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Abstract. Structural health monitoring (SHM) is really important in cultural her-

itage (CH) structures, where invasive interventions are often not allowed. An im-

portant challenge in data-driven approaches is the lack of data, especially corre-

sponding to damage states, which hampers the development of pattern recogni-

tion algorithms in the field of Machine Learning (ML) models. For CH structures, 

obtaining a complete dataset of health states — including both undamaged and 

damaged conditions — is often impossible, particularly for damaged states, as it 

would require harming the structure in situ. Domain adaptation (DA), a sub-sec-

tor of Transfer Learning (TL) methods, addresses this problem by adapting data 

from a more accessible and monitored system (source) transferring information 

by leveraging data domains to systems with more limited data (target) but with 

similar properties. In this work, DA techniques are used to expand information 

on the health state of the special class of monitored structures represented by CH 

masonry bell towers. In more detail, continuous-time dynamic monitoring data 

are obtained from a system installed on the masonry bell tower (source) of the 

Church of S. Maria and S. Giovenale (Fossano, Piedmont, Italy). This tower is 

currently monitored because, following the evolution of vertical cracking phe-

nomena, in 2012 it was subjected to reinforcement interventions, through the in-

stallation of 11 steel tie rods on its four external sides. Another damaged masonry 

bell tower, belonging to the ancient parish Church of S. Antonio Abate (Montà, 

Piedmont, Italy), is instead assumed as target structure, with limited knowledge 

gained from a single testing campaign. 

Keywords: Domain adaptation, Cultural heritage, Masonry bell towers, Struc-

tural health monitoring, Structural interventions, Numerical models.  
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1 Introduction 

Machine Learning (ML) techniques are increasingly becoming a powerful tool in Struc-

tural health monitoring (SHM) [1]. Their ability to manage data and perform predic-

tions makes ML algorithms highly valuable in structural monitoring. Supervised ML 

algorithms, however, require a sufficient amount of labeled data, which is often una-

vailable in real-world SHM applications. Modal parameters, commonly used as features 

in these models, are particularly challenging to obtain for all structural conditions (e.g. 

damaged or undamaged states). The lack of data prevents the development of reliable 

ML models for damage detection. To overcome this issue, Transfer Learning (TL) tech-

niques, particularly Domain Adaptation (DA) [2], are frequently used to address data 

scarcity by transferring or sharing information from data-rich systems (source) to sys-

tems with limited knowledge (target) [3]. In this context, finite element models (FEMs) 

have been employed for data transfer in SHM applications [4]. Detecting damage on 

cultural heritage (CH) structures is a crucial for their preservation, as these structures 

are often listed due to their historical, artistic, and cultural significance. Implementing 

timely monitoring strategies would not only prevent invasive structural interventions 

but also enable the localization of damage, allowing for the design of targeted, localized 

repair interventions on the structure. 

This paper focuses on structural damage detection in CH structures, specifically ma-

sonry bell towers. Two different DA algorithms, namely Transfer Component Analysis 

(TCA) [5] and Normal Condition Alignment (NCA) [6] are employed to improve dam-

age prediction for two masonry bell towers using a classifier trained on modal param-

eters extracted from continuous-time dynamic monitoring data, with numerical models 

used to expand the source features datasets.  

Few examples of DA applications on masonry bell towers are present in the litera-

ture, one of the most recent studies exploited a single-degree-of-freedom (SDoF) sys-

tem as source structure to predict different temperature classes on a masonry bell tower 

[7]. This paper represents a novel investigation in the field of SHM for damage detec-

tion in CH structures, specifically masonry bell towers. 

In the next section, the theory of DA methods is presented, with a focus on TCA and 

NCA. Section 3 provides a description of the two masonry bell towers and highlights 

their datasets, covering both source and target structures. This section also presents the 

classification results using DA methods, comparing them with the results obtained from 

non-adapted domain classification. Finally, conclusions are outlined in Section 4.  

