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Domain adaptation (DA) techniques have recently been developed as a promising approach to enhance the performance of
structural damage classification algorithms. Unlike traditional methods, DA imposes fewer constraints on the nature and
completeness of datasets, although its effectiveness largely depends on the similarity between the datasets used for knowledge
transfer. This paper proposes a novel approach for assessing structural similarity to improve DA in structural health monitoring
(SHM). The identification of suitable source data for knowledge transfer in damage detection is an open issue in SHM, especially
when dealing with important geometric, mechanical, and topological differences between the structures. To address this issue,
damage detection accuracy is increased by investigating similarity in the modal features of different framed structures, with the
aim of understanding their dynamic behavior through a similarity index based on divergence measures. In detail, this work
proposes a novel modal sensitivity-based similarity index which relies on the Kullback-Leibler divergence computed from
vibration-based dynamic features. This similarity index effectively reveals how structures differing in highly sensitive parameters
exhibit greater divergence. When DA is applied, source datasets with higher similarity lead to improved multiclass damage
classification accuracy on the target framed structure. The proposed index can be used to systematically rank candidate source
structures before applying DA, allowing a more efficient selection process. Its applicability extends to large-scale structures, where
managing heterogeneous structural datasets is essential, supporting data-driven SHM strategies with enhanced transferability and
reliability in real-world monitoring scenarios.

Keywords: damage detection; domain adaptation; framed structures; similarity; structural health monitoring; vibration modes

1. Introduction Data-driven approaches help in understanding the current

structural condition by closely monitoring these features [3].

Farrar and Worden (2012) defined structural health mon-  They exploit pattern recognition (PR), machine learning

itoring (SHM) as a process that involves the periodic
monitoring of a structure through measurements, the ex-
traction of features symptomatic to the phenomena under
investigation, and their statistical analysis to assess the
current state of the system [1]. More specifically, in
vibration-based SHM, modal parameters (e.g., natural fre-
quencies and mode shapes) are critical indicators of
structural characteristics such as stiffness and mass [2].

(ML), and other techniques aimed at producing a statistical
representation of the system [4, 5]. This approach relies on
algorithms and a large amount of data which can be re-
trieved directly from permanent or long-term monitoring
systems to generate reliable statistics. The drawback of these
methods, however, is that they do not provide a physically
based interpretation of the input-output relationship, which
limits their potential use (e.g., for prognosis evaluations). In
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addition, the regression performed with these methods is
often focus-based, making it difficult to accurately reproduce
a wide range of behaviors. Typically, the structural state for
which a large amount of data is available is associated with
the undamaged condition. Both undamaged and damaged
state data are required by ML algorithms to implement an
efficient PR strategy. Damaged state data is rarely available in
full-scale structures [6]. This may result in a lack of data in
damaged conditions, which can pose an obstacle in the PR
process.

In line with previous studies on structural damage de-
tection during dynamic events [7-10], this work explicitly
focuses on structural conditions sufficiently distant from
strong motion or plasticization phases. Indeed, capturing
reliable modal variations in proximity to such events re-
quires instantaneous estimators, for instance recurring to
time-frequency analyses or adaptive techniques. This posi-
tioning reflects the intended applicability of the method to
quasistationary regimes, while explicitly recognizing that
transient, nonstationary effects require specialized analyses
beyond the current scope.

Transfer learning (TL), and in particular domain adap-
tation (DA) [11], can be considered a valuable tool for
addressing the issue of data scarcity. It is embedded in ML
technologies and allows the use of training datasets from one
or more systems in order to initialize an algorithm, without
the need for sharing the same distributions or tasks [12-15].
This technology is used to transfer information from a more
informed system (source) to another system (target) char-
acterized by a lack of information, for example, due to a small
number of available data, while sharing some properties with
the source. DA is a TL technique that explicitly focuses on
aligning source and target domains with different distribu-
tions [16], without requiring fine-tuning, which is often
necessary when deep neural networks are used [17-20].

Selecting the correct source system is fundamental. In
this regard, the concept of similarity offers a powerful tool
for comparing structural behavior. Similarity involves ex-
amining the intrinsic characteristics common to objects,
such as their structures or attributes, to make them suitable
for quantitative comparison.

In the SHM field, the concept of similarity is used in the
population-based structural health monitoring (PBSHM)
approach [21], which considers groups of structures to
enhance the knowledge used to predict damage conditions,
making use of techniques such as DA. Similarity in struc-
tures can be assessed based on physical properties of the
structure (such as geometry, material, and topology), and it
stands as a key factor in DA outcomes. On the other hand,
when considering similarity within data domains (e.g.,
features), it is crucial to introduce the concept of distance,
which represents the degree of separation between two
objects. Distances are divided into metrics and divergences.
The choice of an appropriate distance measure is funda-
mental when dealing with assessing similarity between
domains, as it directly influences the correct diagnosis of the
structural state of a system. A detailed discussion of the
properties and implications of these distances, with a focus
on divergences, will be provided in Section 2.
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Similarity between domains must be carefully explored
to avoid the concept of negative transfer, when the per-
formance of the algorithm on the target system turns out to
be worsened by the transfer of source datasets, yielding
better results when trained only on the target data for
classification tasks.

1.1. Research Significance. This study focuses on divergence-
based approaches to assess the similarity of modal distri-
bution data by means of the Kullback-Leibler divergence,
a nonsymmetric measure used to assess the difference be-
tween two probability distributions over the same variable
[22]. The proposed methodology aims to assist in selecting
an appropriate source structure for DA through transfer
component analysis (TCA) in multiclass damage detection
scenarios. Specifically, a similarity index based on the
normalized Kullback-Leibler divergence is introduced as
a novel tool for future DA applications that leverage modal
features. This novel approach provides valuable insights into
the field of SHM, enabling the identification, in advance, of
the most suitable monitored structure to be used as source
structure when DA techniques are applied to sparsely
monitored target structures.

This paper focuses on numerical models of a three-story
aluminum frame, developed to generate reliable datasets
representing both damaged and healthy conditions. Ad-
ditionally, three distinct groups of heterogeneous three-
story structures were selected, each characterized by var-
iations in geometric and mechanical parameters that sig-
nificantly influence their modal behavior (e.g., natural
frequencies and mode shapes). To optimize the selection of
source structures groups, a local sensitivity analysis was
performed by evaluating the modal similarity between each
source structure and the target structure. Finally, a multi-
class classification problem for damage detection in the
target frame is compared with the DA classification results
obtained using the selected source group. This comparison
allows for the determination of a modal similarity index,
which is directly linked to the effectiveness of the DA
application.

