









	
	
	[image: images]




An Adversarial-Based Method for Knowledge Transfer Across Bridges

Valentina Giglioni*; Ilaria Venanzi; and Filippo Ubertini

Department of Civil and Environmental Engineering, University of Perugia, Via G. Duranti 93, Perugia 06125, Italy

*Corresponding Author: Valentina Giglioni. Email: valentina.giglioni@unipg.it

Submitted: 07 June 2025;  Accepted: 23 June 2025;  Publication date: 10 July 2025

DOI: 10.70465/ber.v2i3.42

Discussion period open till six months from the publication date. Please submit separate discussion for each individual paper. This paper is a part of the Vol. 2 of the International Journal of Bridge Engineering, Management and Research (© BER), ISSN 3065-0569.


Abstract: Data-driven machine learning methods for bridge health assessment often face limitations due to the scarcity of labeled data, particularly related to damaged conditions, which are often difficult, expensive, or even impossible to obtain in practice. To address this challenge, transfer learning offers a promising solution by leveraging knowledge gained from one structure (or domain), with sufficient labeled data, to identify damage on a different but related structure where labeled data are limited or unavailable. In this study, we propose a domain adversarial neural network-based method to enhance damage classification performance across different bridge structures. Using the natural frequencies collected over long-term monitoring campaigns, the machine learning model is trained with an adversarial strategy to learn damage-sensitive and domain-invariant features for improving generalization to new structures with minimal additional data collection. To validate the methodology, transfer learning results are analyzed by first considering two post-tensioned concrete bridges, the Z24 bridge and the S101 bridge, and afterwards their finite element models, where different damage scenarios in terms of localization and severity are simulated. Furthermore, the performance of the proposed method is compared with different transfer learning approaches previously applied in the same structural health monitoring context. The improvement of damage classification results via transfer learning highlights the potential of domain-adversarial learning to advance scalable monitoring strategies for bridge networks.
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Introduction

Over recent decades, vibration-based structural health monitoring (SHM) has gained widespread attention as a tool to manage and preserve aging infrastructure, which is increasingly exposed to material degradation and evolving operational demands.1,2 Advancements in sensing technologies and computational capabilities have accelerated the adoption of data-driven approaches, particularly in the use of machine learning (ML) algorithms, to analyze dynamic monitoring data and infer informative trends, anomalies, or specific patterns that provide insights for predicting structural assessment.3,4 By applying supervised or unsupervised learning, ML models can automate multiple SHM tasks, including damage detection, localization, and quantification during long-term monitoring campaigns. Applications of different ML methods are described in Wedel et al.5 to detect and compensate for sensor faults and forecast the behavior of real monitored bridges.

Despite their potential, ML models typically require large amounts of labeled data to generalize well. In practice, such data, especially from damaged conditions, are costly, scarce, and often infeasible to obtain. Moreover, most conventional ML algorithms assume that training and testing data come from the same distribution. This assumption breaks down when models trained on one structure are applied to another with different properties, limiting the scalability of SHM solutions.

