalities enables the capture of 
complementary information. For instance, visual data provides detailed surface-level information, 
LiDAR captures precise geometric structure, and thermal imaging reveals subsurface anomalies. 
When combined, these modalities create a rich, multi-dimensional representation of structural 
conditions, significantly enhancing the ability to detect and characterize damage. 

However, this richness also introduces complexity. The diversity of data formats and sensing 
characteristics requires careful coordination and synchronization, highlighting the need for 
standardized acquisition protocols and sensor integration strategies. The methodological 
contribution at this stage is therefore not only the use of advanced sensors but the development of 
coherent multi-modal sensing ecosystems. Following data acquisition, the next critical stage 
involves data preprocessing and enhancement. In real-world scenarios, collected data is often 
affected by noise, low resolution, environmental variability, and incomplete coverage. These issues 
can significantly degrade the performance of AI models and compromise the reliability of structural 
assessments. To address these challenges, advanced data enhancement techniques are employed, 
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including super-resolution methods, denoising algorithms, and data reconstruction strategies. 
These methods aim to transform raw, imperfect data into high-quality, analysis-ready inputs. 

A key methodological insight here is that data enhancement should not be treated as a purely visual 
or signal-processing task. Instead, it must be task-aware, meaning that enhancement techniques 
should be optimized based on their impact on downstream applications such as damage detection, 
segmentation, or prediction. This represents a shift from traditional reconstruction-based 
approaches toward application-driven data processing. Furthermore, preprocessing steps such as 
data alignment, normalization, and calibration are essential for ensuring consistency across 
different data sources. In multi-modal systems, these steps enable the integration of heterogeneous 
datasets into a common representation space, facilitating subsequent analysis. 

A major bottleneck in data-driven SHM is the limited availability of labeled datasets, particularly for 
rare events such as structural failure or extreme loading conditions. To overcome this limitation, the 
framework incorporates data generation and augmentation strategies based on simulation models 
and generative AI techniques. Digital simulations of infrastructure systems allow the generation of 
synthetic data under controlled conditions, capturing a wide range of scenarios that may not be 
observable in real-world datasets. These simulations can incorporate physical properties, loading 
conditions, and degradation processes, providing a rich source of training data. In parallel, 
generative models such as generative adversarial networks (GANs) enable the creation of realistic 
synthetic data that closely resembles real-world observations. These models can be used to 
augment existing datasets, improve data diversity, and reduce overfitting in AI models. 

The integration of real and synthetic data represents a key methodological innovation, as it allows 
for the development of models that are both accurate and generalizable. However, it also raises 
challenges related to data realism, bias, and domain transferability. Addressing these challenges 
requires careful validation and the development of hybrid training strategies that combine simulated 
and real-world data. 

At the modeling stage, the framework leverages digital twin technology to create dynamic and 
continuously updated representations of physical infrastructure systems. Digital twins integrate 
data from multiple sources, including sensors, simulations, and historical records, to provide a 
comprehensive view of structural behavior. 

A key methodological aspect of digital twins is their ability to support bidirectional interaction 
between physical and virtual systems. Data collected from the physical asset is used to update the 
digital model, while the digital model provides predictions and insights that inform real-world 
decisions. Central to this process is the use of AI-based methods for solving inverse problems, 
where the goal is to infer hidden structural parameters from observed data. These methods enable 
the estimation of quantities that are not directly measurable, such as internal stress, material 
properties, or damage states. The integration of inverse modeling with digital twins allows for 
adaptive and self-updating systems, capable of maintaining accuracy over time despite changing 
conditions. This represents a significant advancement over static models, which often require 
manual recalibration. Moreover, the incorporation of physics-based constraints into AI models, 
often referred to as physics-informed machine learning, ensures that predictions remain consistent 
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with known physical laws. This hybrid approach improves both the accuracy and interpretability of 
the models. 

One of the most critical methodological contributions of the framework is the emphasis on end-to-
end integration. Traditional SHM workflows are often fragmented, with separate processes for data 
acquisition, processing, modeling, and decision-making. This fragmentation leads to inefficiencies, 
data inconsistencies, and limited scalability. In contrast, the proposed framework promotes the 
development of continuous data pipelines, where information flows seamlessly between different 
stages. This integration enables real-time processing, reduces latency, and ensures that insights are 
consistently updated as new data becomes available. A unified pipeline also facilitates the 
implementation of feedback mechanisms, where outputs from later stages (e.g., model predictions 
or maintenance decisions) can inform earlier stages (e.g., data acquisition strategies or sensor 
placement). This creates a closed-loop system that continuously improves its performance over 
time. 