The article is organized as follows: Section 2 introduces
the concept of structural similarity between data distribu-
tions, highlighting its relevance in data-driven SHM and DA
approaches. Section 3 provides an overview of the DA
techniques and algorithms used in the analysis. Section 4
describes the application of an aluminum frame, focusing on
three distinct sets of heterogeneous source structures for
which noisy modal datasets are generated. Section 5 presents
a similarity index based on the Kullback-Leibler divergence
theory. Section 6 outlines the expansion of damage data
using neural network surrogate models, generating datasets
to perform DA through TCA for each structural group. This
section also evaluates the relationship between the
Kullback-Leibler divergence and TCA accuracy. Finally,
a numerical study examines the impact of vibration mode
similarity on TCA results, providing a generalized un-
derstanding of the concept. In Section 7, the conclusions of
the study are drawn.
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2. The Concept of Similarity

2.1. Theoretical Background on Similarity. In broad terms,
similarity can be described by analyzing the inherent fea-
tures shared by objects (e.g., structures), which make them
quantitatively comparable. In the case of structures, simi-
larity can be evaluated based on their physical attributes or
by examining their mechanical features, such as modal
parameters. These properties often serve as primary datasets
for data-driven methodologies, including ML and, more
specifically, TL. Indeed, structural similarity is intrinsically
linked to similarities in the data and vice versa. Gardner et al.
[23] defined the physical properties within a population of
structures as comprising geometry, material, and topology.
The first includes the shape, size, and scaling of a structure,
while the second pertains to the material properties that
define its structural elements. The third concept addresses
various topological features of the structure as a whole, such
as boundary conditions and multibody relationships. In
a recent work, Wickramarachchi et al. [24] focused on using
distance-based measures to assess similarity in order to gain
insights into a population lacking prior knowledge, with the
purpose of supporting DA in PBSHM.

When assessing similarity through data domains, it is
important to introduce the concept of distance, which refers
to the extent of farness between two objects. When these
distances adhere to metric quantities, they are referred to as
metrics, while other nonmetric quantities are known as
divergences [25]. In stochastic data, probability density
functions (PDFs) are often used. Vector and probabilistic
approaches are commonly used to assess PDF distance/
similarity measures. The first treats each PDF as a vector, and
various geometric distances are used to compare them. In
particular, discrete versions of several divergences are often
used [26]. On the other hand, the probabilistic method relies
on the premise that a histogram of a measurement serves as
the foundation for an empirical approximation of the PDF.
The Ali-Silvey distance [27], also known as Csiszar’s
¢-divergence [28], stands as a prominent member within the
extensively examined and deeply understood families of
distances/divergences between probability measures [29].
This metric is defined as

dp
Jqu(ﬁ)dQ, P<«Q,

+00, otherwise,

D, (P, Q)= (1)

with M representing a measurable space and ¢ a convex
function. P « Q indicates that P is absolutely continuous
with respect to Q. By properly choosing ¢, different kinds of
distance/divergence measures are determined (Table 1),
among numerous other options [30, 31].

In 2009, Sriperumbudur et al. [32] examined the re-
lationships among metrics based on PDFs, specifically
¢-divergences and integral probability metrics (IPM) and
introduced several innovative characteristics to enhance
their practical usability. Synthetically, the IPMs [33] are
defined as

TaBLE 1: Distance and divergence measures among the Csiszar’s
¢-divergence family.

Measure ¢ (1)
Kullback-Leibler divergence t log (¢)
Hellinger distance (VE - 1)

Variation distance [t —1]
x*-Divergence (t-1)°

Ve (P, Q) = j‘:;i JMdeP’ - JMfd@l) (2)

where & is a real-valued bounded class measurable function
on M.

Another approach to assess similarity relies on in-
dicators. One of them, the Modal Assurance Criterion
(MACQ), is a statistical operator used to measure the con-
sistency (degree of linearity) between different estimates of
a modal vector [34]. One application of MAC is the eval-
uation of similarity through mode shapes comparison.
Hughes et al. [35] assessed structural similarity in a physics-
informed way by providing a modal shapes similarity score
via MAC as a predictor of DA quality. Recently, Bunce et al.
[36] employed MAC to assess similarity between the mode
shapes from a set of bridges in the context of PBSHM.

2.2. Similarity in Data-Driven Approaches to Damage
Detection. Due to the absence of sufficient monitoring data,
DA is increasingly used in SHM. This makes the analysis of
data domains crucial for transferring information from
source to target systems. Here, a question arises: is structural
(topological, geometric, and mechanical) similarity fully
correlated with modal data similarity? The question is im-
portant because damage detection is often performed using
data from modal parameters rather than from geometric and
mechanical properties (hereafter referred to as properties),
with DA classification performance following the same
concept. Bull et al. [21] addressed the concept of PBSHM,
which aims to share information from one group of
structures within a population to another, with the goal of
improving damage detection predictions for each member of
the population. The study focused on populations of shear
structures which differed in both topology and label space. A
population can be either homogeneous or heterogeneous [37].
It is considered homogeneous if any pair of structures within
the population is nominally identical. In contrast, a set of
different (nonidentical) structures belongs to a heteroge-
neous population. This distinction clearly reflects the level of
similarity between structures: various parameters lead to
a different level of heterogeneity, depending on the
framework. Gosliga et al. [37] described the concepts of
irreducible element (IE) models and attributed graphs (AGs)
metrics to characterize structural attributes. In their study,
Delo et al. [38] expanded on this concept, focusing on the
mechanical and geometric differences in distance metrics
within a heterogeneous population of laboratory-scale air-
craft case study, ending reproducing a graph matching
network (GMN) to evaluate a similarity matrix.
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Dissimilarities in data are not always consistent within
a set of structures. Data acquisition and processing can
significantly affect features: even when considering a pair of
structures with homogeneous physical properties, data
heterogeneity can be observed. Therefore, dissimilarity must
be taken into account when DA is conducted. For instance,
sensor placement can influence this effect, leading to dif-
ferences in the data when processed.

This study aims to define a modal similarity index in the
context of heterogeneous framed structures with a consistent
label space, using the Kullback-Leibler (Dy;) divergence
[22]. Consistency of label space is ensured when features
belonging to one system (i.e., structure) have the same di-
mension as those from the other system, which serves as the
target. In this paper, the number of natural frequencies,
mode shapes, and eigenvectors, as well as the labels corre-
sponding to different damage typologies for multiclass
classification, are the same.

Modal similarity is compared with physical similarity:
structures with different properties are linked to their modal
data distribution. According to the target structure under
investigation, some parameters will prove more important
than others in the DA multiclass damage detection due to
their impact on modal behavior.

3. Description of DA Algorithms

3.1. DA Techniques. Inthe SHM framework, the data used to
train ML algorithms often come from the same distribu-
tions, meaning that both the structures and the acquisition
time periods are identical. This results in homogeneous
datasets obtained from measurements, which can be pro-
cessed by the specific algorithm.

This is not always feasible, particularly due to the lack of
data in damaged conditions or their overall scarcity. Gardner
etal. [11] applied the TCA algorithm in various applications,
comparing its performance with other DA techniques,
namely, joint domain adaption (JDA) and adaptation
regularization-based transfer learning (ARTL). Tronci et al.
[39] utilized an extensive acoustic dataset to gain experience
in damage classification, applying it to simulated data from
a 12 degrees of freedom (DoFs) benchmark shear-building
structure. Coletta et al. [3] addressed the challenge of the
lack of labeled data related to different structural conditions
of a monumental building by employing TCA.

Additionally, virtual data generated through FE models
were utilized to train ML algorithms and support the in-
terpretation of real measurements. Cavanni et al. [40]
exploited kernelized Bayesian transfer learning (KBTL) [41]
to improve classification accuracy for monitoring historical
buildings.