To overcome these challenges, transfer learning (TL) has emerged as a promising approach,6 enabling the transfer of diagnostic knowledge from a fully labeled source structure to a target structure with limited or no labeled data. By leveraging labels from one or multiple similar source structures, TL can improve performance and reduce the need for a structure-specific damage-identification algorithm, addressing a key bottleneck in real-world SHM deployment. Within the bridge monitoring framework, transductive methods such as domain adaptation (DA) are often more feasible, since target data is typically accessible, even if unlabeled. The core idea is to find a mapping that mitigates the distribution discrepancy between two distinct domains. Figueiredo et al.7 applied transfer component analysis to match health-state data referring to different environmental conditions between the Z24 bridge and the finite element model (FEM) of the same bridge, without transferring damage labels. A similar approach was carried out in Yano et al.,8 where the application of TL was devoted to novelty detection, aimed at identifying deviations from the normal state. Poole et al.9 proposed a statistic alignment method, known as normal condition alignment (NCA), to align the lower-order statistics of source and target domains in the original feature space, proving it to be robust for poor and limited datasets. The effectiveness of a combined use of NCA and joint domain adaptation (JDA)10 was evaluated in Giglioni et al.,11 aiming to enable supervised damage detection and classification across the real Z24 and S101 bridges and their corresponding FEMs, as well as in Giglioni et al.,12 which presents a physical benchmark via lab-scale bridges and the results of single-source and multisource DA. In the realm of DA, the domain adversarial neural network (DANN) theory is recently being developed to address TL-guided SHM. DANNs leverage adversarial learning to train a feature extractor that simultaneously maximizes label classification performance and minimizes domain discrepancy. This is accomplished through the integration of a gradient reversal layer (GRL), which encourages the extracted features to be predictive of class labels while being indistinguishable across domains. Beyond several works dedicated to bearing fault diagnosis13–15 and damage identification in building structures,16 applications of these techniques in the field of bridge SHM are still limited. Among these, Li et al.17 implemented a bridge damage detection method using moving load-induced displacement response, while Li et al.18 presented a conditional adversarial DA method tested on beam models.

By promoting domain invariance without compromising task-relevant information, DANN is here adopted to perform unsupervised DA via the transfer of damage-state knowledge from the source to the completely unlabeled target domain. As main contributions, the procedure is validated on both full-scale real infrastructures, the Z24 and the S101 bridges, and considering numerical models with multiple simulated damage scenarios, enabling performance assessment across varying locations and damage severity, as well as multi-class damage identification. Furthermore, this study represents an advancement of the work presented in Giglioni et al.,11 since the DANN-focused methodology is applied to the same case studies and compares the results associated with different DA approaches, pointing out the advantages and strengths of adversarial networks, particularly regarding computational efficiency and effectiveness.

As bridge systems grow increasingly complex and the demand for sustainable infrastructure intensifies, TL is poised to play a pivotal role in advancing future monitoring and maintenance strategies. This paper presents promising results from the proposed DANN-based approach, highlighting its potential for effective bridge monitoring even with no prior information about bridges subjected to new monitoring campaigns. At the same time, key challenges and open questions that warrant further investigation are discussed and pointed out. The structure of the paper is as follows: Section 2 outlines the fundamental principles of DANNs and the adopted methodology; Section 3 introduces the two benchmark bridges and the corresponding FEMs; Section 4 presents the results of damage detection and classification following DA, showing a comparison with previous results; and Section 5 concludes the paper and summarizes the key findings.

TL Methodology via DANNs

DA

A brief introduction to TL and its sub-discipline, DA, is provided hereafter. A domain 𝒟={𝒳,p(X)} can be represented by a feature space 𝒳 and a marginal probability distribution p(X), where X={xi}i=nN is a finite sample set from 𝒳. A task 𝒯={𝒴,f(⋅)} is identified by a label space 𝒴 and a predictive function f(⋅). TL aims to improve the predictive function of a target domain 𝒟t using knowledge extracted from 𝒟s and 𝒯s, assuming 𝒟s ≠ 𝒟t and/or 𝒯s≠ 𝒯t.

To reduce the gap between feature spaces of source and target domains in terms of proper statistical distances, DA is introduced to minimize the difference in marginal distributions p(Xs) ≠ p(Xt), or conditional distributions p(Ys|Xs) ≠ p(Yt|Xt), or both, but assuming that the feature and label spaces are equal, i.e., 𝒳s=𝒳t and 𝒴s=𝒴t. The way to perform a specific task in the source domain can therefore be leveraged to predict unknown data pertaining to the target domain.

Proposed DA framework

The architecture of the proposed network is illustrated in Fig. 1.
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Figure 1. Flowchart of the DANN-based methodology

The process begins with the collection of data representing both undamaged and damaged conditions from a fully labeled source domain. Operational modal analysis is carried out to continuously extract the set of natural frequencies characterizing the two-dimensional input matrix, where each row represents an acquired sample and each column contains the corresponding natural frequencies. With the aim of representing the most common situation in real-world monitoring scenarios, the target domain (i.e., the bridge to be assessed) is assumed to be entirely unlabeled.

