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Summary

The e�ectiveness of data-driven Structural Health Monitoring (SHM) techniques
for aerospace structures is often constrained by the challenge of data scarcity. These
algorithms necessitate the availability of the dynamic response data from undamaged
and damaged conditions, coupled with the assumption that the training and test
datasets originate from the same domain. The population-based approach to SHM
(PBSHM) addresses this limitation by facilitating knowledge transfer on damage
states across a population of structures through transfer-learning methods, with a
particular emphasis on domain adaptation. However, meaningful inferences from
such data-sharing are only feasible when the structures and associated datasets
exhibit su�cient similarity in their topology and attributes. Consequently, the
PBSHM framework consists of two primary phases: the similarity assessment and
the exploration of e�ective transfer learning strategies. Furthermore, it is crucial
to understand the interdependence of these phases. Structural attributes may
impact PBSHM performance, particularly within heterogeneous populations, yet
their in�uence on the similarity metrics and knowledge-transfer outcomes remains
underexplored.

This Thesis explores the development of a PBSHM strategy for a heterogeneous
population of aerospace structures, proposing novel techniques to tackle the in�uence
of structural attributes on PBSHM outcomes, thereby enhancing both core phases
of the PBSHM framework. The key contributions of the current study are presented
as follows.

Similarity Assessment. This study introduces two innovative strategies for
estimating attribute e�ects on distance metrics. Various methodologies for similarity
assessment are explored, starting from the initially proposed techniques that focus
exclusively on topology. Hence, an approach based on Graph Matching Networks
(GMNs) is proposed to integrate attributes into the distance metrics. Subsequently,
a method based on weighted Euclidean distances is developed to maximise the
correlation between the similarity values and transfer learning performance to
improve predictive accuracy.
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Knowledge sharing approaches and experimental validation. This Thesis
presents di�erent knowledge-sharing approaches, encompassing the Transfer Compo-
nent Analysis, Statistic Alignment, and Joint Distribution Adaptation, employed to
enhance damage identi�cation in a population of structures. These approaches were
experimentally tested and validated through an experimental campaign involving
a heterogeneous population of laboratory-scale aircraft. The campaign included
testing under varying conditions to assess the e�ectiveness of the proposed methods
across di�erent structural and operational scenarios.

Integration of data from di�erent sources in PBSHM. Handling data from
diverse sources is paramount in PBSHM to achieve accurate results. Therefore,
the present study proposes a method based on the inverse Finite Element Method
(iFEM) to extract the dynamic features from strain data and integrates this tool into
the PBSHM framework, enhancing knowledge transfer by harmonising �bre-optic
strain measurements to vibration-based features and providing reliable source data
to inform diagnostics on the aircraft population, tested using three di�erent sensor
setups.
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Chapter 1

Introduction

1.1 Research background

This study addresses the �eld of Structural Health Monitoring (SHM), an
increasingly important set of strategies for guaranteeing a satisfactory level of safety
and easing the maintenance of existing structures. The main SHM developments
regard the �elds of mechanical, civil and aerospace engineering. Undoubtedly, as
aircraft undergo extended periods of service and encounter various demanding
conditions during �ight, evaluating their mechanical performance and detecting
potential damage becomes a critical subject. Additional challenges arise from the
structures' ageing and growing fatigue loadings, requiring the establishment of re�ned
techniques, experimental processes, and systematic data-processing algorithms for
monitoring aircraft structural integrity.

SHM does not only include algorithms to discern the structural behaviour of
a target system from acquired knowledge but covers the design of a monitoring
strategy, sensor choices, data acquisition, transmission and processing, up to the
understanding of this knowledge to take proper management and maintenance
actions (Figure 1.1 ). An alternative of SHM comprises non-destructive tests
(NDT). However, NDTs are characterised by several limitations, as they typically
acquire only local information, requiring prior knowledge of the damage location,
which should also be accessible. Additionally, these tests are time-consuming, are
typically performed o�ine and rely on subjective interpretation of the outcomes.
Conversely, SHM can provide either local or global knowledge on the structure via
continuous or periodic assessments, which can be performed during the operative
conditions.

Many SHM methodologies exist, and they di�erentiate according to the performed
task, the type of structure that is analysed, and consequently, the type of measured
data that are assessed and the strategy pursued in accounting for these data.
Accordingly, SHM may focus on the static behaviour of a structure or its dynamic
response, leading to the so-called vibration-based SHM. One of the �rst examples
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Figure 1.1: Scheme of an SHM work�ow.

in the aerospace �eld regards the space shuttle modal inspection system (SMIS)
programme, which aimed to assess damage caused by fatigue in di�erent components
of the structure [1]. Afterwards, di�erent strategies focused on the deployment of
distributed sensor systems to guarantee a rapid damage diagnosis and decision-
making process, as proposed by Melvin (1997) [2]. Moreover, many researchers
addressed the challenges of damage identi�cation for composite materials by studying
the corresponding failure mechanisms often occurring below the component's surface,
characterised by delamination, debonding, matrix cracking and �bre breakage [3]. In
addition, a commonly adopted distinction is between model-based and data-driven
approaches, constituting fundamental concepts of the present work.

Data-driven approaches have experienced considerable advancement in the last
decades because of the advent of evolved sensor technologies and data analytics,
leading to a shift towards new SHM algorithms based on Machine Learning (ML)
and pattern recognition, as depicted by Farrar and Worden (2012) [4]. In addi-
tion, this class of algorithms has proven particularly useful in analysing dynamic
data, enhancing real-time assessments even when multiple sensors are deployed on
the structure, identifying anomalies and o�ering insights in the decision-making
process [5].

This chapter comprises an overview of vibration-based SHM and data-driven
strategies, highlighting their bene�ts and limitations. Furthermore, a novel paradigm
for SHM is presented, namely a Population-based Structural Health Monitoring
(PBSHM) [6], which will be deepened in the following chapters. The present thesis
focuses on the development and implementation of this novel theory, introducing a
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new framework for monitoring existing structures, attempting to overcome the con-
cerns of data-driven SHM, easing their implementation for the large-scale assessment
of �eets, or populations, of similar structures.

1.2 Vibration-based SHM

While static SHM examines quantities such as strains or stresses induced by the
static loads applied to a structure, vibration-based SHM considers time-dependent
features such as accelerations, transfer functions or modal properties acquired under
dynamic excitations generated in laboratory conditions or caused by operational and
environmental conditions [7]. Speci�cally, Transmissibility Functions (TF) have been
widely exploited in di�erent case studies, including damage detection in the Gnat
aircraft [8]. These quantities are often exploited because of their sensitivity to little
structural variations, which may be related to the presence of damage. However,
as highlighted in [4], damage cannot be de�ned univocally. It may arise from a
range of degradation phenomena or external in�uences, occurring across various
dimensional and temporal scales, and can manifest as either a global or localised
issue. Nonetheless, damage can be generally described as a shift in geometric or
material characteristics of the analysed system, which are su�ciently relevant to
a�ect its performance, safety, reliability, and operational life. Thus, damage may be
inferred from the dynamic response and its derived features.

The main advantages of vibration-based SHM are given by (i) their global
damage assessment capabilities, (ii) the minimum intrusiveness and (iii) the possi-
bility of being applicable for long-term monitoring and during operative conditions,
(iv) the possibility to identify hidden damage even if its location is unknown, as
highlighted in [9]. In addition, these methods can be used in forced vibration tests,
for Experimental Modal Analysis (EMA), or they can use ambient acceleration
records under normal operating conditions to extract damage-sensitive features.
This technique, known as Operational Modal Analysis (OMA) or output-only modal
analysis, can derive modal information from the recorded output by assuming the
input as a random signal. Afterwards, damage can be inferred by tracking permanent
variations of dynamic parameters from a baseline population collected in a training
period.

Vibration-based SHM methods mainly perform the following steps:

ˆ Data acquisition: properly installed sensors are adopted to measure output
responses, typically acceleration time series.

ˆ Data Normalisation: separation of changes in the measured system response
caused by benign operational and environmental variability from changes
caused by damage.
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ˆ Data Cleansing: selection data to pass on to or reject from the feature selection
process based on prior knowledge of the data-acquisition process.

ˆ Data Compression: reduction of the dimensionality of the measured data to
retain feature sensitivity to the structural changes of interest in the presence
of environmental and operational variability.

ˆ Data Fusion: a combination of information from multiple sources to enhance
the �delity of the damage detection process. The fusion process may combine
data from spatially distributed sensors of the same type or heterogeneous data
types.

ˆ Feature extraction: system identi�cation and modal parameter estimates are
achieved using EMA or OMA analyses, which can be implemented on the
time domain, frequency domain or time-frequency domain.

ˆ Damage identi�cation: the evolution of damage-sensitive features is tracked
over time to highlight any anomaly from a reference condition.

ˆ Decision-making: design of condition-based maintenance strategies and de�ni-
tion of thresholds to support decisions in case of emergencies.