2 Domain adaptation 

DA is a sub-discipline of TL that enables methods focused on transferring knowledge 

between two related systems by using data from different domains [2, 5]. The concept 

of a domain involves two key components: the feature space 𝒳 of inputs, and the mar-

ginal distribution 𝑃(𝑋) of a set of inputs 𝑋 =  {𝒙1, … , 𝒙𝑛}
𝑇 ∈ 𝒳. In the context of TL, 

two domains are defined: a source domain 𝒟S and a target domain 𝒟T. Each domain is 

linked with a task 𝒯 = {𝒴; 𝑓(⋅)}, where 𝒴 denotes the label space and 𝑓(⋅) refers to the 
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predictive function used to estimate the corresponding label. A typical representation 

of this function is 𝑃(𝑦|𝑋), where 𝑦 ∈  𝒴. In DA techniques, it is assumed that both the 

feature and label spaces are identical for the source and target domains, implying that 

𝒳S = 𝒳T and 𝒴S = 𝒴T. In the context of SHM, this suggests that both systems share 

the same diagnostic properties and structural conditions. Nevertheless, in practice, the 

marginal distributions between the source and target domains often differ, and this dif-

ference is not always related to the conditional distribution. These differences also man-

ifest in the probabilities associated with the occurrence of structural conditions (labels) 

such that 𝑃(𝑋𝑆) ≠ 𝑃(𝑋𝑇), highlighting feature dissimilarities between the two do-

mains. Erroneous results can be derived by training a model on the source domain and 

directly testing it on the target domain due to discrepancies in their distributions. To 

overcome this issue, several strategies have been developed to bridge the gap between 

the source and target domain distributions. These methods typically involve the use of 

a nonlinear mapping function 𝜙(⋅) to align the distributions, ensuring that 𝑃(𝜙(𝑋𝑆)) ≈

𝑃(𝜙(𝑋𝑇)) and 𝑃(𝑌𝑆|𝜙(𝑋𝑆)) ≈ 𝑃(𝑌𝑇|𝜙(𝑋𝑇)). 

2.1 Transfer Component Analysis 

Transfer Component Analysis (TCA), developed by Pan et al. [5], is a method for DA. 

This technique aims to extract transfer components that span across domains within a 

Reproducing Kernel Hilbert Space (RKHS) using the Maximum Mean Discrepancy 

(MMD) as an embedding criterion. The core objective is to align data distributions from 

different domains by projecting them into a shared subspace defined by these transfer 

components. In this transformed space, ML models can be trained on source domain 

data for tasks such as classification or regression, and subsequently tested on target 

domain data, which can be unlabeled or partially labeled.  

TCA operates under the assumption that the marginal distributions between the 

source and target domains, 𝑃(𝑋𝑆) and 𝑃(𝑋𝑇), are not identical, while the conditional 

distributions, 𝑃(𝑌𝑆|𝑋𝑆) and 𝑃(𝑌𝑇|𝑋𝑇), remain the same. Rather than explicitly defining 

a nonlinear transformation 𝜙(⋅), this method leverages the kernel trick, there the kernel 

function 𝑘(𝒙𝑖 , 𝒙𝑗) = 𝜙(𝒙𝑖)
′𝜙(𝒙𝑗) implicitly maps the data into a higher-dimensional 

space. The MMD distance between the empirical means of the kernel embeddings for 

the two domains can thus be expressed as, 

𝐷𝑖𝑠𝑡(𝑋𝑆
′ , 𝑋𝑇

′ ) = 𝑡𝑟(𝐾𝐿) (1) 

where 𝑋𝑆
′  and 𝑋𝑇

′  represent the transformed input data from the source and target do-

mains, 𝐾 denotes the kernel matrix, which includes the kernel matrices of source, target 

and cross domains. 𝐿 is the MMD matrix, which is constructed as,  

𝐿(𝑖, 𝑗) =

{
  
 

  
 
1

𝑛𝑆
2           𝑖𝑓 𝒙𝑖 , 𝒙𝑗 ∈ 𝑋𝑆

1

𝑛𝑇
2           𝑖𝑓 𝒙𝑖 , 𝒙𝑗 ∈ 𝑋𝑇

−1

𝑛𝑆𝑛𝑇
         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (2) 
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By using a weight matrix 𝑊 ∈ ℝ(𝑛𝑆+𝑛𝑇)×𝑚, with 𝑛𝑆 and 𝑛𝑇 corresponding to the num-

ber of observations from the source and target domains, respectively, and performing a 

decomposition of the kernel matrix, the empirical kernel map is transformed to 𝐾 =
𝐾𝑊𝑊𝑇𝐾 [8], effectively reducing the feature vector to an 𝑚-dimensional space. Sub-

stituting 𝐾, the distance between the empirical means of the two domains is, 

𝐷𝑖𝑠𝑡(𝑋𝑆
′ , 𝑋𝑇

′ ) = 𝑡𝑟(𝑊𝑇𝐾𝐿𝐾𝑊) (3) 