The input to the model consists of natural frequency time histories, selected as damage-sensitive features, continuously recorded via long-term, continuous monitoring. The network includes three main components, a feature extractor, a label predictor, and a domain classifier. These blocks are trained jointly to learn latent representations that should be (i) discriminative for accurately identifying various health states and (ii) domain-invariant to enable effective generalization across different domains. Specifically, the feature extractor Gf(⋅,θf) acts as a shared encoder that processes input data from both domains to capture the essential information needed for the other two components. In line with the adversarial learning paradigm, the label predictor Gy(⋅,θy) utilizes the extracted features to learn class predictions based on the labeled input data from the source domain. Simultaneously, the domain classifier Gd(⋅,θd) attempts to determine the origin (source or target) of the input data. The learnable parameters, i.e., the weights of the feature extractor, the label predictor, and the domain classifier, are indicated as θf, θy, and θd. To extract domain-invariant features and confuse the domain classifier, while a task-specific loss Ly(θf,θy) is minimized, a domain-specific loss Ld(θf,θd) is maximized. A key element enabling this adversarial setup is the GRL, placed between the feature extractor and the domain classifier. During the forward pass, the GRL acts as a transparent layer, passing features unaltered. However, during backpropagation, it multiplies the gradients flowing into the feature extractor by a negative constant (−λ), thereby reversing the optimization direction (since the domain classifier itself tries to minimize Ld(θf,θd)). The label predictor and domain classification losses are shown in Eqs. (1) and (2), respectively, where LCE is the cross-entropy loss, xis is the ith source input (i.e., the natural frequency) with the associated label yis, di∈{0,1} is the domain label (0 = source, 1 = target), xi∈{xs,xt}, while ns and n are, respectively, the total number of labeled source samples and the total number of domain samples in the current batch.

Ly(θf,θy)=1ns∑i=1nsLCE(Gy(Gf(xis)),yis)(1)

Ld(θf,θd)=1n∑j=1nLCE(Gd(Gf(xi)),di)(2)

The overall objective function is provided in Eq. (3):

minθf,θymaxθd(Ly(θf,θy)−λLd(θf,θd)(3)

Working in the unsupervised learning environment, the implemented DANN is employed to predict the unknown target labels yit by finding a mapping between data distributions of a source and a target bridge, given prior knowledge of source labels yis and all domain labels di.

Application Case Studies

In this paper, the TL procedure is validated by transferring and identifying (i) two different damages occurring in real bridges and (ii) several damages, divided into groups, simulated in the calibrated FEMs, with the aim of investigating variation in terms of damage localization, severity, and extent.

Z24 bridge and S101 bridge: structural descriptions and monitoring campaigns

The Z24 bridge was a post-tensioned reinforced concrete (RC) structure built in Switzerland in 1963 and dismantled in late 1998 to allow for the construction of a wider side span. The deck is characterized by a twin-box girder cross-section, with a main span of 30 m and two side spans of 14 m. The overall width was 8.6 m, and the structural height was 1.01 m (see Fig. 2).
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Figure 2. General views and deck cross-sections of the Z24 bridge (a) and the S101 bridge (b)

Two concrete piers with rectangular cross-sections (0.4 m × 0.32 m × 6 m) were placed at each end span and rigidly connected to the girder. The bridge was continuously monitored from November 1997 to September 1998 using eight accelerometers, which recorded measurements over 10-min intervals each hour. Additional environmental sensors captured measurements before and after each dynamic recording. At the end of summer in 1998, a series of progressive damage tests were artificially applied to the structure to provide an extensive dataset and study the evolution of dynamic properties throughout the damage-induction phase. For the purpose of this work, two macro-categories of damage are considered, including the lowering of one pier and the cutting of tendons along the deck, respectively, named D1 and D2. Further details on the monitoring setup and the related damage detection results can be found in Maeck et al.19.