Although modal properties can supply valuable damage-sensitive features, their
main drawback is represented by their high sensitivity to Environmental and Oper-
ational Conditions (EOC), such as temperature and humidity. In addition, these
EOC variations include changes of mass, a signi�cant issue in aerospace structures,
where fuel consumption and stores can a�ect the aircraft's weight. Changes in
dynamic properties due to temperature variations or operational conditions are often
more signi�cant than those resulting from moderate structural damage. This e�ect
introduces a signi�cant risk of masking early-stage damages. Therefore, various
techniques based on regression models, ML, or look-up tables have been proposed
to remove environmental e�ects from modal parameters [4]. The underlying rela-
tionship between the damage-sensitive features and EOC has been addressed using
Auto-Associative Neural Networks (AANN) [10]. Moreover, Sohn etal.(1999) [11]
and Hu et al.(2018) [12] applied Multivariate Linear Regression (MLR) to remove
temperature e�ects in dynamic features while Yan etal.(2005) [13] pointed out
the e�ectiveness of Principal Component Aalysis (PCA) to get reliable features for
damage identi�cation. Furthermore, Cross etal.(2011) proposed the adoption of
cointegration, a tool for non-stationary time series analysis, to produce features
that are independent of EOC [14].

Once the e�ects of the environment have been removed, damage identi�cation
can proceed using either model-based or data-driven approaches. The model-based
approach typically involves Finite Element Model Updating (FEMU). FEMU aims to
create an accurate Finite Element Method (FEM) of the target structure by updating
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an initial model with experimental data. After establishing this model, monitoring
data can be collected, and if any new anomalies arise, further updates to the model
can indicate the location and extent of structural changes. Di�erent updating
strategies may be used, mainly based on sensitivity analyses and deterministic
algorithms, to minimise the di�erence between the experimental and numerical
modal parameters [15], [16]. In addition, [17] and [18] implemented a FEMU for
complex aerospace models using a stochastic updating algorithm to cope with the
high computational e�orts in deterministic approaches. Nonetheless, this type of
approach is limited to cases where the structure can be represented by linear models
and identifying the type of damage is not straightforward. Additional limitations
of FEMU approaches can be found in [4], which motivate the development of
data-driven approaches, which are addressed in the following section.

Further advancements in SHM for aerospace structures focus on shape-sensing
strategies [19], [20], including Smoothing Element Analysis (SEA) [21] and inverse
Finite Element Method (iFEM), which are capable of reconstructing structural
displacements using a limited number of measurements. Indeed, shape sensing not
only conserves economic and human resources but also facilitates a condition-based
maintenance strategy, as highlighted in [22]. These techniques employ Distributed
�bre-optic sensors (DFOS) [23], strain gauges, or computer vision methodologies
to improve real-time assessment of structural deformation [24]. Moreover, several
SHM applications have been proposed, such as novelty detection and delamination
estimation in composite materials [25].

1.3 Data-driven SHM

Data-driven approaches to SHM proved e�ective in handling high amounts of data,
providing a more �exible and e�cient alternative to model-based approaches while
not requiring physics-based or law-based models. Indeed, their application became
essential as SHM data increased in terms of data �ow, thanks to a higher number of
sensors, channels and the possibility to use higher acquisition rates. Moreover, data
became more varied, encompassing both mechanical and environmental parameters.
The speed of acquisition also increased, together with data variability due to
uncertainties and veracity due to corrupting noise, requiring a new statistical
pattern recognition paradigm.

In this context, data-driven strategies facilitate dealing with uncertainties and
system nonlinearities and can be applied to many damage identi�cation tasks. The
damage identi�cation tasks are commonly classi�ed according to the hierarchy
proposed by Rytter (1993) [26] and later updated by Park etal.(2001) [27].

ˆ Detection: The existence of the damage in the system is qualitatively assessed;

ˆ Localisation: The location of the damage is identi�ed with a certain degree of
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probability;

ˆ Assessment: The classi�cation of the type of damage is performed;

ˆ Quanti�cation: The severity or extent of damage is quanti�ed;

ˆ Prognosis: The remaining useful life of the structure is predicted, and potential
remedial action is formulated.

The �rst level can be accomplished without knowledge of the system's behaviour
when damaged. Instead, gathering insights on levels 3 and 4 (and at times also the
localisation level) requires speci�c information on the damaged behaviour of the
system. Moreover, the prognosis level cannot be achieved without context-speci�c
physical theory [4].

In this context, the available data from the possible healthy and damaged states
of interest for the structure are adopted as training data. Afterwards, these data
are used to build a statistical model of the data, e.g., their probability density
function. ML algorithms are classi�ed into two main categories: supervised and
unsupervised learning. In addition, reinforcement learning can be considered a
third category of ML, as highlighted in [28]. Supervised learning requires labelled
training datasets and the possibility of learning a mapping between inputs and
outputs so that the relationship can be used to predict outputs from new inputs.
These algorithms can be employed for damage detection, localisation and severity
assessment. Commonly adopted supervised learning algorithms include Support
Vector Machine (SVM) and neural network models such as Convolutional Neural
Networks (CNN). Unsupervised learning, conversely, does not require labelled data,
and it is used to identify patterns in the data, which can be used to cluster data
or reduce its dimensionality. These strategies include k-means clustering, PCA,
Autoencoders and Hierarchical Clustering. The applications of these algorithms can
be classi�ed according to the type of task, as summarised byFigure 1.2 .

Figure 1.2: Distinction of di�erent ML strategies with respect to the damage
identi�cation tasks.
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One of the main approaches is novelty detection, also called outlier analysis. A
statistical model of measured features is developed from the undamaged structure
of interest. Subsequently, new data are fed into the model to identify the presence
of variations, which are assumed to detect damage [29]. This approach is easily im-
plemented using unsupervised machine learning algorithms, such as auto-associative
neural networks, factor analysis, Mahalanobis distance, and Singular Value Decom-
position (SVD). Another unsupervised novelty detection approach is the Negative
Selection Algorithm (NSA), which is inspired by the human immune system and its
capability of self and non-self discrimination [30]. The main advantage of novelty
detection is its independence from damaged-condition data. However, a drawback
when applying novelty detection algorithms is the problem of handling and min-
imising false positives, which stem from benign changes in data due to operational
and environmental variations, as well as false negatives, indicating a missing alarm
which may hide damage occurrence. All that implies that a proper classi�cation
threshold should be selected.

Supervised approaches are also used for damage detection, providing more
accurate results. However, they require data from intact and damaged structures for
the model training, which reduces their feasibility in many real-world applications
characterised by incomplete datasets and uncertainties in the materials, boundary,
operational and environmental conditions. Nonetheless, these techniques are deemed
to be superior to unsupervised ones in detecting low levels of damage [31].

Damage localisation can be achieved via di�erent strategies. It may be ap-
proached as a classi�cation learning problem if the structure is extensively mapped
or instrumented, or it could be considered a clustering problem that produces a map
of damaged locations. In most instances, the localisation task requires supervised
techniques. Moreover, the assessment of damage in terms of type and the evaluation
of severity can be linked to either classi�cation or clustering problems. For both
tasks, the availability of labelled data that identi�es the types of damage and
classi�es them by degree of signi�cance is crucial for data-driven methods to address
levels 3 and 4 of Rytter's scale.

Data may be gathered through experimentation or modelling. However, the
acquisition of a su�cient amount of data is often unfeasible due to the high costs and
time required for the experimental campaigns. Moreover, acquiring large-scale data
concerning groups or networks of structures is a particularly complex undertaking.
The acquired data should come from the normal condition under di�erent EOC. In
addition, labelled measurements regarding the possible damaged states should be
available for supervised learning. Despite the increasing trend of installing sensors
for long-term systems monitoring, the data collected often proves insu�cient because
samples may come from a subset of all the possible structural conditions. Therefore,
the availability of damaged labelled data is rare [5], [32].

7



Introduction

1.4 Population-based Structural Health Monitor-
ing

This thesis implements a PBSHM technique for monitoring the health conditions
of a heterogeneous population of aerospace structures, focusing on the in�uence of
the structural attributes on PBSHM performance. Therefore, the two core phases of
the PBSHM framework are addressed: similarity assessment and knowledge-sharing.
Hence, the current section presents an overview of PBSHM, highlighting the main
elements of this novel theory and its applications. The PBSHM derives from the
need to overcome some of the previously outlined limitations of traditional data-
driven SHM, whose feasibility is often hindered by the scarcity of experimental data
for training ML and pattern recognition algorithms. Hence, [6], [33], [34] set the
foundations of a new SHM framework, which aims to exploit the knowledge gained
from a source structure with a comprehensive dataset to improve the diagnostic
performance of a di�erent target structure with only a few available data. To this
end, PBSHM leverages Transfer Learning (TL) algorithms, a class of ML, to share
damage-state knowledge across a population of structures. As an innovative approach
with the potential to change the design of large-scale monitoring systems, PBSHM
comprises several steps which di�er according to the distinctive characteristics of
the structures to be analysed. In particular, it is necessary to analyse the properties
of the target domain and possible source domains, which may di�er to a certain
extent but should display related dynamic behaviour and damage e�ects.