This paper presents a DA application (Figure 1) aimed at
enhancing the accuracy of a support vector machine (SVM)
classifier in detecting damage on a little-known structure
(target) through a DA algorithm, specifically the TCA. Poole
et al. [42] compared TCA with statistical alignment (SA)
algorithms across three different case studies: (i) a hetero-
geneous numerical population of three-story structures, (ii)
a real heterogeneous population consisting of two bridges,
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the Z24 [43] and the KW51 [44], and (iii) an analysis of the
use of SA as a preprocessing method to simplify the DA
problem has been conducted. Giglioni et al. [45] introduced
a novel framework for damage classification in bridge
monitoring, utilizing DA techniques to align and transform
(SA) natural frequencies (features sensitive to damage) into
a common feature space. Gardner et al. [46] proposed DA
techniques to address data distribution shifts caused by
structural repairs in SHM. The metric-informed joint dis-
tribution adaptation (M-JDA) method outperformed other
DA techniques, demonstrating its potential to enhance the
industrial applicability of data-driven SHM.

DA is a subcategory of TL methods that focuses on
transferring knowledge between two systems that are related
in some way, by exploiting their associated data domains
[13, 47]. The term domain can be explained through two
distinct components:

e Feature space of input &
e Marginal distribution P(X) of a set of inputs
X = {Xp ...,xn}T eX.

Considering the different systems, two domains can be
defined according to DA: a source domain 9 and a target
domain P;. A task is represented by 7 = {¥; f (-)}, which
can be assigned to each domain, where % denotes the label
space and f (-) represents the objective predictive function
used to predict the corresponding label. A common way to
define the latter is P(y | x). The labeled data are contained in
D, (equation (3)) and they represent the information that
needs to be transferred. It can be analytically defined as

Ds = {(Xs,l’)’s,l)""’(XS’”S’yS'”S)}T' ®

The data from the target system are contained in 9
(equation (4)) and they can be either unlabeled or only
partially labeled:

Dy = {(xT,l’yT,l)’ e (xT’"T’ yT’"T)}T’ W

where xg; € &g represent the n, observations and the cor-
responding output yg; € ¥ can be interpreted as the
structural conditions in the case of SHM. On the other hand,
x7; € X' represent the ny observations in the target do-
main, which can be either unlabeled or partially labeled, and
Yr; € ¥ may or may not be available for each feature
observation x;; € 2.

Feature and label spaces can be considered to be identical
for both source and target domains in DA methods, that is,
X=X and Y5 = ¥¢. In the SHM field, this implies that
both systems share the same diagnostic properties and the
structural conditions. Actually, the systems differ in their
marginal distributions and, in some cases, in their condi-
tional distributions as well. This leads to diagnostic features
being distributed differently, P (Xs) # P (X;), and reflects the
differences in the probabilities associated with the occur-
rence of structural conditions (labels), P(Y¢|Xs)#
P(Y|Xp), as these features exhibit dissimilarities between
the source and the target domains. Due to these differences,
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F1GURe 1: The figure illustrates the process of DA. On the left, the classification results for the source and target domains are reported. On the
right, the misclassification error of the original target domain is addressed through DA.

training a classifier on the source domain and directly testing
it on the target domain may mislead the algorithm.

To address this issue, several methods have been in-
troduced to reduce the distance between the source and
target domain distributions. These techniques employ
a nonlinear mapping function ¢ (-), which aligns the dis-
tributions, ensuring P(¢ (X)) = P(¢ (X)) and P(Y|¢
(Xs)) = P(Yrl¢(Xp)). In this paper, TCA [47], a novel
developed learning algorithm, has been employed to reduce
the distance between data distributions.

3.1.1. TCA. TCA [47] aims at finding the mapping function
¢ () from the source space to a reproducing kernel Hilbert
space (RKHS) using as embedded criterion the maximum
mean discrepancy (MMD), minimizing the distance be-
tween the marginal probabilities P (¢ (X)) and P (¢ (Xy))
and keeping P (Ygl¢ (Xg)) = P(Yy|¢p (Xp)).

The function ¢ can be found as feature map determined
by a universal kernel. The MMD distance between the two
different data distributions may be measured through the
distance (equation (5)) between the empirical means of the
source and target domains as follows:

Dist (Xg, X7) = tr (KL), (5)

where X' represent the transformed inputs from the original
domains, K = k(X, X') € ROstm)x(s+n7) j¢ a560ciated to the
Kernel matrix, where X = {X;, X;}" and L (equation (6)) is
the MMD matrix, defined as

1 .
—5» 1fxi,xj € X,
g
1
LGj)=1 ifxi>xj € Xy, (6)
np
-1 )
——, otherwise.
Nghy

By exploiting a weight matrix W € R """ through
a kernel matrix decomposition, the empirical kernel map
becomes K = KWWK [48], reducing the feature vector in
a space defined by m dimensions. By replacing K, the above
distance can be defined as

Dist (Xg, X;) = tr(W'KLKW). (7)

A regularization term is introduced in the distance
minimization to control W, rewriting the kernel problem to
avoid the trivial solution W = 0, introducing the constraints

in tr( W KLKW) + u tr( W W),
mp w(WKLKW) p(WW),
stW KLKW =1,

where ©>0 is a regularization/trade-off parameter,
H=1L,,, —1/(ng+ np)117 (see [47]) is the centering ma-
trix, with I, ,,, € R (nstnr)x(nstnr) representing the identity

matrix, and 1 € R™™7 is the column vector with all ones.
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Hence, I,, € R™ represents the identity matrix (where
m<ng +np —1) and W KHKW corresponds to the vari-
ance of the projected samples needed to be preserved in
TCA. To simplify notation, it will be omitted the subscript m
from I, in the following. Using a Lagrangian approach, the
optimization problem which involves a nonconvex norm
constraint W/ KHKW =1, equation (8) can be solved by
optimizing the equivalent trace problem in equation (9), as
shown in the following [47]:

max tr((WT (KLK + HI)W)‘IWTKHKW>, 9)

where W can be solved by deriving the m leading eigen-
vectors of (KLK + uI)"'KHK, where m <ng+ny — 1, that
describe the space of the transformed feature by means of
Z =KW e R{tswmnm,

Finally, to evaluate the performance of the algorithm
used in the classification process, a metric is defined based
on the number of True Positives (TP), False Positives (FP),
True Negatives (TN), and False Negatives (FN):

A TP + TN
ccuracy = .
Y = TP+ TN+ FP + EN

(10)

4. Modal Sensitivity Analysis for
Similarity Assessment

4.1. Benchmark Structure. The benchmark structure used in
this study is an aluminum frame built in the Laboratory of
Earthquake Engineering and Dynamics (EED Laboratory) at
the Polytechnic of Turin (Figure 2). The structure is a three-
story frame with a square plan, 0.4 m in width, and a total
height of 0.9 m. Four columns support the structure and they
are fixed at the base end to a steel plate which acts as
a foundation plate. Most of the structural elements, con-
stituted by columns and slabs, are made of aluminum. The
slabs are constituted of square plate elements, whose
thickness is 5 mm, and the floor decks are considered rigid in
their plane. Diaphragmatic floor behavior is assumed for the
structure. The columns, such as the diagonal bracings, are
characterized by rectangular sections 20 x 3 mm. Columns
and slabs are joined using galvanized steel L-profiles that
measure 20 x 20 mm with a thickness of 2mm. The con-
nections between the columns and the ground are made
using the same components but with dimensions of
30 x 30 mm. Braces consist of ties pinned at the end nodes,
while the other connections, including the beam-slab ones,
can be assumed as rigid.