Similarly, the S101 bridge was a post-tensioned RC structure in Austria, dating back to the early 1960s,20 composed of a 32-m main span and two 12-m side spans (Fig. 2). The deck cross-section was defined by a double-webbed T-beam, 7.2 m wide, with the height ranging from 0.9 m at mid-span to 1.7 m above the piers. Prior to its demolition, a short monitoring campaign was conducted in December 2008. The bridge was instrumented with 45 accelerometers that collected data for 5 min each hour at a 500 Hz sampling frequency. Three out of the four monitoring days were specifically dedicated to damage-data acquisition. Since ambient temperatures consistently ranged between −2°C and 2°C, environmental influences on modal characteristics were considered negligible. Detailed descriptions of the SHM setup and test protocols for S101 can be found in Döhler et al.21.

Note that, although the duration of the damage phases differed, both bridges were subjected to similar damage scenarios, named as D1 and D2, whose descriptions are provided in Table 1. Therefore, this first case study is devoted to validating the DANN approach by using knowledge from the Z24 bridge to classify the unknown, limited data of the S101 bridge. The dynamic characterization of the two bridges, details of which are omitted as they fall outside the scope of this work, is achieved via operational modal analysis (OMA) and automated frequency tracking using the MOSS software, as implemented and illustrated in García-Macías et al.22. As shown in Fig. 3, despite different absolute values in natural frequencies, clear similarities in modal responses can be highlighted. Hence, the first two natural frequencies, respectively, describing a bending and a lateral/torsional mode common to both structures, are here adopted as input features. Considering this, data set information regarding the size of each class is summarized in Table 2.
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Figure 3. Mode shapes of the selected natural frequencies for the Z24 bridge and the S101 bridge
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FEM of the Z24 bridge and S101 bridge: structural descriptions and damage scenarios

The FEM of the Z24 bridge is built and calibrated in the SAP environment, using beam finite elements for the deck and the piers. As indicated in Fig. 3, the section above the supporting piers is modeled with a thicker slab because of the presence of higher stiffness values at the end of the main span.23 In addition to the dead load, a distributed vertical mass and 20 concentrated masses applied in both the transverse and vertical directions are introduced to simulate external loads such as barriers, guardrails, and sidewalks. The concrete elastic modulus (Ec), the mass values, and the thickness of the girder plate are treated as calibration parameters to minimize the discrepancy between the experimentally identified natural frequencies and those estimated through FEM-based modal analysis.

While the four rectangular piers of the S101 bridge are modeled using beam elements, the deck is discretized into shell elements to represent two longitudinal rectangular beams with variable height, the deck slab, and two transverse rectangular beams located above the piers. The calibration process involves adjusting the mass values and the elastic modulus of concrete to minimize discrepancies in natural frequencies. Detailed calibration results are presented in Giglioni et al.11. Fig. 3 illustrates the mode shapes associated with the selected input frequencies: the symmetric bending mode (Mode 1) and the lateral/torsional mode (Mode 2).

Both models are utilized to perform modal analysis and to extract natural frequencies under normal conditions, assuming a variation of the elastic modulus within ±1.5%. To simulate common damage scenarios typically affecting bridge infrastructure, several damage classes are introduced into the models, as illustrated in Fig. 4.
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Figure 4. Damage simulations in the Z24 bridge (a) and the S101 bridge (b) FEMs: d0, d1, d2, and d3 represent, respectively, the damage applied to the middle span, varying in severity and extent; d4 refers to the elastic modulus reduction at the deck-to-pier connection

Damage scenarios d0, d1, and d2, correspond to reductions of approximately 10%, 15%, and 25%, respectively, in the elastic modulus over a 2-m section at mid-span, an area subjected to the highest positive bending moments. A more extensive damage scenario is labeled d3, involving a ∼10% reduction in elastic modulus over a 6-m segment along the middle span. The final scenario d4 simulates a ∼40% reduction in elastic modulus near the deck-to-pier connection, where a plastic hinge is expected to form over a length equal to 1.5 times the deck cross-section height. To ensure the damage scenarios are realistic, the selected reductions in elastic modulus follow Eurocode guidelines, which state that cracking can result in stiffness reductions of up to 50%.24 The number of samples extracted from both domains is assumed to be equal, with 100 samples representing the undamaged condition (H) and 60 samples for each simulated damage class.