Therefore, PBSHM introduces the concept of similarity assessment in the SHM
�eld to compare the structures within a population and identify the most suitable
strategies for knowledge transfer. By analysing structural similarities, PBSHM
distinguishes betweenhomogeneousand heterogeneouspopulations. The �rst type of
population comprises structures exhibiting analogous behaviours, i.e., topologically
and structurally equivalent. In addition, [6] also introduces the concept ofstrongly-
homogeneouspopulation, including nominally-identical systems [35], in which only
minor di�erences exist. These di�erences may be related to the manufacturing
process, which may introduce slight variations in material properties, geometry,
or assembly tolerances. Hence, in these populations, the di�erences in dynamic
behaviour mainly arise from uncertainties in the EOC as well as measurement
noise and modelling inaccuracies, which can be accounted for in the statistical
models. However, the latter represents an idealised population, which would rarely
be encountered in real-world applications. Conversely, heterogeneous populations
include structures with more signi�cant di�erences, which add to the e�ects of
uncertainties already present in homogeneous populations. Consequently, these
structures can display remarkably distinct dynamic behaviours and may require
speci�c TL strategies [33]. Indeed, sharing knowledge between heterogeneous
structures does not always lead to satisfactory performance, expecially if the source
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and target domains are not su�ciently related. This scenario is known as the
negative transfer, which can occur when the source and target domains cannot be
properly aligned via TL. Consequently, the samples of the target structure may
be mislabelled, leading to worse overall performance than the one that could be
achieved by using only the target structure data [34]. The risk of negative transfer
further highlight the need to preliminarly assess the similarity between structures,
to de�ne if and how knowledge may be shared across the population.

1.4.1 Homogeneous populations

Homogeneous populations are analysed by de�ning a shared representative model
to depict their dynamic behaviour and the potential variations induced by the small
variability between the structures, the boundary conditions or the EOCs. This
strategy, de�ned aspopulation form, has been introduced by Bull etal.(2021) to
examine homogeneous knowledge-sharing [6]. In addition, this study proposed
various methods to build population forms, such as Gaussian Processes (GP) and
a combination of GP regression models. The �rst case study was conducted on a
population of 19 strongly-homogeneous Multi-Degree-of-Freedom (MDOF) systems,
which were examined to estimate the regression of their FRFs using GPs. Thus,
the information gathered from the form could be used to model eventual missing
information. Subsequently, a second case study has been presented to extend the
concept of population form to more realistic scenarios, such as the reconstruction of
power curves from wind turbine data.

The collective behaviour of a homogeneous population has been investigated by
Dardeno etal.(2022) by proposing a supervised mixture of GPs and an overlapping
mixture of GPs to learn the population form of full-scale composite helicopter
blades, adopting their FRFs as damage-sensitive features and performing a damage-
detection task [36]. These researchers additionally examined Hierarchical Bayesian
modelling (HBM) [37], further developing the same case study by introducing mul-
tiple environmental conditions simulated in an environmental chamber. Hence, the
resulting model could represent the FRFs and their temperature-induced variability.
This study �rst considered partial pooling to address the challenges of data scarcity.
Afterwards, physics-based understanding was introduced to augment the knowledge
of di�erent normal conditions and study the relationships between temperature and
the modal parameters.

Subsequent extensions focused on HBM application to detect scour in o�shore
wind turbines [38]. In this research, the authors proposed a �nite element simulation
of wind turbines with additional springs for modelling the soil in an o�shore environ-
ment. Afterwards, HBM was used to estimate a global soil sti�ness distribution and
reconstruct the �rst corresponding bending frequency, which can provide insights
for scour detection. In addition, homogeneous populations have been analysed by
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adopting Multitask Learning (MTL) strategies to select physically meaningful fea-
tures using the Least Absolute Shrinkage and Selection Operator (LASSO), proving
their potential in PBSHM [39].

1.4.2 Heterogeneous populations

The analysis of a heterogeneous population requires the development of appropri-
ate similarity assessment and TL strategies. Thus, the following section individually
analyses these two aspects to discuss their most recent advancements. However,
combining similarity assessment and knowledge transfer will be essential in the rest
of this thesis for understanding how di�erent levels of heterogeneity can a�ect the
performance of PBSHM algorithms, what are the optimal conditions for knowledge
transfer, and how the risk of negative transfer may be estimated [40]. The latter
additionally includes the evaluation of the expected value of perfect information
(EVPI) and the expected value of information transfer (EVIT) to tackle the theory
of decision-making within PBSHM [41]. A scheme of the PBSHM approach is shown
in Figure 1.3 , which considers an application to networks of civil infrastructures.
However, the outlined work�ow can be extended to any type of population, including
aircraft, mechanical systems or wind turbines, as shown in the following sections.

Figure 1.3: Scheme of the PBSHM approach [42].

1.4.3 Knowledge sharing

The TL class of algorithms has been adopted in SHM applications, extending
already examined data-driven approaches to provide higher generalisation and
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robustness of learning models [43] to unanticipated data samples. In addition,
these algorithms are essential in PBSHM for transferring knowledge between source
and target structures. In this �eld, the choice of a TL algorithm depends on the
available features for knowledge sharing, their similarity, and the task that needs
to be performed. Indeed, it is possible to distinguish many di�erent algorithms
suitable for solving identi�cation, classi�cation and regression tasks, as described
by [44], [45].

Before the advent of PBSHM, a few studies proposed the application of TL
in SHM, focusing on the classi�cation and detection of cracks [46], [47] via Deep
Convolutional Neural Networks (DCNN). Additionally, a similar framework has been
proposed in [48] for identifying fatigue damage in aluminium lug joints, exploiting
the transfer of statistics from related tasks to address the issue of limited training
examples. The use of unsupervised TL for SHM has been investigated also in [49],
[50], and [51], which adopted adversarial deep learning to performe a novelty-
detection task in electric motor bearings and jet engines.

An area of PBSHM that has been particularly developed concerns the use of
Domain Adaptation (DA) [52] to learn a feature transformation that minimises
the di�erences between the source and target domains. This branch of TL proved
to be well suited for harmonising vibration-based features, as shown by Gardner
et al.(2020) [53] and [54]. These studies proposed a set of DA approaches and
veri�ed their performance on numerical and experimental case studies such as
MDOF systems, three-storey shear structures, and aircraft wings. Moreover, these
approaches have been proved experimentally in [55], which examined a dataset of
FRFs acquired from three di�erent tailplanes.

Subsequently, a Statistic Alignment (SA) strategy, initially proposed as a pre-
processing step in [54], has been utilised as a low-risk DA [56] in di�erent case studies.
Furthermore, an application of DA to guided wave SHM has been introduced in [57],
and Zhou etal.(2023) adopted a fuzzy-set-based DA approach for the quanti�cation
of damage on a helicopter panel [58]. More details on TL and DA strategies are
provided in Chapter 4.

Further studies addressed various TL approaches, which di�er from the PBSHM
framework, though a similar philosophy is adopted. Thus, some of these approaches
are given below. Tronci etal.(2022) proposed a novel monitoring strategy for
bridges [59]. This strategy employs speaker registrations as a source for TL, rather
than depending on knowledge derived from a bridge case study. A rich audio dataset
of vibration records is adopted to train a Linear Discriminant Analysis (LDA)
classi�cation model. Subsequently, the knowledge is adopted for classifying the
Z24 bridge monitoring data, building a Probabilistic Linear Discriminant Analysis
(PLDA) classi�cation model. The transfer process is facilitated by adopting Mel-
Frequency Cepstral Coe�cients as features. Ierimonti etal.(2021) studied the
generation of multiclass labels by means of surrogate models, built from the available
FE models of a structure, to produce sensitivity damage charts (SDC), which are
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used as class classi�ers. In addition, a Bayesian model updating of the damage-
dependent parameters allowed the probabilistic damage identi�cation, transferring
knowledge between a numerical model and real monitoring data acquired from the
Consoli Palace, a monumental building located in Gubbio, Italy [60].

Another subset of TL concerns the use of �ne-tuning and deep CNN [61], [62],
[63]. In this context, Pan etal.(2023) implemented a novelty detection approach
based on Deep CNNs applied to bridge SHM by training the network on data
from a source bridge in di�erent conditions and re-training it on fewer data from
a target bridge. In particular, the parameters of the pre-trained CNN with the
best performance are transferred to the target bridge [61]. Additionally, Zhang et
al.(2017) addressed fault diagnosis techniques for rolling element bearings based on
a Deep Convolutional Neural Network with Wide First-layer Kernels (WDCNN)
combined with an Adaptive Batch Normalization (AdaBN) method, which tried
to implement an algorithm with good domain adaptation ability so that it could
be trained on data from one working load and then applied to data from di�erent
working loads. However, this study focused mainly on domain shifts caused by
operating conditions [62]. Instead, Li etal.(2020) extended the analysis to cross-
machine fault diagnosis using the same experimental dataset. This study speci�cally
leveraged domain adaptation to solve the issues given by domain shifts between
available training data from one machine and target test data from a di�erent, but
related, machine [63].

1.4.4 Similarity assessment

The need to establish criteria for determining su�ciently similar structures
to enable e�ective knowledge transfer has driven the investigation of similarity
assessment strategies and the development of tools for their implementation in
PBSHM. Indeed, the importance of this phase was already highlighted in [45]
and [64]. The main distance metrics adopted for TL applications have been reviewed
in [65] and [66]. Some studies have investigated the notion of task relatedness [67] or
task clustering [68]. However, there are not many studies focusing on the assessment
of similarity between structures, which should also be possible to conduct before
evaluating their features.