The final stage of the methodological framework focuses on decision-making, where insights 
generated from data and models are translated into actionable strategies. In the context of 
infrastructure systems, this primarily involves predictive maintenance planning, risk assessment, 
and resource allocation. A key challenge in this stage is the need for interpretability and trust. Many 
advanced AI models operate as black boxes, making it difficult for engineers and decision-makers 
to understand the reasoning behind their predictions. 

To address this issue, the framework incorporates explainable AI (XAI) techniques, which provide 
transparency and interpretability in model outputs. These techniques enable users to understand 
how decisions are made, identify key influencing factors, and assess the reliability of predictions. In 
addition, human-centered interfaces, such as augmented reality systems, enhance the interaction 
between users and AI models by providing intuitive visualizations of structural conditions and 
analytical results. This improves situation awareness and supports more informed decision-making. 

Together, these methodological components form a holistic and interconnected system 
architecture, where each layer supports and enhances the others. The integration of advanced 
sensing, data processing, modeling, and decision-making enables a shift from reactive and 
fragmented inspection practices toward proactive, intelligent, and scalable SHM systems. 

This integrated approach not only improves technical performance but also addresses key practical 
challenges, including scalability, data scarcity, and system complexity. By bridging the gaps 
between different methodologies, the framework lays the foundation for the next generation of 
infrastructure monitoring systems, capable of supporting real-time, data-driven, and trustworthy 
decision-making in complex environments. 
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Figure 34: An Integrated, Multi-layered framework for Next generation Structural Health Monitoring 

(SHM) 

5.2. Data Integration and Network-Wide Benchmarking 

The rapid evolution of structural health monitoring (SHM) systems has led to an unprecedented 
increase in the volume, variety, and complexity of data generated across infrastructure networks. 
While this data abundance presents significant opportunities for improving monitoring and decision-
making, it also introduces a fundamental challenge: how to effectively integrate, standardize, and 
utilize heterogeneous datasets in a consistent and scalable manner. Addressing this challenge is 
central to the development of next-generation SHM systems. 

At the core of this issue is the multi-source nature of modern SHM data. Contemporary monitoring 
systems rely on a wide range of sensing modalities, including LiDAR-based point clouds, high-
resolution imagery, thermal maps, vibration signals, and time-series measurements from 
embedded sensors. In addition, digital twins contribute simulation data and derived features, while 
synthetic datasets generated through AI models introduce further variability. Each of these data 
sources differs in terms of format, resolution, temporal frequency, and semantic meaning. 

The integration of such diverse data types is not a trivial task. It requires the development of robust 
data fusion strategies capable of aligning spatial, temporal, and semantic information across 
modalities. For example, geometric data from LiDAR must be aligned with visual imagery for surface 
analysis, while thermal data must be correlated with structural features to identify subsurface 
anomalies. Similarly, time-series data capturing structural responses must be linked with spatial 
representations to enable comprehensive analysis. 

A key methodological challenge lies in the heterogeneity of data representations. Spatial data, such 
as point clouds and images, are inherently different from temporal data, such as vibration signals or 
deformation histories. Bridging this gap requires the development of unified data representations or 
transformation techniques that allow different modalities to be processed within a common 
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analytical framework. Recent advances in representation learning and multi-modal deep learning 
provide promising solutions, enabling the extraction of shared features across diverse data types. 
Beyond technical integration, there is a critical need for standardization and interoperability. 
Without standardized data formats, metadata structures, and communication protocols, the 
integration of data across different systems and platforms becomes inefficient and error prone. 
Standardization is particularly important in large-scale infrastructure networks, where data is 
collected from multiple sources, stakeholders, and geographical regions. 

To address this, the project emphasizes the development of: 

§ Standardized data formats that ensure compatibility across different sensing systems  

§ Metadata frameworks that capture contextual information, such as acquisition conditions and 
sensor characteristics  

§ Interoperable data pipelines that enable seamless data exchange between acquisition, 
processing, and modeling components  

These elements are essential for creating a scalable and sustainable data ecosystem, where 
information can be easily shared, reused, and integrated. 

Another critical aspect of data integration is the role of synthetic data and simulation-based datasets. 
While real-world data provides authenticity and domain relevance, it is often limited in availability, 
particularly for rare or extreme events. Synthetic data, generated through digital twins or generative 
models, provides a complementary source of information that can be used to augment training 
datasets and explore a wider range of scenarios. However, the use of synthetic data introduces its 
own challenges. Differences between simulated and real-world data, often referred to as the reality 
gap, can lead to reduced model performance when transferring knowledge from one domain to 
another. Addressing this issue requires the development of domain adaptation techniques, hybrid 
training strategies, and validation frameworks that ensure consistency between synthetic and real 
data. 