TL Results Using the DANN Approach

The effectiveness of the DANN procedure is demonstrated in addressing three different tasks, illustrated as follows:

•   Task 1 (T1): Knowledge transfer from the Z24 bridge to the S101 bridge, to classify the artificially induced damages.

•   Task 2 (T2): Knowledge transfer between the FEMs of the two real bridges by considering a combination of damage scenarios including d1 and d4.

•   Task 3 (T3): Knowledge transfer between the FEMs of the two real bridges by considering a combination of damage scenarios including d0, d2, and d3.

While the transfer in T2 and T3 is bidirectional, resulting in the sub-tasks T2a, T2b, T3a, and T3b (see Table 3), the model adopted for T1 uses the information extracted from the highly populated Z24 bridge dataset (source domain) to infer diagnosis in the S101 bridge (target domain). Working with FEMs, TL capabilities are evaluated by assuming different damage locations (T2), and the same location with different damage severity and extent (T3).
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The natural frequencies selected to describe both real bridges are plotted in Fig. 5a, where source and target distributions are clearly shifted in the original feature space, hampering the generalization of the classifier, but exhibiting similar spatial correlations toward damage classes.
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Figure 5. Features distribution of the Z24 bridge (labelled with “×”) and S101 bridge (labelled with “○”) before (a) and after (b) DA

In fact, the feature extractor and the label classifier were associated with a poor damage identification performance before domain alignment, i.e., an F1 score equal to 0.43. To perform DA, the DANN-based methodology is validated and afterwards compared with previously applied techniques, such as NCA and the combination of NCA with JDA. In this case, NCA is adopted for normalization before training the DANN. Tailored networks are implemented for each task, since the calibration process strictly depends on the input data distributions. As a common characteristic, each DANN component is characterized by multilayer perceptron (MLP) networks, connecting the dense layers to the next ones. The input layer is passed through the feature extractor to generate latent representations, which are then used by the label predictor to perform classification. The GRL, sitting between the feature extractor and the domain classifier, reverses the gradient direction during backpropagation via the multiplication by a negative scalar λ, selected equal to 1 in this work following the original DANN formulation and facilitating the training process. Sparse categorical cross-entropy loss and relu activation functions are adopted for both Gy and Gd. To take into account the dataset imbalance, higher weights are assigned to underrepresented classes during training by following Eq. (4):

weighti=nsamplesnclasses×ni(4)

where ni is the number of samples in the ith class.

The model parameters that vary across tasks are manually tuned to maximize model accuracy and are listed in Table 3, including the number and size of the layers of each network block, the number of epochs, the batch size, and the learning rate.

Compared with the original feature distribution shown in Fig. 5a, the new domain-invariant space exhibits health-state clusters that are shared across source and target domains, indicating a substantial reduction in the initial domain shift. The transformed features are visualized using t-distributed stochastic neighbor embedding (t-SNE),25 which models pairwise similarities by converting Euclidean distances into conditional probabilities. As a result, high-dimensional features are effectively mapped into a two-dimensional space, represented by t-SNE dimension 1 versus t-SNE dimension 2 (Fig. 5b). The application of the implemented DANN leads to an F1 score equal to 0.84, considering the presence of some misalignment within the D1 class. It is specified that the network model is trained using the entire source dataset and then evaluated on the entire target dataset.