To address this challenge, several aspects must be considered. Firstly, it is
necessary to develop an adequate technique for representing the structures of
interest. Afterwards, di�erent metrics for calculating the structural similarity must
be implemented and compared. The adopted representations are Irreducible Element
(IE) models and Attribute Graphs (AG) [33], which are built by subdividing each
structure into small elements and modelling their joints and boundary conditions.
An example of these representations is shown inFigure 1.4 , which also highlights
the di�erences between topological and structural equivalence.

As shown inFigure 1.4 , PBSHM adopts representations drawing inspiration
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Figure 1.4: Examples of graph-structured representations adopted in the follow-
ing study for similarity assessment, as proposed in [6]. (a) shows the graphical
representation of an aircraft; (b) and (c) are two topologically and structurally
equivalent graphical representations of a wind turbine; (d) is a graph topologically
but not structurally equivalent to (b) and (c). The darker nodes represent the
ground connections.

from graph theory [69], in which nodes represent the elements and edges represent
the joints and relationships between them. Additionally, their characteristics are
stored as attributes, which must be included in the similarity assessment metrics.
The implementation of IE models and AGs is deepened in Chapter 5, with the
construction of these abstract representations for a laboratory-scale aircraft. The
overall aim is to achieve a simpli�ed yet informative model of the structure, which
describes all the components having a well-established dynamic behaviour according
to the speci�c SHM task addressed. In addition, [70] proposed some guidelines for
the IE design to reduce the user-dependent variability in the model construction
process. The IE models are then transformed into AGs for an automatic application
of similarity or distance metrics.

Recently, Ontañón [66] reviewed the most common distance metrics for graph-
structured data, categorising them into:

ˆ Graph matching methods;

ˆ Kernels methods;

ˆ Edit distance methods;

ˆ Re�nement graphs methods.
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The foundations of PBSHM proposed a graph-matching similarity metric based
on the evaluation of a Maximum Common Subgraph (MCS), which can be consid-
ered as a relaxation of graph isomorphisms [71]. The MCS computes the largest
subgraph of equivalent nodes and edges between two AGs. Accordingly, the Jaccard
Index [33] provides a quantitative index of similarity. However, this approach can
only account for topological di�erences between structures, and it is deeply a�ected
by di�erent levels of granularity in the representations. Thus, alternative methods
have been proposed to consider the e�ects of attributes. These include graph-kernel
methods [72], such as the random-walk graph kernel [73]. The random-walk kernel
has been proposed by Borgwardt etal.(2005) for �nding proteins with similar char-
acteristics [74]. Subsequently, it has been adopted in PBSHM to identify all possible
equivalent walks in the two AGs, taking into account di�erent types of attributes
(discrete or continuous ones). Wickramarachchi etal.(2024) additionally examined
multiple distance metrics, comprising the Hellinger, the Total Variational, and the
Area metrics, and assessed the performance of their combination [75].

Other possible metrics derive from the graph edit methods, which are based
on the simulation of structural modi�cations introduced via edit operations into
the AGs. Hence, the similarity between two AGs is estimated from the minimum
sequence of edit operations required to transform a graph into another [76]. This
approach has been applied in [77] for assessing molecular similarity. In addition, this
study compared the edit distance metrics to a �ngerprint-based one. However, the
feasibility of these approaches is limited by their high computational complexity [66].
Conversely, re�nement methods have been introduced to produce feasible distance
metrics for di�erent structured representations. These methods assess the similarity
betweenRe�nement Graphs based onsubsumption relations, which de�ne when
a structured instance is included in another one, andre�nement operators, which
transform one instance into a more re�ned one [78].

Moreover, in the context of graph-matching, Li etal.(2019) introduced the Graph
Matching Networks (GMN) to extend the use of Graph Neural Networks (GNN)
for similarity reasonings [79]. This approach has been introduced into the PBSHM
framework for civil structures, primarily focusing on graph topology. Afterwards,
Brennan et. textital.(2022) examined the integration of numerical and categorical
attributes in the GMNs with an application to a population of synthetic bridges,
representing the attributes as vectors associated with each node and edge of the
AGs [80]. Nonetheless, the proposed GMN similarity assessment has been limited
to embedding only some categorical attributes, which depend on the formulation of
the IE scheme, neglecting the structure-speci�c attributes that may play a crucial
role in the GMN performance. In particular, the original strategy did not consider
the geometrical and material variations in the distance metrics, which are essential
for the analysis of heterogeneous populations. Therefore, one of the goals of the
present study is to expand the GMN-based similarity assessment by focusing on the
di�erent sources of heterogeneity and their evaluation in the distance metrics.
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1.4.5 Key applications and current challenges

The current section provides a literature review on the principal applications of
PBSHM and similar strategies. This overview examined 56 scienti�c publications,
including journal articles and conference papers, which have been published from
2020 to 2024. The analysed articles were identi�ed through a targeted Scopus
search, where all articles featuring the keyword �Population-based Structural Health
Monitoring�, and �Transfer learning� or their contracted forms were systematically
selected for inclusion in the survey.

Many of the recent studies on PBSHM deal with theoretical aspects, as in the
case of [6], [33], [34], [81]. The main applications currently consider components
from the aerospace �eld [54], [55], [73], bridges [59], [82], [83], and wind turbines [38],
[53]. The breakdown by �eld of application of the examined publications is shown
in Figure 1.5 , which highlights the prevalence of civil and aerospace case studies.
The analysed case studies can be distinguished into three classes according to

Figure 1.5: Subdivision of the revised articles according to the �eld of application.

Figure 1.6a , where most experimental studies regard laboratory tests on mechanical
and aerospace components, and the real applications primarily regard civil structures.
In addition, the present survey shows that most of the studies (46%) focused
on numerical simulations, which are adopted as preliminary tests to assess the
feasibility of the PBSHM approach. Conversely, fewer studies already implemented
the PBSHM strategy on real-world structures, especially outside the infrastructure
�eld. Furthermore, the studies can be distinguished according to the research focus,
as shown inFigure 1.6b . This outcome shows that most of the articles present
and implement methodologies to enhance damage identi�cation, achieving di�erent
identi�cation levels. Concurrently, another branch involves preliminary studies to
de�ne how to represent structure populations, methods for assessing structural
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similarity, and strategies to investigate the value of these analyses and quantify the
risk of transferring knowledge.

(a) (b)

Figure 1.6: Subdivision of the revised articles according to the (a) type of case
study, (b) the research focus and the level of damage identi�cation achieved.

Given its recent establishment, many of the contributions focus on the formali-
sation of the PBSHM theory, while some of the earliest case studies concern simple
numerical simulations or experimental case studies in the mechanical and aerospace
�elds. However, a few case studies already investigated knowledge transfer for
infrastructures, especially bridges. Indeed, the SHM of an infrastructure network
can signi�cantly bene�t from PBSHM because monitoring a new target bridge
can be made more feasible from an organisational and economic point of view by
acquiring the missing information from similar structures. In this context, Poole
et al.(2023) tested SA on real data measured from the Z-24 bridge [84] and KW-
51bridge [85]. This case study also shows how SA can be used to detect temperature
variations [56]. This research has been extended in [86] for detecting and classifying
damage in PBSHM, proposing a numerical and a real-world case study involving
the Z-24 bridge and the S101 bridge [87], improving damage detection performance.
Subsequently, Yano etal.(2023) proposed an application of TL strategies analysing a
di�erent population of real bridges, namely the Z-24, PI-57 PK 075+317, employing
natural frequencies as damage-sensitive features and performing knowledge sharing
via DA, and Maximum Independence Domain Adaptation (MIDA) [88]. In addition,
Figueiredo etal.(2022) proposed the use of TL strategies between real bridge data
and simpli�ed numerical models of the same structures [89]. The study exploits
the capability of domain adaptation algorithms, speci�cally TCA, to harmonise a
classi�er so that it can be built based on the Finite Element (FE) model of the
structure, used as a source domain, and then transferred to the real structure, used

16



1.4 � Population-based Structural Health Monitoring

as a target. Within the bridge monitoring �eld, Luleci et al.(2023) proposed another
methodology for feature harmonisation, adopting Structural State Translation (SST)
to transfer information between prestressed bridges [82]. It implements the Domain-
Generalized Cycle-Generative (DGCG) model, which is trained on one source bridge
data and then generalised and transferred to data from a second target bridge.
In this way, the source state is translated to the target state, and this translated
state is compared to the real one to assess the performance. Furthermore, several
pertinent applications in the mechanical and aerospace sectors can be found in [57]
and [51].

The surveyed contributions underline the bene�ts and e�ectiveness of TL tech-
niques in SHM, speci�cally within the PBSHM framework. The most promising
algorithms fall within the class of DA, and SA proved to be particularly power-
ful as a low-risk form of DA to overcome the challenges posed by heterogeneous
domains in the training and testing phases. However, further research is needed
to assess the broad applicability of these strategies in large-scale SHM across a
network of structures or a �eet of aircraft, for which more experimental validation
is required. The application to real-world scenarios requires studies on the choice of
damage-sensitive features, as highlighted in [4]. Moreover, transferring knowledge
in complex case studies, where the di�erences between source and target could lead
to signi�cantly dissimilar tasks, is still challenging [63]. Another research challenge,
already discussed in [40], regards the correct interpretation of data and how the
PBSHM outcomes should be used to inform decisions on structure monitoring and
maintenance. In addition, it is necessary to deepen the connection between similarity
assessment and TL phases to gather insights on when transfer should be applied
and which algorithms should be adopted. This knowledge may indeed facilitate
the de�nition of a threshold for PBSHM implementation, as stated by [69]. The
surveyed contributions underline the bene�ts and e�ectiveness of TL techniques in
SHM, speci�cally within the PBSHM framework.