The mechanical properties of the aluminum structural
elements are defined by a Young’s modulus of 69,000 MPa,
a Poisson’s ratio of 0.326, and a density of 2700 kg/m’. A
simplified numerical model has been developed to apply
damage to the structure and evaluate its modal behavior
(Figure 3(a)), that is, by altering the values of natural fre-
quencies for each damage scenario. In particular, the model
has nine DoFs, six in the horizontal plane and three rotations
about the vertical axis. The numerical structure is assumed to
have 144 observations under the same structural condition,
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FI1GURE 2: Three-story aluminum structure built in the laboratory
of earthquake engineering and dynamics at the Polytechnic of
Turin.

corresponding to the experimental observations collected in
a single day for the benchmark frame. In this study, the
numerical model of the benchmark structure, with fixed
geometric, mechanical, and topological characteristics, is
considered as target system. Figure 3(b) shows the no-
menclature associated with the elements of the
numerical model.

4.2. Sensitivity Analyses on Vibration Modes. The proposed
method involves performing eigenvalue analysis to de-
termine the modal features of the benchmark frame and
categorizing source datasets for DA based on similar modal
behavior. This is achieved by generating different groups of
structures with the same topology as the benchmark, but
varying parameters.

To evaluate the effects of parameter variation on modal
behavior in terms of natural frequencies, local sensitivity
analyses [49] of the properties related to the numerical
model (target system) are conducted hereinafter. The model
consists of structural components with uniform material
characteristics. In this study, within the linear elastic field,
which considers three material properties for each com-
ponent (i.e., Young’s modulus E, Poisson ratio v, and ma-
terial density p), the sensitivity analysis examines variations
in only two of these properties: Young’s modulus E and
material density p. Regarding the geometric properties of the
structural components, the height and the depth of the
sections of each column, as well as the bracing area, are
considered as variables in the analysis. In this context, the
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FiGure 3: Natural frequencies of the three-story aluminum frame, along with the corresponding mode shapes identified through the
numerical model (a). Element identification labels for the benchmark numerical structure (target) (b).

coeflicients of variation (CV) for the first three natural
frequencies associated with the i-th parameter of the target
system have been computed.

The CV is then scaled with respect to the values of the
involved parameters. The scaled CV .4 (equation (11)) for
the corresponding vibrational modes effect of the i-th pa-
rameter is
CVi,scaled = WZ‘;

CVip.r (11)
where CV;  represents the coefficient of variation of the
frequencies, CV; , denotes the coeflicient of variation of the
i-th parameter, and CV, , refers to the chosen boundary
variations (i.e., realistic damages) according to the system.
Once the CV; .4 has been computed for each parameter, it
is possible to determine the contribution of each coefficient
of variation (CV  ,.q9) (equation (12)) to the sum of all
contributions as follows:

cv;

i,scaled

- ~r
ZjCVj,scaled

Cvi,scaled)% =100 (12)

with j taking values between 1 and the total number of
parameters considered in the analysis. The higher the
CVicaleas Of the i-th parameter, the greater the impact its
variation will have on the natural frequency content of the
target structure.

In this study, two different sensitivity analyses are
conducted: (i) the first is used to create three Groups of
Structures (GoS), GPg, where S is a free variable taking
values between 1 and 3, corresponding to the selected group
of 21 out of 63 varying parameters, based on the percentage
contribution of the coefficient of variation in descending
order. These three-story frames will be used as numerical

source structures for DA purposes. (ii) The second sensi-
tivity analysis is performed to introduce three different types
of damage by varying the values of elastic parameters, each
belonging to a specific GoS. The scaled CV described in
equation (11) can only be applied to the second analysis, as it
allows defining the range of variation for the properties. For
example, the crack length can vary between zero and the
depth of the section.

4.2.1. Modal Similarity Analysis for Source Framed
Structures. To obtain source structures that vary geo-
metrically and mechanically from the target structure,
a similarity analysis is conducted to identify three different
GoS. These GoS share common same varying parameters
(Young’s modulus E, material density p, base b, height h, and
thickness s), which are selected based on their similar modal
effects on the target structure. The sensitivity analysis is then
performed by varying these properties one at a time, between
a maximum and a minimum value (Table 2). The first three
natural frequencies are selected and their CV; ; values are
derived. In addition, the CV,,, are evaluated (Figure 4).

CVy = 1002 (13)
L,

Based on the CV,,, the parameters are divided into three
distinct groups, each containing 21 parameters, both geo-
metric and mechanical. The first group includes the 21
parameters with the highest CV,, representing the most
modal sensitive group. The second group contains the 21
parameters located in the middle of the CV;,, plot, while the
third and final group includes the 21 parameters with the
lowest CV,y, making them the least sensitive to modal
variations (Table 3). These groups will define three distinct
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TaBLE 2: Nominal, maximum, and minimum values of properties related to the target structure for sensitivity analysis purposes.
Parameter Symbol Nominal value Maximum value Minimum value
E (Pa) E 6.90E + 10 6.90E +11 6.90E + 09
p (kg/m®) R 2.70E +03 2.70E + 04 2.70E + 02
b (m) B 2.00E - 02 2.00E-01 2.00E-03
h (m) H 3.00E-03 3.00E - 02 3.00E - 04
A (m?) A 6.00E — 05 6.00E — 04 6.00E — 06
s (m) S 5.00E - 03 5.00E - 02 5.00E - 04

16 TTT T T T TTTTIT T T T T T TT TorTod

14
12
10
®
> 8
O
6 -
4 -
2
(SN
25

IIIIIIIIIIIIIIIIIIIIIIIIllllllllllllllllllllll_
on\o
one
[9p]%p]4a]

0 mamane | | | || I
R A R R R R T A S O S e Y AR m IS n 09T T oY
~ LT e entesten amTmmmt mm T RRRFE SRR st

Parameter

F1GURE 4: Coeflicients of variation (CV,,) of parameters for the sensitivity analysis aimed at selecting the Group of source Structures (GoS).
The parameters are described with their symbols (Table 2) and corresponding elements (Figure 3(b)).

sets of source structures, each sharing a similar modal
behavior.

4.2.2. Sensitivity of Vibration Modes for Damage Detection.
Here, the sensitivity analysis aims to select the damage to be
introduced in the structures. The ranges for the parameters
of the target structure that are subjected to variation are
described in Table 4. Finally, the CV; .44 have been
computed (Figure 5). According to Table 5, damages are
simulated by varying three parameters each belonging to
a different GoS, which is characterized by a similar behavior
(Table 3).

As acknowledged in recent literature, variations in
modal parameters can arise from Environmental and Op-
erational Variations (EOVs) or other random and nonlinear
structural behaviors and may not necessarily indicate the
presence of damage. This phenomenon is particularly rel-
evant in vibration-based SHM, where distinguishing true
damage effects from operationally induced variability re-
mains an open challenge [50, 51]. For instance, highly
nonlinear and hysteretic behaviors, often manifested as
“frequency wandering” during earthquake swarms or
temperature-induced stiffness variations, can cause apparent

shifts in modal frequencies. A clear example is presented in
the work [52], which proposes a method to define damage
thresholds based on statistical modeling of modal parameter
variations, explicitly addressing the minimization of false
alarms in SHM systems. In the study, the authors highlight
the need to consider the dispersion of modal features due to
EOVs when defining decision boundaries for damage de-
tection. The authors use a probabilistic approach to de-
termine adaptive thresholds that account for the natural
varijability of modal features, improving the reliability of
classification between damaged and undamaged states.
Therefore, in this study, the influence of EOVs on modal
features has been simulated by perturbating the mechanical
parameters associated with the structural model (see
Table 6).