The same approach, but with different model architecture and for different purposes, is tested for the second and third tasks, alternatively assuming the Z24 FEM and the S101 FEM as source models. The original feature spaces are plotted in Figs. 7a and 7b, which include, respectively, the damage scenarios pertaining to T2 and T3. It is easy to underline the gap between source and target distributions and the need to align the data for making TL effective. Following the DANN framework, the time-histories of the frequencies extracted from both FEMs are fed into the networks as model inputs. The goal of the adversarial learning via GRL is to maximize the label predictor accuracy while confusing the domain classifier. This concept is visualized in Fig. 6, showing the opposite behavior of Gy and Gd throughout the epochs, where classification accuracy steadily improves, approaching 1, while domain accuracy decreases until oscillating around 0.5. Precisely, the training processes associated with T2b and T3b are, respectively, reported in Figs. 6a and 6b, when knowledge is transferred from the S101 FEM to the Z24 FEM bridge. To avoid redundancy, the results obtained by inverting source and target domains are omitted due to the exhibited comparable trends.
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Figure 6. Training process results when transferring knowledge from the S101 FEM bridge to the Z24 FEM bridge to address T2b (a) and T3b (b)
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Figure 7. The original feature distribution of the Z24 FEM bridge (labelled with “×”) and S101 FEM bridge (labeled with “○”) is shown in (a) and (b), referring to T2 and T3, respectively. Feature alignment post-DANN is shown for T2a (c) and T3a (d)

After unsupervised learning, the DANN is trained and adopted to predict the classes of the completely unlabeled target domain. The resulting latent space, visible in Fig. 7c, demonstrates the capability to make inferences on the S101 FEM by distinguishing between the undamaged state and the damage along the mid-span (d1) and the pier-to-deck node (d4), leading to an F1 score equal to 0.97 for the T2a task. The effective alignment is confirmed by the confusion matrix shown in Fig. 8b. Similar results, with an F1 score of 0.98, are also obtained when using the Z24 FEM as the source domain (Fig. 8a). Therefore, the generation of effective latent features via DANN, revealing shared clusters across domains, enables better generalization of the label predictor. The domain-invariant nature of such features is explained by an increase in label predictor accuracy, accompanied by a parallel decrease in the domain classifier performance. Specifically, the domain accuracy drops to values in the range of 0.3–0.5 when evaluating the model on unknown target data, considering all the presented tasks.
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Figure 8. Damage classification performance via DANN for T2b (a), T2a (b), T3b (c), and T3a (d)

Moving to T3, the improvement provided by the TL approach is noticeable when comparing the original feature representation of Fig. 7b with the transformed quantities plotted in Fig. 7d, referring in particular to T3a. However, for the T3 task, the algorithm’s performance exhibited a decay, as can be inferred from the confusion matrices in Figs. 8cand 8d. Damage classes d0 and d3 proved particularly challenging to distinguish, likely due to the fact that they represent the same type of damage, differing only in severity. Despite the presence of false detection errors, the F1 score computed with the current methodology still improves over the other two techniques. To underline this statement, Table 4 summarizes the performance metrics for each task, considering different source domains and comparing the results obtained using (i) NCA alone, (ii) NCA combined with JDA, and (iii) the DANN-based framework. It is specified that NCA is used as a DA technique, i.e., case (i), and as a pre-processing technique to facilitate the application of JDA, i.e., case (ii), and DANN, i.e., case (iii).
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In general, JDA provides a first improvement over NCA in most cases, with the exception of task T1, where JDA is not recommended for aligning the highly unbalanced datasets of the two real bridges.

Notably, the proposed network consistently outperforms the other methods across all tasks, achieving substantial percentage gains, as illustrated by the histograms in Fig. 9. Furthermore, DANN is proven to be more convenient (over JDA) in terms of computational costs, especially for large datasets such as the Z24 bridge. The importance of applying adversarial learning and performing DA is underlined by the poor results that are observed when training the classifier in the original frequencies space, yielding F1 scores between 0.30 and 0.50 for all the investigated tasks.
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Figure 9. F1 score computed for each task, varying DA techniques (a), and the percentage increase in performance of the DANN framework compared to other methods (b)

Conclusions

This study has demonstrated the potential of DANN for bridge health assessment, with a particular focus on TL-aided damage classification across two real bridges and two FEMs. By learning domain-invariant features, the proposed framework enables effective knowledge transfer, assuming the complete absence of labeled data in the target domain. The approach is especially well suited for large-scale monitoring scenarios involving multiple bridges, where collecting labeled data for each structure would be impractical.