The most promising algorithms fall within the class of DA, and SA proved to be
particularly powerful as a low-risk form of DA to overcome the challenges posed by
heterogeneous domains in the training and testing phases. However, further research
is needed to assess the broad applicability of these strategies in large-scale SHM
across a network of structures or a �eet of aircraft, for which more experimental
validation is required. The application to real-world scenarios requires studies on
the choice of damage-sensitive features, as highlighted in [4]. Moreover, transferring
knowledge in complex case studies, where the di�erences between source and target
could lead to signi�cantly dissimilar tasks, is still challenging [63]. Another research
challenge, already discussed in [40], regards the correct interpretation of data
and how the PBSHM outcomes should be used to inform decisions on structure
monitoring and maintenance. In addition, it is necessary to deepen the connection
between similarity assessment and TL phases to gather insights on when transfer
should be applied and which algorithms should be adopted. This knowledge may
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indeed facilitate the de�nition of a threshold for PBSHM implementation, as stated
by [69]. These challenges pertain to the research questions: �how to transfer�,
�when to transfer�, and �what to transfer�. The questions outlined by Yang et al.
(2020) for various TL tasks [43] are clearly relevant to the PBSHM theory, as will
be discussed in the following chapters.

1.5 Main contributions of the thesis

After providing a literature review of the PBSHM theory in section 1.4, this study
illustrates the design and accomplishment of an extensive experimental campaign
involving a heterogeneous population of aircraft in Chapter 2. These experimental
results are initially used for validating a modi�ed NSA for novelty detection, which
is presented in Chapter 3.

Chapter 4 presents di�erent knowledge-sharing approaches based on TL, en-
compassing the SA, Transfer Component Analysis (TCA), and Joint Distribution
Adaptation (JDA), employed to enhance damage identi�cation in data-poor scenar-
ios. These approaches are validated using a numerically simulated case study and
the data acquired from the laboratory-scale aircraft models. Afterwards, Chapter 5
explores the �eld similarity assessment for PBSHM, examining the originally pro-
posed approaches solely based on topology on the aircraft cases study. Subsequently,
this section proposes two novel strategies for assessing attribute e�ects on the
distance metrics: a modi�ed metrics based on GMN and a second one based on
weighted Euclidean distances, which attempts to maximise the correlation between
the similarity values and the knowledge-transfer performance achieved in Chapter 4.

Finally, handling data from diverse sources is addressed in Chapter 6, which
explores the iFEM to extract the dynamic features from strain data and integrates
this tool into the PBSHM framework by harmonising �bre-optic strain measurements
with vibration-based features and providing reliable source data to inform diagnostics
on homogeneous and heterogeneous case studies.

The study presented in this Ph.D. thesis has led to the journal articles and
international conference publications listed below. These works will not be referenced
further in this thesis to maintain a clear and organic discussion of the research
conducted.

ˆ Delo, G., Hughes, A. J., Surace, C.,& Worden, K. (2025). On the in�uence
of attributes for assessing similarity and sharing knowledge in heterogeneous
populations of structures. Mechanical Systems and Signal Processing, 229,
112554. doi:10.1016/j.ymssp.2025.112554 [90].

ˆ Quqa, S., Lasri, O., Delo, G., Giordano, P. F., Surace, C., Marzani, A.,&
Limongelli, M. P. (2025). Regional-scale bridge health monitoring: survey of
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current methods and roadmap for future opportunities under changing climate.
Structural Health Monitoring. doi:10.1177/14759217241310525. [42]

ˆ Delo, G., Roy, R., Worden, K.,& Surace, C. (2025). On the use of the
inverse �nite element method to enhance knowledge sharing in population-
based structural health monitoring. Computers & Structures, 307, 107635.
doi:10.1016/j.compstruc.2024.107635 [91].

ˆ Delo, G., Roy, R., Worden, K.,& Surace, C. (2024). Using the inverse �nite-
element method to harmonise classical modal analysis with �bre-optic strain
data for robust population-based structural health monitoring.Strain, e12481.
doi:10.1111/str.12481 [92].

ˆ Delo, G., Civera, M., Lenticchia, E., Miraglia, G., Surace, C. & Ceravolo,
R. (2022). Interferometric satellite data in structural health monitoring: an
application to the e�ects of the construction of a subway line in the urban
area of Rome.Applied Sciences, 12,1658. doi:10.3390/app12031658 [93].

ˆ Corbani, C., Delo, G., Surace, C. (2025). Towards a Population-based approach
for dynamic monitoring of underground structures. Accepted for publication
in Proceedings of the 11th International Conference On Experimental Vibration
Analysis Of Civil Engineering Structures (EVACES 2025)[94].

ˆ Delo, G., Surace, C.,& Worden, K. (2024). Knowledge sharing for improving
damage identi�cation across a population of heterogeneous laboratory-scale
aircraft models. In 31st International Conference on Noise and Vibration
Engineering (ISMA 2024) [95].

ˆ Delo, G., Badariotti, S., Surace, C.,& Worden, K. (2024). On Statistic Align-
ment Performance for Enhancing damage localisation across a Population
of Heterogeneous shear-frame Structures. InProceedings of the 3rd Interna-
tional Conference on Resilience, Earthquake Engineering and Structural Health
Monitoring (ICONREM 2024) [96].

ˆ Delo, G., Brennan, D. S., Surace, C.,& Worden, K. (2024). On the in�uence of
structural attributes for transferring knowledge in population-based structural
health monitoring. In Proceedings of the 42nd International Conference on
Modal Analysis (IMAC-XLII) [97].

ˆ Hughes, A. J., Delo, G., Poole, J., Dervilis, N.,& Worden, K. (2024). Quantify-
ing the value of positive transfer: An experimental case study. InProceedings
of the 11th European Workshop on Structural Health Monitoring (EWSHM
2024) [98].
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ˆ Delo, G., Brennan, D. S., Surace, C.,& Worden, K. (2024). On the in�uence
of structural attributes for assessing similarity in population-based Struc-
tural Health Monitoring. In Proceedings of the 14th International Workshop
on Structural Health Monitoring 2023: Designing SHM for Sustainability,
Maintainability, and Reliability (IWSHM 2024) [99].

ˆ Delo, G., Mattone, M., Surace, C.,& Worden, K. (2023). Novelty detection
across a small population of real structures: A negative-selection approach.
In Proceedings of the XII International Conference on Structural Dynamics
(EURODYN 2023) [100].

ˆ Delo, G., Bunce, A., Cross, E. J., Gosliga, J., Hester, D., Surace, C.,& Worden,
K. (2022). When is a Bridge Not an Aeroplane? Part II: A Population of Real
Structures. In Proceedings of the European Workshop on Structural Health
Monitoring (EWSHM 2022) [101].
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Chapter 2

Experimental campaign

The current chapter presents the experimental test campaign performed on a
population of heterogeneous structures to verify the bene�ts of using a population-
based approach for SHM purposes. The tests primarily include the experimental
modal analysis of laboratory-scale structures for acquiring the modal parameters
and the Frequency Response Function (FRF), both in damaged and undamaged
conditions, from which damage-sensitive features are subsequently extracted.

The population consists of eight similar structures designed to simulate the
dynamic behaviour of an aeroplane. These aeroplane models mainly follow the
properties of the benchmark structure analysed by the Structures and Materials
Action Group (SM-AG19) of the Group for Aeronautical Research Technology in
EURope (GARTEUR) [102]. The variations between the designs concern the use of
di�erent scales and materials, including steel, aluminium and composite. In addition,
when possible, multiple con�gurations of the same core model are explored.

The experimental activities were conducted at the LAQ-AERMEC Laboratory of
the Department of Mechanical and Aerospace Engineering at Politecnico di Torino,
Torino, Italy, and at the Laboratory for Veri�cation and Validation (LVV), led by
the Dynamics Research Group (DRG) within the University of She�eld's School of
Mechanical, Aerospace & Civil Engineering, She�eld, England.

2.1 Garteur population

The analysed structures, or the so-called Garteur population, are designed to
examine how the dynamic response is a�ected by changes in geometry, dimensions,
and materials while maintaining a similar structural topology. The purpose of this
experimental campaign is twofold. This is to investigate which characteristics of
the population should be most in�uential in the �rst stage of similarity assessment
and to explore which transfer learning algorithms are appropriate to harmonise the
response functions and enable knowledge sharing.
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The laboratory-scale aeroplanes are built using beam and plate components
joined together via bolted connections. They consist of a solid fuselage and a
rectangular plate connected to the fuselage for modelling the wings. Two additional
plate components are incorporated at the extremities of the wings to replicate
the function of winglets. Ultimately, the models comprise a tail designed using a
horizontal and a vertical plate, analogous to the ones used for the winglets. The
population is dysplayed inFigures 2.1 and 2.2.