4.3. Generation of Vibration Mode Datasets: Source Structures.
Different source structures can be numerically modeled by
varying the properties associated with a single GoS, while
keeping all other parameters constant relative to the target
fixed values. Thus, with reference to the parameters listed in
Table 3, the Latin Hypercube Sampling (LHS) method
[53-55] is used for statistically sampling parameter values,
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TaBLE 3: Parameters related to the properties of each group of structures (GoS), GP;.

GP Parameter

1 R17 S17 Rl16 S16 S15 El6 H8 H7 Hé6 H5 B3 B4 Bl B2 E15 E7 E8 E5 E6 HIl HI2
2 H10 H9 B6 B5 B7 B8 El12 El11 E9 E10 Bll Bl12 B9 Bl10 E17 H4 H3 Hl1 H2 E3 E4
3 E1l E2 RI5 R11 RI2 R9 RI0O R7 R8 R5 R6 Al4 Al13 R13 R14 R3 R4 Rl R2 EI3 El4

TaBLE 4: Nominal, maximum, and minimum (scaled) values of properties related to the target structure for sensitivity analysis purposes

(damages).
Parameter Nominal value Maximum value Minimum value Minimum value (scaled)
E (Pa) 6.90E + 10 6.90E + 10 4.83E+ 10 6.00E + 10
p (kg/m?) 2.70E+03 2.70E +03 2.20E +03 2.40E +03
b (m) 2.00E - 02 2.00E - 02 2.00E - 03 1.97E - 02
h (m) 3.00E-03 3.00E-03 3.00E - 04 2.80E-03
A (mz) 6.00E - 05 6.00E - 05 6.00E - 06 5.52E-05
s (m) 5.00E -03 5.00E-03 5.00E - 04 4.70E - 03
8 T T T T T T T T T T TP T T T T T T PR T T T T T T T T T T I T I T T I TrIrTr T i rrTr rTTrTITrrrrororT
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6 |- -
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Parameter

Ficure 5: Coefficients of variation (CV ,j.q,) of parameters for the sensitivity analysis aimed at identifying damages to be introduced in the
properties. The parameters are described with their symbols (Table 2) and corresponding elements (Figure 3(b)).

TaBLE 5: Damages introduced for each parameter and their respective nomenclature.

Parameter Nomenclature Damage ID
p (kg/m?) R17 1
h (m) H10 2
A (m?) Al4 3

TaBLE 6: Observational variability in parameters belonging to each Group of Structures (GoS), GP,, where S ranges from 1 to 3.

GP Parameter Range of variation

1 R17 El6 -33% +33%
2 E12 Ell -33% +33%
3 R15 E3 -33% +33%
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aiming to generate distinct source frames belonging to the
corresponding GoS. In this study, 150 source structures are
modeled for each of the 3 GoS (resulting in a total of 450
source structures) using the LHS method. The corre-
sponding 21 parameters are varied within a range spanning
from 0.25 to 4 times their nominal values. This number of
source structures has been chosen to ensure statistically
significant results. For each of the 150 structures within
a GoS, randomness in the modal properties (i.e., natural
frequencies and mode shapes) is simulated on two me-
chanical parameters (E and p), having the highest CV,,,
from the first sensitivity analysis (Figure 4), resulting in
a total of 144 observations per structure. This is feasible
because sensitivity analysis effectively identifies the me-
chanical parameters with the greatest influence on the
natural frequencies. To ensure consistency in the target
structure, three different analyses are conducted, each in-
volving two varying parameters from the corresponding
source GoS. The six selected parameters are presented in
Table 6.

5. Similarity Analysis of Source to
Target Structures

In this section, the results derived from point clouds, rep-
resenting scaled eigenvector distributions, are used to assess
the similarity between source and target structures.

5.1. Eigenvector Distributions. The modal characteristics
utilized in this study are the natural frequencies and the
mode shapes corresponding to the nine DoFs related to the
numerical frame model. Each k-th mode is then scaled by its
corresponding natural frequency (f,®;).

In Figure 6, a point cloud plot of the scaled eigenvector
distributions obtained from 144 observations of a single
source structure and the target structure is shown. Then, the
features are fitted into a Gaussian mixture (GM) model,
considering the first three modes for all nine DoFs, with
anumber of components set to three. This point cloud serves
as the basis for computing the Dy, between each source
structure and the target structure.

i=1

Considering the divergence of q(x) from p (x), it can be
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FiGure 6: Point cloud plot comparing the scaled eigenvector
distributions of a single source (red) and target (blue) structure (144
observations). The selected DoFs are the first, second, and third for
both structural configurations.

5.2. Distributions Analysis via GM Models and Kullback-
Leibler Divergence. When the modal properties, such as
natural frequencies and mode shapes, are numerically es-
timated for both target and source structures (belonging to
their respective GoS), a distribution analysis can then be
performed. Each structure will have a number of observa-
tions where mechanical properties modify the stiffness and
mass matrices, thereby affecting the outputs of the eigen-
value analysis. Mode shapes are then multiplied for their
frequency content. For each d-th DoF, a structure will have
m scaled mode shapes for each n-th observation, with these
observations varying between two different structures be-
longing to the same source GoS. The scaled eigenvectors of
the target structure, observed » times, are then compared
with those of each source structure from the distinct GoS,
using a point cloud plot (Figure 6).

Then, a GM model is defined as a multivariate (multi-
dimensional), multicomponent (equation (14)) version of
the classical Gaussian distribution [56], where g; is the GM
PDF of order I, x is the multidimensional feature vector
R%! i denotes the component, while p, £, and w; are the
mean vector R™!, covariance matrix R“*%, and component
proportion R'™', respectively.

I
_ _ 1 _
91 (xIm;, Z;, w;) = Z w; (27) (d/Z)IEi| e exP(‘z (x- Pi)TEi H(x- Fi))- (14)
p(x)
Dy (p(x)llg(x)) = %p(x) loga oy (15)

expressed as Dy, (p(x)llg(x)), representing the amount of
information lost when g(x) is used to describe p(x) [22].

When p(x) and q(x) are two probability distributions of
the discrete random variable x, the Dy; formulation is
described in the following equation:

The Dy is commonly used to measure the “distance”
between two probability distributions. However, it is not
a true metric, as it does not satisfy the triangle inequality.
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Additionally, it is asymmetric, meaning that the Dy, di-
vergence from p (x) to q(x) is generally different from that
from q(x) to p(x). Nevertheless, Dy (p(x)lq(x)) is
a nonnegative measure, meaning that Dy; (p(x)llq(x)) >0,
with equality holding if and only if p(x) = g(x). The GM
model assumes that multidimensional features follow
a Gaussian distribution, which is commonly used when the
distribution of data is unknown. Even if the data include
negative values (Figure 7), the GM model remains mathe-
matically valid, though it may not fully capture the true
population distribution. GM models are particularly effec-
tive for classifying data when it is symmetrically distributed
around the mean, even if they do not perfectly represent the
population. This is because GM models are applied con-
sistently to both source and target structures, ensuring that
any errors introduced by the model affect both distributions
similarly.