In such contexts, DANN provides a scalable solution that enhances generalization and reduces reliance on manual labeling efforts. Beyond the specific context of bridge monitoring, TL inherently supports scalability, as it is designed to transfer knowledge from a well-labeled source domain (or multiple source domains) to one or more target domains with limited or unlabeled data. Any pair of comparable structures can potentially benefit from TL algorithms. However, defining the required level of similarity remains a challenge. A promising direction is to consider groups of structures with comparable typology, materials, or static schemes, and to systematically evaluate which characteristics most strongly influence TL performance.

In this work, natural frequencies associated with long-term continuous monitoring are selected as input features. However, to fully exploit the potential of DANN, future developments could consider using consecutive sequences of vibration data or combining heterogeneous input measurements. Since the nature of the input is closely tied to the architecture of the DANN, employing more advanced neural network models, beyond simple MLPs, for each component may offer a valuable alternative, enabling better representation of complex structural behavior.

To simulate a variety of scenarios, several tasks are designed and addressed in this study, incorporating both real and simulated damage cases to explore different damage locations, severities, and extents. The results demonstrate high accuracy in damage identification and consistently improved performance across all tasks compared to previously applied DA methods, with the added benefit of reduced computational burden.

Working in the field of DA for SHM, one of the most critical aspects is the assumption of the same health-state scenarios across the network. Real-world situations can involve a very large number of possible damage classes, posing a significant challenge to classification accuracy and model scalability. Future work will need to address these aspects, potentially by integrating more efficient architectures and exploring open set DA, which represents a promising research direction to enhance robustness and adaptability in operational environments. Unlike standard DA techniques, open set DA explicitly accounts for the presence of unknown classes in the target domain, making it more suitable for realistic monitoring settings where new or unforeseen damage types may occur.

Overall, TL technologies, including the proposed DANN method, offer innovative strategies for identifying and classifying structural conditions based on knowledge learned from previously observed structures, potentially providing significant advantages for network-scale SHM applications.
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Table 1. Progressive damage scenarios carried out in the Z24 bridge and the S101 bridge

Class 724 bridge S101 bridge

H Undamaged state Undamaged state

D1 Lowering of the pier, 20 mm North-western pier cut through
Lowering of the pier, 40 mm Lowering of the pier, 1 cm
Lowering of the pier, 80 mm Lowering of the pier, 2 cm
Lowering of the pier, 95 mm Lowering of the pier, 3 cm
Tilt of foundation —

D2 Failure of concrete hinge Ist tendon intersected

Failure of 2 anchor heads
Failure of 4 anchor heads
Rupture of 2 out of 16 tendons
Rupture of 4 out of 16 tendons
Rupture of 6 out of 16 tendons

2nd tendon intersected
3rd tendon intersected
4th tendon partially intersected
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Table 3. Model architecture and parameters varying tasks

Parameters T1 T2 T3
Size Llg, 356 256 356
Size L2Gf 116 56 126
Size L3Gf 66 25 86
Size L4 2 15 — 25
Size Llg, 3 3 4
Size Llg, 370 356 356
Size L2g, 150 126 126
Size L3g, 57 16 56
Size L4g, 16 - 26
Size L5g, 2 2 2
Epoch 120 100 120
Batch size 64 8 8
Learn. rate 0.001 0.0001 0.0001
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Table 4. Comparison of the performance, in terms of F1 score, between different DA techniques

Task Source NCA JDA DANN
T1 724 0.81 0.62 0.84
T2a 724 0.87 0.89 0.97
T2b S101 0.82 0.93 0.98
T3a 724 0.30 0.69 0.71

T3b S101 0.78 0.80 0.87
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Table 2. Data sets size

Class 724 bridge S101 bridge
H (4115, 2) (32,2)
D1 (175,2) (14, 2)
D2 (13,2) (29, 2)
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