ˆ The end-s1-aluminiumAlloy (#1) is made entirely according to the original
geometry of the Garteur design. It has the same dimensions of the original
model, but it is made of 5083-grade aluminium, the connections are di�erent
and the fuselage consists of a 150x50 mm solid pro�le instead of a box-section
pro�le.

ˆ The end-s1-ferrousAlloy (#1) and (#2) models are built using the original
dimensions of the Garteur project [102]. Though, a Fe360 thin-box section
pro�le is used for the fuselage. The fuselage length is 1.5 m, and its thickness is
3.0 mm; the wingspan is 2.0 m. The wings and the additional components are
produced using 8.0 mm thick and 100.0 mm wide S235JRC+C steel plates. In
particular, the end-s1-ferrousAlloy (#1) model is realised so that the winglets
may be removed, leading to the no-s1-ferrousAlloy (#1) model.

ˆ The no-s0-ferrousAlloy (#1) is built as a down-scaled variant of the previous
one, using the same steel grade. The fuselage is a 3 mm thick 50x50 mm
box-section pro�le. Its length is 800.0 mm. The other components are built
using 8.0 mm thick and 70.0 mm wide plate elements, and the wings span is
1.0 m. The smaller models' wings are simpli�ed by avoiding winglets.

ˆ The no-s0-composite (#1) is a variation of the latter model, obtained by
substituting the steel wing with a composite plate. The material used is an
ER450 3K 300 2x2 Twill carbon fabric prepreg.

ˆ The middle-s0-aluminiumAlloy (#1) is a small aluminium model. This struc-
ture is made of 5083-grade aluminium and its geometry is analogous to the
small steel structure. In addition, this latter model features two masses
symmetrically screwed to the wings to simulate the presence of engines.

ˆ The end-s0-copperAlloy (#1) is a copper alloy model. This model adopts the
same geometry of the other small scale Garteur aircraft. In addition, it is
characterised topologically by the presence of end winglets.

The properties of the Garteur population are summarised inTable 2.1 . The
table presents the average values of the properties of the materials used, which will
be required in Chapter 5 for the similarity assessment. In cases involving composite
materials, equivalent properties are considered.
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2.1 � Garteur population

(a) G1: end-s0-copperAlloy (#1). (b) G2: end-s1-aluminiumAlloy (#1).

(c) G3: end-s1-ferrousAlloy (#1). (d) G4: end-s1-ferrousAlloy (#2).

Figure 2.1: Pictures of the heterogeneous population of laboratory-scale aircraft:
structures with end winglets.
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(a) G5: middle-s0-aluminiumAlloy (#1). (b) G6: no-s0-composite (#1).

(c) G7: no-s0-ferrousAlloy (#1). (d) G8: no-s1-ferrousAlloy (#1).

Figure 2.2: Pictures of the heterogeneous population of laboratory-scale aircraft:
structures with no winglests or simulated the engine weight.
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Material � (kg=m3) E (GPa) Scale Topology
G1 Copper Alloy 8400 90.00 s0 end winglets
G2 Aluminium 2710 68.00 s1 end winglets
G3 Steel 8000 200.00 s1 end winglets
G4 Steel 8000 200.00 s1 end winglets
G5 Aluminium 2710 68.00 s0 middle engine
G6 Steel + Composite 3000 250.00 s0 no winglets
G7 Steel 8000 200.00 s0 no winglets
G8 Steel 8000 200.00 s1 no winglets

Table 2.1: Summary of the Garteur population's properties. Young's modulus is
denoted by E and mass density is denoted by� .

2.2 Experimental Modal Analysis

The population has been studied by adopting di�erent EMA approaches to
acquire the FRFs from single input multiple output measurements and identify the
modal parameters. For each member of the population, multiple damage conditions
have been introduced. In these tests, the presence of damage is represented by
an additional mass, equivalent to 2% of the corresponding aircraft mass. The
application of masses as a proxy for damage is driven by the necessity to develop
a well-de�ned, measurable and reversible modi�cation in the dynamic response
of the structures, as recommended in [103] and [104]. While it is recognised that
this approach does not completely capture the intricate nature of real damage
scenarios, the e�ect of damage can be approximated to a local reduction in sti�ness,
which alters the modal properties similarly to the added masses. As highlighted
in [104], the similarity of simulated damage e�ects and sti�ness or cross-section
reduction is particularly evident in terms of natural frequencies shift rather than the
damping ratio variation. Moreover, the consequence of the added mass on the modal
properties has been mirrored in a FE model of the structures by implementing a
50% reduction in Young's modulus in designated 20 mm-wide areas to verify that
a consistent e�ect could be achieved. These structures are designed to represent
linear time-invariant systems, and even in the presence of damage, it is assumed
that the structures under investigation behave linearly.

Scanning Laser Doppler Vibrometer (SLDV) tests. The �rst subset of the
population has been analysed using a SLDV. This subset includes G2 and G4-G8,
i.e., the model in Figure 2.1c and the ones inFigure 2.2 . The excitation, a
periodic chirp signal, has been provided by an electrodynamic shaker connected
to the rear part of the fuselage, and it has been measured using a load cell to
estimate the FRFs. In addition, a suspension system has been adopted to simulate
free-vibration conditions. The SLDV measured the velocity in a grid of points on the
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top surface of the structures. A 48-point grid has been used for the structures having
end-winglets as shown inFigure 2.3 for the end-s1-ferrousAlloy (#1). For this
member of the aircraft population, the damage has been introduced in 23 di�erent
locations, which are shown in blue inFigure 2.3 . Similarly, a 40-point grid has
been used for the structures without winglets. For these structures, the number of
damage locations has been reduced to 19, excluding the four locations corresponding
to winglet damage (see points 9, 11, 21, 23 inFigure 2.3 ). Subsequently, a strain-
based EMA has been performed on the end-s1-ferrousAlloy (#1), as discussed in
Chapter 6.

Figure 2.3: Garteur end-s1-ferrousAlloy (#1) top view, showing the SLDV scan
points in red, and simulated-damage locations in blue.

Accelerometers tests. The second subset of aircraft models, G1, G2 and G4 in
Figure 2.1 , has been analysed using 35 accelerometers for the acquisition of the
response, and a random noise excitation produced in the same position as for the
�rst subset. Although the number of measurement points is reduced compared to
the SLDV tests, the available sensors were located in locations corresponding to the
grid in Figure 2.3 , maintaining the locations on the wings and tail for facilitating
the extraction of comparable damage-sensitive features. These tests have been
performed with a reduced number of damaged conditions by considering six of the
previously described locations, which correspond to points 1, 3, 8, 10, 12 and 14 in
Figure 2.3 .
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Environmental tests The end-s1-aluminiumAlloy (#1) structure has been anal-
ysed in a climatic test room at the LVV, which allows simulating temperature
in the range -55� C to +50 � C with a 0.6� C/min heating rate, humidity, wind and
rainfall e�ects. These tests considered �ve environmental conditions, changing the
temperature from -30� C to 30� C, with 15� C intervals. Moreover, each test has been
performed in healthy and damaged conditions, adopting the six locations described
for the room temperature tests.

Real damage tests The end-s1-aluminiumAlloy (#1) has been further tested
under the e�ect of real damage at room temperature. The damage has been
introduced by progressively cutting a notch on a wing, in the proximity of the
fuselage (point 15 inFigure 2.3 ). The notch is shown inFigure 2.4 and has been
created using a milling machine.

Figure 2.4: Notch introduced in the end-s1-aluminiumAlloy (#1) wing for real
damage tests.

2.3 Extracted features

Regardless of the di�erent testing strategies, the outcomes have been processed
similarly to extract di�erent damage-sensitive features from the FRFs. Given a
viscously-damped MDOF dynamical system,

M •x(t) + C _x(t) + Kx (t) = f (t) (2.1)

where, •x(t), _x(t) and x(t) are the acceleration, the velocity and the displacement
vectores,f (t) represent the applied force, and the matricesM , C and K are the
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mass, damping and sti�ness matrices. The steady-state response can be written in
terms of its modal parameters as described in [105],

X (! ) = � [� ! 2
nr � ! 2 + 2i� r !! nr � ]� 1� T F(! ) = H (! )F(! ) (2.2)

where� is the matrix of mass-normalised Displacement Mode Shapes (DMS),! nr

is the natural frequency and� r is the viscous damping ratio of ther th mode. The
notation [� � ] represents a diagonal matrix, andH (! ) is the FRF in terms of
receptance matrix, whileF(! ) is the force vector.

The corresponding accelerance FRFA (! ) is given by,

A (! ) = � ! 2H (! )F(! ) (2.3)

which can be further expressed as follows,

A i;k (! ) = � ! 2
MX

r =1

A (r )
i;k

! 2
nr � ! 2 + 2i� r !! nr

(2.4)

whereA (r )
i;k is the Modal Constant for moder , i denotes the measurement point,k is

the excitation point, and M is the total number of modes. This expression allows for
the subsequent estimation of modal properties, which are presented in Chapter 4.