In addition to integration and standardization, the project also addresses the need for network-wide 
benchmarking. Benchmarking plays a crucial role in evaluating and comparing the performance of 
different methods, ensuring that advancements in SHM are both measurable and reproducible. 
Currently, the lack of standardized benchmark datasets and evaluation protocols limits the ability 
to assess the effectiveness of AI models across different studies and applications. 

To overcome this limitation, the project promotes the development of: 

§ Benchmark datasets that represent diverse infrastructure types and damage scenarios  

§ Standardized evaluation metrics for tasks such as detection, classification, and prediction  

§ Cross-domain validation frameworks that test model performance under varying conditions  

These benchmarking efforts enable the development of generalizable AI models, capable of 
operating across different environments and infrastructure systems. 
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Furthermore, the integration of data within digital twin environments provides an additional layer of 
coherence. Digital twins act as central repositories where data from multiple sources is combined, 
analyzed, and continuously updated. This integration enables real-time monitoring, predictive 
analysis, and scenario simulation, supporting more informed decision-making. Importantly, data 
integration is not a static process but a dynamic and evolving workflow. As new data becomes 
available, models must be updated, and representations must be refined. This requires the 
development of adaptive systems capable of handling continuous data streams and evolving 
conditions. 

Overall, the integration of heterogeneous data sources, combined with standardization and 
benchmarking efforts, forms the foundation for scalable, reliable, and intelligent SHM systems. By 
addressing these challenges, the project contributes to the development of a unified data 
ecosystem that supports advanced AI applications and enables consistent performance across 
different infrastructure domains. 

 
Figure 35: Building a Unified Data Ecosystem for Scalable, Interoperable and Generalization SHM 

5.3. Joint AI Challenges: Robustness, Safety, and Trust 

The integration of artificial intelligence into structural health monitoring systems offers 
transformative potential, enabling automation, scalability, and enhanced analytical capabilities. 
However, the deployment of AI in real-world infrastructure contexts introduces several critical 
challenges that must be addressed to ensure reliability and acceptance. These challenges can be 
broadly categorized into three interrelated dimensions: robustness, safety, and trust. 

Robustness refers to the ability of AI models to maintain reliable performance under uncertain, noisy, 
and dynamic conditions. In the context of SHM, this is particularly important due to the variability 
and unpredictability of real-world environments. 

Infrastructure monitoring systems must operate under a wide range of conditions, including: 
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§ Variations in environmental factors such as temperature, humidity, and lighting  

§ Sensor noise and measurement errors  

§ Missing or incomplete data  

§ Changes in structural behavior over time  

§ Domain shifts between training and deployment environments  

These factors can significantly affect the performance of AI models, leading to reduced accuracy or 
unreliable predictions. For example, a model trained in high-quality laboratory data may perform 
poorly when applied to real-world data affected by noise and variability. 

To address these challenges, robust AI systems must incorporate strategies such as: 

§ Data augmentation to simulate variability during training  

§ Domain adaptation to handle differences between datasets  

§ Uncertainty quantification to assess prediction reliability  

§ Ensemble methods to improve model stability  

In addition, the integration of multi-modal data can enhance robustness by providing 
complementary information, reducing reliance on any single data source. 

Safety is a fundamental requirement in infrastructure systems, where failures can have severe 
consequences, including economic loss, environmental damage, and risk to human life. As such, 
AI-based SHM systems must be designed with a strong emphasis on reliability, validation, and risk 
management. 

One of the key challenges in this context is ensuring that AI models do not produce incorrect or 
misleading predictions, particularly in safety-critical scenarios. False negatives, where damage is 
not detected, can lead to catastrophic failures, while false positives can result in unnecessary 
maintenance and increased costs. 

§ To ensure safety, AI systems must be: 

§ Thoroughly validated using diverse datasets and real-world scenarios  

§ Tested under extreme and edge-case conditions  

§ Integrated with physics-based models to ensure consistency with structural behavior  

§ Capable of quantifying uncertainty and risk  

The combination of data-driven and physics-based approaches plays a crucial role in enhancing 
safety. By incorporating physical constraints and domain knowledge, models can avoid unrealistic 
predictions and provide more reliable insights. 
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Furthermore, safety considerations extend beyond model performance to include the entire 
decision-making process. Maintenance strategies and operational decisions must be based on 
reliable information, and appropriate safeguards must be in place to handle uncertainty and errors. 

Trust is a critical factor in the adoption of AI technologies in engineering applications. Engineers and 
decision-makers must have confidence in the output of AI systems, particularly when these outputs 
influence safety-critical decisions. 

One of the main barriers to trust is the black-box nature of many AI models, which makes it difficult 
to understand how predictions are generated. Without transparency, it becomes challenging to 
validate model behavior or identify potential errors. 