To minimize this distance, a regularization term is used to control the complexity of the 

weight matrix. Consequently, the kernel learning problem is reformulated as, 

𝑚𝑖𝑛𝑊
𝑠.𝑡.𝑊𝑇𝐾𝐻𝐾𝑊=𝐼

𝑡𝑟(𝑊𝑇𝐾𝐿𝐾𝑊) + 𝜇 𝑡𝑟(𝑊𝑇𝑊) (4) 

where 𝜇 is a regularization parameter, 𝐻 is a centring matrix, and 𝐼 is an identity matrix. 

The constraint 𝑊𝑇𝐾𝐻𝐾𝑊 = 𝐼 ensures that the trivial solution 𝑊 = 0 is avoided. By 

expressing the Lagrangian for the previous equation and following a concise mathe-

matical derivation, it can be shown that Eq. (4) can be efficiently solved by reformulat-

ing it as an equivalent trace optimization problem, 

𝑚𝑎𝑥𝑊𝑡𝑟((𝑊
𝑇(𝐾𝐿𝐾 + 𝜇𝐼)𝑊)−1𝑊𝑇𝐾𝐻𝐾𝑊) (5) 

The solution for 𝑊 in the above equation corresponds to the 𝑚 leading eigenvectors of 

the matrix (𝐾𝐿𝐾 + 𝜇𝐼)−1𝐾𝐻𝐾, where 𝑚 ≤ 𝑛𝑆 + 𝑛𝑇 − 1. These eigenvectors define 

the transformed feature space, represented by 𝑍 = 𝐾𝑊, where 𝑍 = 𝐾𝑊 ∈ ℝ(𝑛𝑆+𝑛𝑇)×𝑚. 

2.2 Statistical Alignment via Normal Condition Alignment 

Rather than operating in a latent feature space like TCA, Poole et al. [6] introduced the 

idea of Statistical Alignment (SA) methods for DA in SHM. These methods present an 

effective strategy for achieving a shared feature representation across domains. SA ap-

proaches work by directly aligning lower-order statistics, such as the mean and standard 

deviation, through scaling and affine transformations. One specific method, Normal 

Condition Alignment (NCA), preserves the original feature space while aligning the 

statistical characteristics of data representing normal conditions, which can be often 

estimated from small datasets. Additionally, NCA leverages prior knowledge to ensure 

consistent alignment of data associated with the same class (i.e. health state), making it 

a practical and efficient solution for addressing DA problems [9]. NCA involves nor-

malizing the source domain data by standardizing it using its mean 𝜇𝑠 and standard 

deviation 𝜎𝑠,  

𝑧𝑠
(𝑖)
= 
𝑥𝑠
(𝑖)
− 𝜇𝑠
𝜎𝑠

 
(6) 

The process of aligning the normal conditions of the target domain with those of the 

source domain is performed using the following operation,  

𝑧𝑡
(𝑖)
= (

𝑥𝑡
(𝑖)
− 𝜇𝑡,𝑛
𝜎𝑡,𝑛

)𝜎𝑠,𝑛 + 𝜇𝑠,𝑛 (7) 

here, (𝜇𝑠,𝑛 , 𝜇𝑡,𝑛) and (𝜎𝑠,𝑛 , 𝜎𝑡,𝑛) represent the means and standard deviations of the 

normal condition data from the source and target domains, respectively.  
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3 Application to masonry bell towers 

Detecting a damage condition is fundamental, especially in the context of CH. In this 

paper, two masonry bell towers are selected to identify damaged and reinforced condi-

tions. The source structure is represented by the bell tower of the of the Church of S. 