The experimental FRFs are computed using theH 1 estimator,

H 1(! ) =
Sfx (! )
Sf f (! )

(2.5)

where Sf f (! ) is the autospectrum of the input signal andSfx (! ) is the cross-
spectrum between the input and the response signals. By adopting this formulation,
the resulting FRFs are shown inFigure 2.5 for the end-s1-ferrousAlloy (#1) and in
Figure 2.6 for the no-s1-ferrousAlloy (#1). These �gures are representative of the
response variability under the di�erent simulated damage conditions. Speci�cally, it
can be observed that the e�ect of damage on the wings (shades of green) and on
the tail (shades of orange) is more evident than the one occurring when damage
is simulated on the fuselage (shades of pink). Moreover, these tests adopted
the corresponding coherence functions to verify the quality of the measurements.
Analogous results can be obtained for the other structures in the population.

The �rst PBSHM analysis on the Garteur population directly involves portions
of the FRFs as damage-sensitive features. Therefore, the FRFs have been divided
into three sections, corresponding to the �rst, second and third natural frequencies,
and the average values of the magnitude of the FRFs in these sections have been
computed. The FRFs have been polluted with� = 0:2% Gaussian noise to simulate
the presence of measurement errors and perform a data-agumentation strategy
similar to the one proposed in [55]. The resulting features are shown inFigure 2.7
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2.3 � Extracted features

Figure 2.5: H 1 averaged estimate of the accelerance FRFs for end-s1-ferrousAlloy
(#1) in undamaged and damaged conditions. The label �0-0� refers to the undamaged
condition, and the label �1-n� refers to a damaged condition, where n de�nes the
damage location

for the end-s1-ferrousAlloy (#1), the no-s0-ferrousAlloy (#1) and the middle-s0-
aluminiumAlloy (#1), and their analysis is performed in Chapter 4. The analysis of
the Garteur population is deepened by exploiting the identi�ed natural frequencies,
shown in Appendix A.

Furthermore, TFs have been computed for the end-s1-ferrousAlloy (#1), end-s1-
ferrousAlloy (#2) and the no-s0-ferrousAlloy (#1) structures. These features are
considered in Chapter 3 to perform the damage detection exploiting the NSA. Given
an external input applied to the kth Degree-of-freedom (DOF), the TF between the
DOFs i and j is de�ned as,

Tk
i;j (! ) =

A i ;k (! )
A j ;k (! )

=
H i ;k (! )Fk (! )
H j ;k (! )Fk (! )

(2.6)
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Figure 2.6: H 1 averaged estimate of the accelerance FRFs for no-s1-ferrousAlloy
(#1) in undamaged and damaged conditions. The label �0-0� refers to the undamaged
condition, and the label �1-n� refers to a damaged condition, where n de�nes the
damage location

The resulting features are shown inFigure 3.2 .

2.4 Discussion

This chapter has presented the experimental campaign conducted on a population
of heterogeneous laboratory-scale structures inspired by the Garteur benchmark.
The campaign aims to investigate the e�ects of structural variations and damage
on the dynamic response of the population. The experimental activities include
modal analysis using both SLDV and accelerometers, examination of multiple EOC,
and real damage scenarios. Damage-sensitive features are extracted from the FRFs
and transfer functions, providing a comprehensive feature dataset for subsequent

30



2.4 � Discussion

(a) end-s1-ferrousAlloy (#1).

(b) no-s0-ferrousAlloy (#1).

(c) middle-s0-aluminiumAlloy (#1) .

Figure 2.7: Normalised noisy FRFs normalised in the log-space and extracted
features for TCA.

analyses in the thesis. The results underscore the importance of understanding the
expected variability within a heterogeneous population of structures, even when
topological di�erences are limited, and provide a foundation for exploring similarity
assessment and transfer-learning methods in subsequent chapters.
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Chapter 3

Negative Selection Algorithm

The current chapter addresses a Negative Selection approach for damage detec-
tion in the Garteur structures. This approach is analysed because it can consider
the multiple undamaged conditions measured by testing the laboratory-scale aircraft
under varying EOC. Hence, this study proposes a �rst SHM analysis of the experi-
mental data depicted in Chapter 2, which will be extended in the following chapters
within the PBSHM framework. These data are exploited to experimentally validate
the algorithm using TFs as input features, as previous research only focused on
numerically simulated case studies. Moreover, this study introduces a dimensionality
reduction step to preprocess the features and improve the computational e�ciency
of the proposed approach, while maintaining a high level of detection accuracy.

The NSA is a family of bio-inspired algorithms within the Arti�cial Immune
System (AIS) class, including also the Immune Network Model and Clonal Se-
lection [106]. Indeed, computational models adopted in SHM frequently draw
inspiration from biological systems and the human immune system for solving
optimisation issues for data-based novelty detection or pattern recognition. The
NSA algorithms can be described as one-class classi�ers introduced by Forrest et
al. [107] to mimic the vertebrate adaptive immune system strategies to discriminate
between Self and non-self cells, or pathogens, and attack them accordingly. The
immune system comprises speci�c white blood cells known as lymphocytes, which
are classi�ed into B-cells and T-cells. The latter are characterised by T-cell recep-
tors (TCR), also referred to as recognition units. They undergo maturation in the
thymus, where they learn to identify antigens and subsequently initiate an immune
response. This process involves a randomised adaptive rearrangement, proliferation,
and negative selection. Cells that do not recognise antigens are eliminated through
apoptosis, and new lymphocytes are produced. Consequently, negative selection
ensures a continuous and adaptive turnover, providing a remarkable ability to
identify antigens with a limited number of antibodies.
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3.1 Methods

The NSAs are characterised by two phases:censoring and monitoring [108].
The censoring phasecomprises the generation of a set of detectors, i.e., the Anti-set
D. This set is derived by pseudo-randomly rearranging some candidate detections
and selecting those that do not match the normal condition featuresxS (or Self-set
S), while the others are discarded. The detectors are designed to cover the comple-
mentary space with respect to the normal condition feature space. This process is
summarised in Algorithm 1, in which the input features are considered as hyper-
spheres while the detectors are built as complementary hyperspheres surrounding
the Self-set.

The set S is initially processed to estimate its radiusrS = �� S where,

� S = max
i

�

min
j

(dist (xS;i ; xS;j ))
�

(3.1)

8xS;i ; xS;j in S with i == j , and � > 1 to reduce false positives. Afterwards, the
NSA estimatesD iteratively until the required number of detectors is reached. In
addition, this study introduces an additional control on the coverage of the Anti-set
D, which is achieved by setting a maximum number of consecutive attempts that
fall in the already-covered area, as originally proposed by [109].

The monitoring phase involves the analysis of the test samples, which are
compared with the detectors inD. If the test samples are not recognised by any
detector, they are considered part of the Self-set; otherwise, the algorithm identi�es
them as anomalies.s In this framework, a monitored samplexk is recognised as
anomalous when the distance between the corresponding feature and one of the
detectors inD is lower than the detector's radius. Accordingly, the NSA outcome
can be expressed by a Novelty Index (NI), which is de�ned as,

NI( k) = min
j

(dist (xk ; xD;j ) � rD;j ) ;

8(xD;j ; rD;j ) in D
(3.2)

where k is the index of the monitored sample. Hence, damage is detected by a
negative NI.

The radius of the detectors is a critical parameter, which may also be tuned as
a hyperparameter of the algorithm. However, this study implements the V-detector
approach [109], which allows the radius of each detector to vary according to row 7
in Algorithm 1. Moreover, a relevant aspect of the NSA is the choice of distance
measurement, which depends on the type of features being analysed. This study
implements the cosine similarity, as in [30], to ignore the magnitude di�erence
between the two vectors. Considering̀-dimensional feature vectors,

sim(x; y) =
P l

i =1 x i yiq P l
i =1 x2

i
P l

i =1 y2
i

(3.3)
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Algorithm 1 NSA censoring phase with the introduction of controlled coverage.

Require: Noisy featuresxS;i (TFs) from undamaged conditions (Self-setS)

ˆ Estimated coveragec0;

ˆ Estimated self coveragecself 0;

ˆ MaxNumDetectors;

1: Training of a Sparse Autoencoder (SAE) and data encoding
2: De�nition of the radius rS of the S set
3: Anti-set D  ;
4: Counter t  0
5: while Size(D) � MaxNumDetectorsdo
6: Generate a pseudo-random candidate detectorxc.
7: r c = min

i 2 S
(dist (xc; xS;i ) � rS)

8: if D == ; then
9: if min

j 2 D
(dist (xc; xD;j ) � rd;j ) < 0 then

10: t  t + 1
11: Evaluate coveragecD = f (t)
12: if cD � c0 then
13: return D
14: else
15: goto 6
16: end if
17: else if r c < 0 then
18: Evaluate Self-set coveragecself

19: if cself � cself 0 then
20: return D
21: else
22: goto 6
23: end if
24: else
25: t  0
26: D  D + ( xc; r c)
27: end if
28: else
29: D  (xc; r c)
30: end if
31: end while
32: return D
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Consequently, the distance between two vectors is given by,

dist(x; y) = 1 � sim(x; y) (3.4)

Other options may be the Euclidean distance or the Mahalanobis distance.
The implementation and performance of the NSA algorithms heavily rely on

the feature choice. However, the adoption of real-valued features, such as TFs, has
not been extensively explored. In these scenarios, high-dimensional feature vectors
may lead to computational issues, and the estimation of the appropriate number of
detectors and their coverage of the non-self space may be challenging. Indeed, NSA
feasibility and the issues related to the curse of dimensionality have been discussed
in [110] and [111]. This issue has been addressed by introducing a dimensionality
reduction step based on a Sparse Autoencoder (SAE). The SAE, trained on the
Self-set, is used to extract a low-dimensional representation of the TFs, which are
then fed into the NSA algorithm. The training process is performed by minimising
the following loss function,

Loss =
1
N

NX

n=1

KX

k=1

(xkn � x̂kn )2+

+ � 
 weights + � 
 sparsity

(3.5)

where, 
 weights is a term to regularise the weights of the netwrok and
 sparsity is a
sparsity regularisation term which reduces the neuron activation rate,


 weights =
1
2

LX

l=1

n lX

j =1

k lX

i =1

(w(l )
ji )2 (3.6)


 sparsity =
S(1)
X

I i 1

KL (� jj �̂ i ) =
D (1)
X

I =1

� log

 
�
�̂ i

!