When the Dy reaches a minimum value between the
source and target, it suggests an optimal match. However,
the discrepancy between datasets cannot be fully eliminated,
as the true population distributions are unknown. Thus, the
errors introduced by using GM models are inherently
accounted for in the Dy, comparison, even though complete
elimination of these errors is not possible.

5.3. Similarity With Respect to Vibration Modes: Comparison
to Parameter Deviation. Initially, it is possible to infer how
each source structure differs from the target structure in
terms of their parameter values. Each structure (both source
and target) will have 144 observations, and the mean values
of the parameters are calculated. Then, the mean deviation of
the parameters, APAR,, for each h-th source structure
belonging to the S-th GoS, is computed according to the
following formulation:

1 & (SFS,h)_ _(TPT).
APARg), = — Y |2, (16)

P =l (TFT)[
where SF and TF represent the mean value of the parameters
parameters of the source and target frames, respectively, for
the total number of observations (in this work, 144 obser-
vations), and i refers to the parameter, with n,, representing
the total number of parameters. The subscript h indicates the
source structure belonging to the S-th GoS, while T is used to
specify the target structure, with its randomness in the
observations varying according to the corresponding GoS
(as per analyses 1, 2, and 3) (Table 6). For each of the 450
source structures, a Dy value, normalized to the highest one
within the corresponding GoS, is determined by analyzing
the source and target scaled eigenvectors. Additionally, the
corresponding parameters are compared by evaluating their
deviation, APARg;, with respect to the target structure.
Figure 8 presents a comparison of the normalized Dy
trends for the source structures across all three GoS. In the
figure, each bar plot represents the divergence of a single
source structure relative to the target structure. Higher
divergence values indicate greater dissimilarity between the
structures, while smaller values correspond to more similar
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FIGURE 7: GM model representation of the scaled eigenvector
distributions of the target structure (d=2 and i=9).

structures. This is compared with the mean deviation of
parameters, APARg;, (source/target), represented by
markers in Figure 8. The trend is almost negligible, con-
sistent with the LHS procedure. It is evident that the same
difference in structural properties between two structures
does not necessarily result in the same effect in terms of
modal properties, that is, natural frequencies and mode
shapes. It can be concluded that the normalized Dy, serves
as a similarity index for the modal properties of three-story
aluminum frames. However, even structures with significant
differences, belonging to two distinct GoS, can exhibit
similar parameter deviations. In contrast, the divergence
measure effectively distinguishes which of the two structures
is more similar to the target structure, to achieve the
specified objective. Figure 9 presents the flowchart that il-
lustrates the methodology followed in this study.

5.4. Comparison With Established Similarity Assessment
Methods. Several techniques exist for estimating similarity
between structures, depending on the nature of the differ-
ences under consideration: topological variations (e.g., ad-
dition or removal of structural elements), geometric changes
(such as modifications in cross-sectional dimensions), or
variations in mechanical parameters (such as Young’s
modulus and density).

In the case examined in this study, the structural
topology remains unchanged: all structures share the same
organization in terms of nodes and connections. The
variations lie exclusively in the geometrical and me-
chanical parameters associated with the structural ele-
ments. Under these conditions, the well-known Jaccard
index [37, 57], commonly used in SHM to compare
structures at the topological level, cannot be applied in its
classical formulation.

To assess similarity between structures with constant
topology but differing physical characteristics, the Gower
distance (Dgqyer) [58, 59] was employed. This metric allows
for comparison between observations described by hetero-
geneous variables, whether continuous (e.g., Young’s
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FIGURE 8: Source frames of the corresponding Group of Structures (GoS), GPg: the bar plot represents the normalized Kullback-Leibler
divergence (Dy;) of the scaled eigenvector distributions for each h-th source structure towards the target structure distribution. The
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FIGURE 9: Flowchart of the proposed methodology.

modulus), categorical (e.g., material type), or binary. Dy e
yields a value between 0 and 1, where 0 indicates identical
observations and 1 denotes maximum dissimilarity. This
approach is particularly useful in SHM applications when
comparing homologous structures based on geometric and
mechanical attributes, especially when the variables are not
normalized or of mixed types.

In this context, Dy Was used as a ground truth
reference to evaluate the performance of a proposed simi-
larity index based on modal features, namely the
Kullback-Leibler divergence, Dy;. Since Do is in-
dependent of modal information, it provides a physically
interpretable and topology-invariant baseline for compari-
son. The results of this analysis are reported in Figure 10.
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By comparing Figure 8, which shows the similarity es-
timated via Dyg; compared with the scatter between pa-
rameters, with the results obtained using D, in Figure 10,
itis evident that the two measures yield consistent outcomes.
This suggests that the Kullback-Leibler based metric derived
from modal information is able to capture structural sim-
ilarity even in the presence of structures with similar to-
pology, geometry, and mechanical properties.

6. Numerical Study on the Influence of
Similarity in TL via Surrogate Models

6.1. Expansion of Damage Cases Using Surrogate Models.
As previously discussed, datasets representing different
damaged and undamaged conditions can be extracted. In
this section, features and labels of the different classes are
gathered for classification analysis, with and without TCA.
In detail, within the context of black-box modeling, sur-
rogate models are used to generate numerical representa-
tions of even complex numerical models by mapping input
data to and output responses. In this study, these models are
mainly exploited for the following reasons.

e They invert the numerical models of both source and
target structures, introducing a large number of
damage conditions for each structure through the LHS
method. This procedure allows labeling the structural
parameters as “damaged” or “undamaged.” While such
data are rarely available in real-world applications, in
this case, the use of training data derived from nu-
merical simulations provides a valuable advantage,
enhancing the efficiency of the surrogate models.

e In a classification problem, data play a crucial role in
developing an effective predictive model. Surrogate
models provide the opportunity to expand the range of
damage cases starting from the limited training data
required for their creation.

e When working with numerical models, the compu-
tational time required to extract such datasets can be
a limiting factor in research. Surrogate models are
known to be much faster than numerical models, such
as FE models, for several reasons. One of these is the
reduced number of outputs required. In fact, the
primary interest typically lies in a few outputs, whereas
a numerical model must run entirely, generating ar-
rays or solving partial differential equations (e.g., finite
element analysis). Instead, a surrogate model is a tool
designed to perform a specific task for which it has
been trained for (i.e., a surrogate model can only
provide outputs for the natural frequencies it has faced
during the training process, and no more).

6.2. Feedforward Neural Networks Surrogate Models.
Deep neural networks (DNNs) are powerful tools for pre-
dicting structural parameters, particularly in addressing
complex regression and classification problems [60, 61]. In
this context, a fully connected neural network, commonly
known as feedforward neural network, is exploited to solve
the inverse problem associated with eigenvalue analysis. In
this study, natural frequencies are used as input data to
develop a surrogate model that can predict the properties of
various numerical structures. This approach is expected to
optimize the computational effort of numerical models by
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avoiding the need for a full-scale analysis whenever only
specific results are required. DNN-based surrogate models
are used to replace numerical models in introducing damage
across many structures, outlining the estimation of pa-
rameters belonging to hundreds of different frames using
only a natural frequency dataset as input features. The neural
network consists of consequent layers of nodes, which de-
scribe the mapping of the input-output relationship. The
input layer is the first layer of the network, consisting of
features (i.e., natural frequencies), with the number of nodes
in this layer corresponding to the number of input features.
Hidden layers are then used to perform computations on the
input data, allowing a learning procedure to extract in-
formation through the output layer. The training of a neural
network aims to optimize the connections weights and
minimize the discrepancies between the actual and predicted
output. This optimization process, known as back-
propagation, makes use of optimization algorithms to adjust
and update the weights based on an error measurement
computed during the training process.