Maria and S. Giovenale (Fossano, Piedmont, Italy) (Fig. 1a), which dates to the 14th 

century and stands 46 meters tall, including its octagonal belfry. The bell tower is cur-

rently monitored due to the development of vertical cracking phenomena. In 2012, re-

inforcement measures were implemented, including the installation of 11 steel tie rods 

along its four external façades. The bell tower has been the focus of several studies in 

recent years, revealing key structural properties [10–12]. The target structure is repre-

sented by the bell tower of the ancient parish Church of S. Antonio Abate (Montà, 

Piedmont, Italy) (Fig. 1b), whose construction dates back to 1814 and stands 17 meters 

tall. A reinforcement intervention was carried out on the tower due to the significant 

cracking phenomena on the west and north façades, as well as the deterioration of the 

bell chamber. In detail, mortar injections, steel ties, and the reconstruction of the ma-

sonry thickness of a bell tower chamber wall have recently been completed. The source 

bell tower is continuously monitored since June 2024, with extensive data available 

regarding the temporary structural intervention carried out in 2012. In contrast, two 

experimental dynamic testing campaigns were carried out in total on the target bell 

tower, one for the damaged condition and one for the post-structural intervention con-

dition in May 2024 and January 2025, respectively. While both conditions are repre-

sented in the experimental data, few data are present. The DA application to these CH 

assets aims to improve the recognition of different health states.  

  
                                (a)               (b) 

Fig. 1. Bell tower (source) of the Church of S. Maria and S. Giovenale (Fossano, Italy) (a) and 

bell tower (target) of the ancient parish Church of S. Antonio Abate (Montà, Italy) (b). 

3.1 Source and target datasets 

To introduce DA, it is essential to define the source and target domains for the damaged 

class, henceforth referred to as CL0, and the post-structural intervention class, referred 
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to as CL1. Consequently, a total of four domains are required. For the purpose of dam-

age detection, this study will focus on the first two natural frequencies associated with 

the first translational mode in the y and x directions. To address the lack of sufficient 

experimental data for the CL0 source condition, the Ansys® FEM of the bell tower of 

the Church of S. Maria and S. Giovenale (Fig. 2) is utilized to construct the CL0 source 

domain. Specifically, the FEM of the post-structural intervention source bell tower is 

calibrated using the acquired experimental data identified by means of the Stochastic 

Subspace Identification (SSI) algorithm [13, 14]. Subsequently, data corresponding to 

the first translational modes (y-axis and x-axis) of the bell tower in the damaged state, 

after removing the temporary intervention (CL0), are extracted. To simulate variability 

of experimental frequencies (i.e. Environmental and Operational Variations (EOVs)), 

FEM data extraction is performed using Latin Hypercube (LH) sampling [15, 16] of the 

masonry Young moduli, allowing for a maximum variation of 10%. The results ob-

tained from the calibrated model are presented in Table 1. Focusing on the experimental 

domains, the identifications performed using signals obtained from continuous-time 

monitoring during the period from June to October 2024 are used as source dataset for 

the post-structural intervention class (CL1), resulting in a total of 5595 data. The source 

CL1 identifications are carried out with a signal length of 10 min, with no overlapping. 

The same data quantity is then extracted via FEM for the damaged class (CL0). Re-

garding the target structure, the analysis of signals recorded during the daily experi-

mental campaigns conducted in May 2024 and January 2025 provided a total of 41 

features, with 24 corresponding to the damaged class (CL0) and 17 to the post-structural 

intervention class (CL1). The identifications are carried out with a signal length of 10 

min, with an overlapping of 75% and 90% for CL0 and CL1, respectively. The dataset 

distributions of the source and target domains for CL0 and CL1 are shown in Fig. 3. 

Table 1. Results of the calibration process: frequencies obtained from the FE model vs frequen-

cies obtained from the dynamic identification of 2024 campaign. 

Identifier Mode number in FEM Freq. FEM [Hz] Freq. ID. (2024) [Hz] F [%] 

1 1 1.31 1.33 1.22 

2 2 1.46 1.40 -4.02 

 

  
                                          (a)                     (b) 

Fig. 2. Experimental calibrated 1st translational mode shapes of the post-structural intervention 

source bell tower FEM. First translational y-axis mode (a) and first translational x-axis mode (b). 
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Fig. 3. Dataset distributions of the first two natural frequencies for source and target domains for 

DA: damaged (CL0) and post-structural intervention (CL1) classes.  

3.2 Classification results for damage detection 

Once the datasets have been defined and the objective of the DA established, an addi-

tional subdivision is pointed out within the target dataset. Since the datasets represent 

the focus of the DA process, and to ensure statistically valid results, a 1:3 ratio has been 

selected for splitting the available data per class into training and testing datasets for 

the target structure, respectively.  