To address this issue, the project incorporates explainable AI (XAI) techniques, which provide 
insights into model decision-making processes. These techniques enable users to: 

§ Understanding the key factors influencing predictions  

§ Identify potential biases or errors  

§ Validate model outputs against engineering knowledge  

Explainability not only improves trust but also facilitates collaboration between AI systems and 
human experts. 

In addition to explainability, human-centered design plays an important role in enhancing trust. 
Interfaces such as augmented reality (AR) systems allow users to visualize structural conditions and 
AI outputs in an intuitive manner, improving situational awareness and decision-making. 

Moreover, trust is closely linked to transparency and accountability. AI systems must be designed 
with clear documentation, traceability of data and models, and mechanisms for auditing and 
validation. 

A key challenge in AI-based SHM is balancing the trade-offs between performance, safety, and 
interpretability. Highly complex models may achieve high accuracy but lack transparency, while 
simpler models may be more interpretable but less accurate. 

Achieving this balance requires a holistic approach, combining: 

§ Advanced machine learning techniques for high performance  

§ Physics-informed models for reliability and consistency  

§ Explainable AI methods for transparency  

§ Human-centered interfaces for usability  

By integrating these elements, the project aims to develop AI systems that are not only technically 
advanced but also practical, reliable, and acceptable in real-world applications. 

The challenges of robustness, safety, and trust are deeply interconnected and must be addressed 
collectively. Robust models contribute to safety by reducing errors, while explainability enhances 
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trust and facilitates validation. Similarly, safety requirements drive the need for robust and 
interpretable models. 

By addressing these challenges within a unified framework, the project contributes to the 
development of next-generation SHM systems that can operate reliably in complex environments 
while maintaining transparency and trustworthiness. 

 
Figure 36: Three Interconnected Pillars for Reliable and Responsible AI in Structural Health 

Monitoring (SHM) 
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6. Conclusion 
This report has presented a comprehensive analysis of the current state-of-the-art in structural 
health monitoring (SHM) and artificial intelligence (AI), alongside a unified framework that integrates 
diverse research directions into a coherent and scalable system. The study highlights a clear 
transition in SHM from traditional, sensor-driven and model-based approaches toward data-centric, 
AI-enabled, and system-level monitoring paradigms. 

A key outcome of this work is the identification of a multi-layered architecture that connects data 
acquisition, processing, modeling, and decision-making into a continuous and integrated pipeline. 
This architecture reflects the growing need for intelligent monitoring systems capable of handling 
large-scale, heterogeneous infrastructure environments. By combining advanced sensing 
technologies, multi-modal data processing, and AI-driven analytics, the framework enables a shift 
from reactive inspection practices toward proactive and predictive infrastructure management. The 
integration of UAV-based sensing, non-contact inspection technologies, and multi-modal data 
fusion has significantly improved the ability to capture detailed and comprehensive information 
about structural conditions. At the same time, AI-based data enhancement techniques address the 
limitations of low-quality and noisy datasets, ensuring that collected information is reliable and 
suitable for analysis. The incorporation of synthetic data generation further strengthens the 
framework by overcoming data scarcity and enabling the simulation of rare or extreme scenarios. 

At the modeling level, digital twins and inverse problem-solving approaches provide dynamic and 
adaptive representations of infrastructure systems. These models enable continuous updating 
based on real-time data, allowing for improved accuracy in monitoring and prediction. The 
integration of physics-based principles with data-driven methods ensures that these models remain 
both reliable and interpretable. Importantly, the report emphasizes the role of explainable AI in 
decision-making, particularly in the context of predictive maintenance. By ensuring transparency 
and interpretability, these approaches address critical challenges related to trust and adoption in 
engineering applications. This is particularly relevant for safety-critical infrastructure systems, 
where decisions must be both accurate and justifiable. 

In addition to technological advancements, the report identifies several key challenges that must be 
addressed to enable real-world deployment. These include the need for robust multi-sensor data 
fusion, standardized data formats, scalable data pipelines, and comprehensive validation 
frameworks. Furthermore, issues related to robustness, safety, and trust remain central to the 
successful implementation of AI-driven SHM systems. 

Overall, this work demonstrates that the future of infrastructure monitoring lies in the development 
of integrated, intelligent, and adaptive systems. By bridging the gaps between sensing, data 
processing, modeling, and decision-making, the proposed framework provides a foundation for 
next-generation SHM systems capable of supporting real-time, data-driven, and reliable 
infrastructure management. The contributions presented in this report not only advance the 
scientific understanding of SHM and AI integration but also provide practical insights for the 
development of scalable and deployable solutions. As infrastructure systems continue to age and 
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face increasing demands, such intelligent monitoring approaches will play a crucial role in ensuring 
their safety, resilience, and sustainability. 
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