In this paper, the Levenberg-Marquardt optimization
algorithm [62, 63] is exploited to solve nonlinear least square
problems. The output vectors are evaluated as

Y, = f< Y wioH() + b§°)>, (17)
m=1

with H(D representing the first hidden layer used to predict
output starting from input data X

n
H) = g<2w§j},xp +b,§})>, (18)

p=1

where the weights parameters are described by w'? and wr(nl[)ﬁ
and b, while b constitute the bias parameters. In ad-
dition, f and g describe the activation functions and the
error is then computed through the mean squared error
(MSE), which measures the average squared difference
between the predicted outputs and target values. Then, the
Levenberg-Marquardt optimization algorithm is used to
minimize the MSE by updating the weights and bias pa-
rameters, ultimately reaching an optimal solution.

To extract significant data for DA applications, it is
essential to first introduce damages in both the target and
source structures. For each of the three damage scenarios,
different analyses are conducted. A sampling procedure
using LHS is applied, with damages ranging from a mini-
mum value (representing the most severe damage, assumed
to be 30% of the undamaged nominal value) to a maximum
value, which corresponds to the undamaged nominal value.

It is important to note that the definition of such damage
threshold significantly affects the classification performance,
particularly near the boundaries of the clusters associated
with damaged and undamaged states. As highlighted in [52],
thresholds not grounded in structural or statistical knowl-
edge may increase the risk of false alarms in real SHM
applications. This study adopts damage levels that reflect
a simplified but consistent range of structural degradation,

Structural Control and Health Monitoring

acknowledging that the reliability of the approach increases
with the availability of prior structural knowledge, as
highlighted by the levels of knowledge concept [64].

To make DA useful, the target/source ratio of the datasets
must be small. In this work, this ratio is set to 1/10 (Table 7).
Once the natural frequencies are defined, DNN surrogate
models are used to estimate the parameter values under
damage conditions through regression, starting from the
corresponding natural frequencies. Within this, 80% of the
dataset has been used for model development and for the
actual classification problem, while the remaining 20% is
reserved for evaluating the accuracy of the surrogate models
(Tables 8 and 9). In particular, for each GoS, three different
surrogate models of the corresponding parameter have been
trained using feedforward neural networks. These models
consist of a first input layer with k-neurons, with k equal to
the number of features (i.e., natural frequencies) determined
from the eigenvalue analysis of the respective sampling case,
which reflects a potential damage condition. Then, the
hidden layers compute the outputs, updating the weights
through an optimization process. The computational
properties used in the DNN training procedure are char-
acterized by an Intel(R) Xeon(R) W-2255 CPU @ 3.70 GHz
and a 256 GB RAM. Due to different sensitivity of the j-th
applied damage, the architectures of the hidden layers and
the corresponding neurons, after a trial-and-error testing
procedure, are selected for each parameter estimation and
shown in Table 10. The input matrices X! for the I-th sur-
rogate model related to the S-th GoS are

1
1
Xs = (flhxjfzhxjf3hxj>s’ (19)

where h is the source frame considered for the j-th health
state, which could be damaged or undamaged. Following
this, after the optimization process of the hidden layer with
the input data, the output layer is constituted by a response
vector Y. of the structural parameter vector p as follows:

¥, = (Proi) (20)

which has dimension h x j. The datasets are portioned into
training, validation, and testing sets, representing 70%, 15%,
and 15% of the total data, respectively. The performance is
then evaluated using the MSE, and the final correlations R
between predicted and target values are computed for
each model.

6.3. Estimated Parameters for Labeling Purposes via Surrogate
Models. For classification purposes, labels are of relevant
importance. Here, the MSE error and the correlation R are
reported for a DNN model [65], aimed at predicting the
mechanical parameter (material density p) associated with
the first damage scenario considered (Figure 11). Sub-
sequently, 20% of the original dataset is used as novel input
data for the corresponding surrogate model. Table 8 presents
the parameter testing accuracies of the target system for the
related analysis, evaluated with a tolerance of 3%. Each
analysis is conducted by generating input data based on the
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TABLE 7: Dataset subdivisions for DNN surrogate models.

DNN dataset Source # Target #

Total dataset for a single structure subjected to damage 1, 2, or 3 2000 200

Model training dataset [80%] 1600 160

Testing dataset (to be used for DA) [20%] 400 40

TaBLE 8: Accuracy of the DNN surrogate models of the target
structure for the related analysis.

Damage Analysis 1 (%) Analysis 2 (%)  Analysis 3 (%)
R17 100 100 100
H10 100 100 100
Al4 100 100 100

TABLE 9: Accuracy of the DNN surrogate models of the source
structures belonging to their Group of Structures (GoS), GPs.

Damage GP; (%) GP, (%) GP; (%)
R17 98.85 99.70 99.68
H10 99.89 99.07 99.92
Al4 99.99 99.95 99.75

TaBLE 10: Deep neural network (DNN) surrogate model layer
architecture description.

7-Hidden layers architecture

Surrogate model
(neurons)

DNNg,; (10 30 50 70 50 30 10]
DNNy10 [10 30 50 70 50 30 10]
DNN 14 [10 30 50 70 50 30 10]

varying parameters listed in Table 6, while Table 8 shows the
corresponding accuracies for the source systems within
each GoS.

6.4. Multiclass Damage Detection on the Target Structure.
Once damages have been applied to the target structure and
the related labels are defined, a classification analysis for
damage detection can be performed using SVM, with 75% of
the data used for training and 25% for testing. To train the
SVM model, labels corresponding to both the undamaged
and damaged conditions must be considered. Therefore, it is
assumed that these labels are available for the target
structure during the training phase. The accuracies of the
three target structures, obtained through the varying pa-
rameters listed in Table 6, are highlighted (Table 11).
Damage detection results are then presented by considering
the accuracy related to each class. A confusion (or error)
matrix [66] is used to show the comparison (in terms of
accuracy) between the true class associated with a specific
damaged or undamaged condition (ground truth) and the
predicted class identified by the algorithm. Figure 12 shows
the confusion matrix related to the damaged and un-
damaged conditions for each analysis.

6.5. TCA Results. TCA can be performed by considering all
possible datasets of source structures related to the different
GoS. Then, on the adapted domain, the testing data from the

testing structures are classified, and the corresponding ac-
curacies relative to the actual labels are extracted. To obtain
significant results, the mean accuracies, determined by
adapting the datasets of the 150 source structures describing
a Go§, are discussed (Table 11). Figure 13 shows the related
confusion matrices for the damaged/undamaged conditions
of the target testing data, and the related accuracy of the
classification model is shown in Table 12.

6.6. Impact of Vibration Modes Similarity on TL. Finally, as
previously described, two different results are obtained by
comparing the accuracies for the target testing data: first, by
conducting a classification analysis on the original datasets,
and second, on the adapted domains.

The mean algebraic difference between the prediction
results with and without the use of TCA (mean A,ccyracy) can
now be computed for each analysis related to the source
structures linked to the group of similarity GoS under
consideration.

This highlights the relationship between similarity, as
indicated by scaled eigenvector distributions (using the
mean Dy results within the same GoS) and the accuracy
improvements achieved through TCA. These analyses are
performed for each mean accuracy value obtained from the
150 datasets of the corresponding GoS, as shown in
Figure 14.