The classifier used in this study is a Support vector machine (SVM) with a linear 

kernel. The performance of the classifier is evaluated by computing the accuracy, which 

is calculated as the ratio of correctly predicted labels to the total number of test samples. 

The target testing data are used to compute such metric, and a confusion matrix is em-

ployed to illustrate the comparison between the true class and the predicted class, rep-

resenting the ground truth and the prediction of the model, respectively. The result of 

the SVM model are shown in Fig. 6a and in Table 2. 

Domain adaptation: Normal Condition Alignment. NCA is proposed to align the 

source and target domains based on the normal-condition. Then, a SVM model is used 

to classify CL0 and CL1 on the target testing data, as shown in Fig. 4a and Fig. 4b.  

Domain adaptation: Transfer Component Analysis. The DA technique via TCA is 

applied to the testing data of the target bell tower of the ancient parish Church of S. 

Antonio Abate. Adaptation is performed with a number of transfer components m equal 

to 2, a regularization parameter  = 0.1, and a linear kernel. The target and source 

adapted domains are shown in Fig. 5a and Fig. 5b, respectively.  
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                         (a)                             (b) 

Fig. 4. Support vector machine (SVM) model inferred in the normalized target components (X1, 

X2). The models are trained using the non-circled data and tested on the remaining data, with 

circle colors indicating the model predictions for damaged (CL0) and post-structural intervention 

(CL1) classes (a). Source dataset with normalized target components (X1, X2) (b). 

 
                         (a)                                (b) 

Fig. 5. Support vector machine (SVM) model inferred in the latent subspace representation (Z1, 

Z2). The models are trained using the non-circled data and tested on the remaining data, with 

circle colors indicating the model predictions for damaged (CL0) and post-structural intervention 

(CL1) classes (a). Source dataset in the latent subspace representation (Z1, Z2) (b). 

Models comparison. The SVM model, without DA, faced difficulty in detecting CL1 

in the target domain, resulting in a misclassification rate of 42.9%. Although the overall 

accuracy reached 80.65% (Table 2), but this metric does not fully investigates the issues 

highlighted in the confusion matrix (Fig. 6a).  

In contrast, DA — both using SA (specifically with NCA) and TCA — showed excel-

lent performance by perfectly classifying both the damaged and the post-structural in-

tervention conditions (Fig. 6b, Fig. 6c), with a global accuracy of 100% (Table 2). 



9 

 
               (a)                   (b)  (c) 

Fig. 6. Target testing confusion matrices: SVM (a) SVM: NCA (b) SVM: TCA (c). 

Table 2. Target testing classification model accuracies. 

Model SVM SVM: NCA SVM: TCA 

Accuracy 80.65% 100% 100% 

4 Conclusions 

This paper investigates two DA approaches (i.e. NCA and TCA) for damage detection 

in SHM, with a focus on vulnerable CH structures, such as masonry bell towers. The 

effectiveness of the methodology is demonstrated on two different masonry bell towers, 

namely the bell tower of the Church of S. Maria and S. Giovenale (source structure), 

and the bell tower of the old parish Church of S. Antonio Abate (target structure). NCA 

and TCA algorithms are applied to detect damage in the target bell tower, with the 

results summarized as follows: 

• NCA maintains the original feature space to align the mean and standard de-

viation of the data representing normal conditions. Using a SVM model, target 

testing data achieved a 19.35% improvement in prediction accuracy compared 

to the non-adapted one, reaching a prediction accuracy of 100%. 

• The second DA strategy, using TCA to adapt the domains in a latent feature 

space, achieved the same 100% prediction accuracy as the NCA algorithm.  

The results demonstrate the effectiveness of both DA algorithms in detecting damage 

on the proposed masonry bell towers. In particular NCA, despite being a simpler algo-

rithm that does not require a latent feature space (e.g. TCA), achieved the same predic-

tion accuracy. In general, this suggests that both DA algorithms can be systematically 

applied in monitoring CH structures.  

Future work will focus on identifying the most suitable source domain for the spe-

cific target structure. Additionally, the use of data extracted from calibrated FEMs for 

the target structure will also be considered to expand the limited available datasets, 

without compromising the overall properties of the experimental domain distributions.  
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