As observed, there is a trend where the benefits of TCA
on the target domain increase when the source datasets
originate from structures characterized by more similar
behavior in terms of vibration modes, as confirmed by the
normalized Dy .

Furthermore, this trend remains consistent regardless of
the actual distance in properties between the source and
target structures.

Thus, negative transfer can be mitigated when the source
structure selected for DA exhibits greater similarity in vi-
bration modes, independent of direct geometric and me-
chanical similarities.

6.7. General Considerations on the Correct Choice of Source
Structures. It is now possible to outline general criteria for
selecting the most suitable source structures. While nu-
merical models have been used to generate features thus far,
in many real-world scenarios, the primary challenge lies in
the limited experimental data available for the target
structure, coupled with a lack of associated knowledge. In
the following, the same three-story topological frames are
considered to select the appropriate source data, by varying
the properties of the main structural elements. In the an-
alyses performed (Figure 14), it is evident that the group of
source structures GoS more dissimilar to the target structure
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FIGURE 11: Regression plot for the training, validation, and testing of the DNN surrogate model related to damage in the material density
(R17) (a). Convergence (MSE) of the DNN surrogate model for damage introduction in the material density (R17) (b).

TaBLE 11: Testing accuracy of the classification model for the target structure original domains belonging to the analysis considered.

Target structure Analysis 1 (%) Analysis 2 (%) Analysis 3 (%)
Test accuracy (SVM) 90.00 76.67 80.00

E K £

o (9} 19}

L] L L

2 g 2

= = =

0 1 2 3 0 1 2 3 0 1 2 3
Predicted class Predicted class Predicted class
(a) (b) (c)

F1GUre 12: Confusion matrices for the target testing original dataset across the three different analyses (class 0 represents the undamaged
condition, class 1 is related to damage 1 (R17), class 2 to damage 2 (H10), while class 3 corresponds to damage 3 (A14). White cells represent
no prediction). First target analysis (a); second target analysis (b); and third target analysis (c).

(GP,) shows the lowest performance in damage detection Modal properties have proven to be useful parameters for
accuracy (+0.00%). Furthermore, negative transfer could  detecting similarity through divergence measures. The higher
have occurred when transferring features from this group,  the divergence, the less suitable the selected source dataset is for
making it the most unsuitable case. The second GoS (GP,), = DA. Therefore, once modal parameters from a set of known
which has a mean divergence in the middle range, yielded  structures are obtained, the source dataset can be selected by
modest results (+1.38%). Lastly, the highest performance is ~ comparing the divergence outputs and choosing the datasets
appreciated for the most similar GoS (GP;), achieving  with the minimum value among all possible choices. However,
a significant accuracy increment (+10.80%), which is highly ~ this does not always prevent negative transfer if all the source
relevant in this type of application. structures are unsuitable for the problem.

85UB01 SUOWILLIOD SAITE810 3|qedljdde aup Aq pausenob a2 sajolie YO ‘8sn JO Sa|n. 1oy A%eiq i 8Ul|UO 4|1 UO (SUOTHPUOD-PUE-SWS)ALIY A8 1M A eI 1[ul [UO//STIY) SUONIPUOD Pue swie 1 8y 88S *[6Z02/TT/c0] Uo Akeiqiauliuo A8|IM ‘outio L 1a Mjod PA [q!g SIS 0ULI0 L 1A 091udsH[0d AQ £/GE6S6/91S/SSTT 0T/I0P/W0D" A8 1M AleIq1jeul|Uo//Sdny Woij papeojumod ‘T ‘520z ‘Wuos



Structural Control and Health Monitoring

17

0 37.20% - 0 11.47% -
» » 1 F10.67% » 1t
3 3 3
(9} (9} (9}
L L) L
=1 =1 =1
— - —
= =2 110.67% Hoat
3+ 25.33% 3+32.27%
0 1 2 3 0 2 3 0 1 2 3
Predicted class Predicted class Predicted class
(a) (c)

F1Gure 13: Confusion matrices of the target testing adapted dataset across the three different analyses (class 0 represents the undamaged
condition, class 1 is related to the damage 1 (R17), class 2 to damage 2 (H10), while class 3 corresponds to damage 3 (A14)). First adapted
domain target analysis (a); second adapted domain target analysis (b); and third adapted domain target analysis (c).

TaBLE 12: Testing accuracy of the classification model for the target structure adapted domains belonging to the analysis considered.

Target structure Analysis 1 (%) Analysis 2 (%) Analysis 3 (%)

Mean test accuracy (TCA) 90.00 78.04 90.80
15
GP,
!
10.80%
= 10
43
g
S 5t
GP,
!
0.00%
0 n
0.85 0.54 0.36

Mean normalized D, [-]

FIGURE 14: Plot representing the similarity within the scaled eigenvector distributions on the x-axis (measured by the mean normalized Dy )
versus the mean difference in accuracy for the testing classification problem of target structure, with and without TCA (y-axis). The
corresponding Group of Structures (GoS), GPg, is highlighted as well (GP,-GP,-GP5).

A general procedure can be outlined as follows. First, the
source structures that provide modal parameters, which are
used as features, must be selected. Once the target features
are obtained, the divergence between the source and target
data distributions is computed. The source structure
exhibiting the lowest divergence value is then chosen, as it
demonstrates the greatest similarity to the target structure.
Finally, DA can be applied within the selected source and
target domains by performing a classification procedure,
with labels available during the model training process for
both source and target structures, to identify anomalies in
the structural health state of the target structure.

7. Conclusions

In this paper, an innovative approach for assessing similarity
in DA for structural health monitoring is proposed. When
dealing with dynamically monitored structures, it is chal-
lenging to determine a priori which data are most suitable
for knowledge transfer. This work addressed this open
question by exploring similarity in geometric, mechanical,
and topological perspectives with the context of population-
based structural health monitoring.

In this study, the authors demonstrate that Kullback-
Leibler divergence measures of modal distributions are an
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effective tool for selecting the optimal pair of source and
target structure in DA, when performing multiclass damage
detection.

A three-story aluminum frame has been considered in
this paper, and a modal sensitivity analysis has been per-
formed to define the source structures based on their pa-
rameters. Mode shapes distributions, scaled by their
corresponding natural frequencies, are used to calculate the
Kullback-Leibler divergence for each source structure rel-
ative to the target structure. The results show that distri-
butions from structures generated by varying more sensitive
parameters exhibit higher divergence compared to those
generated by varying less sensitive parameters, while
maintaining a constant parameters distance for all struc-
tures. By applying DA, datasets from source structures with
higher similarity to the target structure yield greater im-
provements in damage classification accuracy.

The main conclusions of the work are outlined
hereinafter:

e Even when dynamic data are considered, structures
that are highly dissimilar in terms of topology, ge-
ometry, and mechanical quantities can still exhibit
similarity for DA applications.

e A similarity index based on the normalized
Kullback-Leibler divergence of modal features is
proposed and validated for DA applications. The
proposed similarity index outperforms other similarity
distances based on topology, geometry, and me-
chanical quantities.

As a future perspective, the proposed similarity index
will be applied to design dynamic sensing systems optimized
to receive information from one (or more) already highly
equipped structures and to identify source equipped
structures that are less prone to negative transfer.
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