+ (1 � � ) log

 
1 � �
1 � �̂ i

! (3.7)

where, KL indicates the Kullback-Leibler divergence between the average activation
value �̂ i and the desired sparsity� [112].

3.2 Experimental validation

The proposed approach is validated experimentally using the laboratory-scale case
studies described in Chapter 2. The �rst case study involved the end-s1-ferrousAlloy
(#1) and the no-s1-ferrousAlloy (#1) structures, shown inFigures 2.1c and 2.2d,
which are considered as two operational conditions of the same structure. Indeed,
these �gures represent the same Garteur structure with and without winglets,
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3.2 � Experimental validation

respectively. The second case study examined the end-s1-aluminiumAlloy (#1)
structure, shown in Figure 2.1b , tested in a controlled environmental chamber.
Hence, di�erent temperatures have been considered, ranging from -30� C to 30� C,
with 15� C intervals. In addition, each EOC has been tested under normal and
damaged conditions, according to the description provided in Chapter 2.

The �rst case study assessed damage detection under many di�erent damage
locations. As shown inFigure 2.3 , 23 damage locations have been tested in the end-
s1-ferrousAlloy (#1), while 19 locations were considered for the no-s1-ferrousAlloy
(#1) con�guration. For simplicity, the second case study focused on only six damage
locations, as shown inFigure 3.1 , which further includes information on the TF
adopted as a damage-sensitive feature. After the experimental campaign, a data-
augmentation step was introduced to increase the number of samples by adding
Gaussian noise (� = 1%) to the original data.

Figure 3.1: Schematic representation of the test structure (top view) indicating
the sensors corresponding to the transfer function and the concentrated masses in
each damage condition.

The NSA algorithm has been trained by adopting 500 normal condition samples
from undamaged conditions (y = 0). Instead, the monitored set includes 100 samples
for each EOC and each normal and damage condition, in whichy = 1. The TFs
are preprocessed using the SAE, which is trained on undamaged condition samples.
Subsequently, the Algorithm 1 is implemented, using the following parameters,
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Parameter Value

SAE samples 500
transfer function `logsig'

� 50
� 5
� 0.5

hidden size 3
� 1.01
c0 0.99990

cself 0 0.99999
MaxNumDetectors 50

Table 3.1: Parameters adopted in NSA ans SEA dimensionality reduction.

3.3 Results

3.3.1 NSA under varying operational conditions

The current section depicts the NSA experimental results gathered under two
di�erent operational conditions. The TFs, estimated from the SLDV measurements,
are represented inFigure 3.2 . These �gures highlight the e�ect induced by each
simulated damaged condition and the two winglet con�gurations. The corresponding
NSA results are depicted inFigure 3.3 , which shows the NI values for the two EOC.
For each operational condition, the Test Set comprises 100 normal condition samples
and 100 samples for each damage location. These outcomes prove the feasibility
of the NSA by showing its capability of managing multiple normal conditions and
correctly detecting damage. Furthermore, the NSA performance is examined for
a comprehensive set of damage locations regularly distributed over the structure.
The overall performance was analyzed over 100 repetitions, resulting in an average
accuracy of 97.31%, with a true negative rate of 99.49% and a true positive rate of
97.21%. It should be observed that the current section adopts a single TF. However,
choosing an appropriate feature remains an essential aspect of NSA, similar to other
SHM approaches. Hence, additional work may explore the combination of di�erent
feature vectors to enhance damage identi�cation.

3.3.2 NSA under varying environmental conditions

The experimental validation of NSA is extended to the second case study, which
involves the end-s1-aluminiumAlloy (#1) structure tested under �ve di�erent EOC.
The monitoring phaseis performed on the test set, and the results are represented
in Figure 3.4 , which shows the NI for all the EOC, represented by di�erent colours.
The NI is visualised for each EOC, for the 100 normal condition samples, followed
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3.3 � Results

(a) The no-s1-ferrousAlloy (#1) structure.

(b) The the end-s1-ferrousAlloy (#1) structure.

Figure 3.2: Comparison of the two damage-sensitive features used in the �rst case
study. The analysed TFs represented in black correspond to the normal condition,
while coloured ones represent the damaged condition. The damage locations are
subdivided into three groups: the horizontal tail, the fuselage, and the wings.
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Figure 3.3: Novelty index measured on the monitored set across two di�erent
operational conditions and multiple damage conditions.

Figure 3.4: Novelty index measured on the monitored set across �ve di�erent
temperatures and multiple damage conditions.

by the damaged condition samples (100 for each damage location), resulting in 700
samples for each temperature. The NI correctly results above the zero threshold
for all normal condition samples. At the same time, negative values are obtained
in the other cases, indicating the presence of damage regardless of its location. In
addition, this process is performed over 100 repetitions to limit the e�ects of sampling
variability, and the damage-detection results are summarised in the confusion matrix
of Figure 3.5 .

The overall outcomes show a high level of accuracy in damage detection, equal
to 96.25%, with a 99.46% true positive rate and a 93.03% true negative rate, which
allows a reliable detection of damage under changing EOC. Moreover, the NSA has
been implemented on the same dataset without the SAE dimensionality reduction
to assess the impact of the feature preprocessing on the algorithm. These results
are described by the confusion matrix inFigure 3.6 , which shows comparable
performance, with an accuracy equal to 98.18%.
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3.3 � Results

Figure 3.5: Confusion matrix of the NSA damage-detection results with SAE
dimensionality reduction,averaged over 100 repetitions.

Figure 3.6: Confusion matrix of the NSA damage-detection results without SAE
dimensionality reduction, averaged over 100 repetitions.

These �ndings are summarised inTable 3.2 , proving how the SAE dimensionality
reduction maintains high accuracy in damage detection while remarkably reducing
the computational time analysed on a machine with Apple M2 Pro and 16GB RAM.
The implementation was carried out using MATLAB R2024b [113].
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NSA + SAE NSA only

Elapsed Time (s) 0.6098 403.5803
TN Rate (%) 99.46 99.97
TP Rate (%) 93.03 96.39
Accuracy (%) 96.25 98.18

Table 3.2: Comparison of NSA only and NSA + SAE performance.

3.4 Discussion

The current chapter proposes the experimental validation of a novel NSA al-
gorithm for damage detection. The study extends previous research by Surace &
Worden [30], which proposed an NSA for SHM based on TFs, by introducing a
dimensionality reduction step based on SAE developed to ensure a more e�cient
and precise feature extraction process and to reduce the computational time. In
addition, the NSA algorithm has been modi�ed to introduce a controlled coverage
of the censoring phaseto estimate the Anti-set D.

The experimental validation has been performed on laboratory-scale aircraft
structures. Their dynamic response has been assessed in undamaged and multiple
simulated damage conditions and under di�erent EOC. Speci�cally, the �rst case
study concerns an s1-ferrousAlloy structure tested in two di�erent operational con-
�gurations, with and without winglets. In contrast, the second case study examines
the end-s1-aluminiumAlloy structure tested under �ve di�erent temperatures by
performing the tests in a controlled environmental chamber. Multiple experimental
modal analyses have been performed, and the TFs have been estimated and pro-
cessed using the SAE to extract signi�cant low-dimensional features for the NSA
algorithm. The outcomes shown inFigure 3.3 and Figure 3.4 prove the feasibility
of the NSA algorithm for detecting damage from TFs in a changing environment.
Furthermore, the NSA with the SAE dimensionality reduction step maintained a
high level of accuracy in damage detection while solving the high runtime concerns
of the original NSA algorithm, as shown inTable 3.2 .

Nonetheless, the NSA and SAE algorithms depend on a set of hyperparameters,
which may a�ect the performance. Thus, future work could explore di�erent feature
extraction methods and optimise the adopted parameters to enhance NSA robustness
and applicability to a broader range of SHM scenarios, including situations of data
scarcity.
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Chapter 4

Transfer-learning approaches

The knowledge-transfer phase is crucial for developing a PBSHM strategy. TL forms
a class of machine-learning techniques that leverage the information gathered from
source structures to enhance the diagnostic performance of a similar target structure.
This strategy is essential to address the challenge of data scarcity in data-driven
SHM when the target has limited data available. The current chapter introduces
multiple transfer-learning approaches and case studies, exploiting the results of the
experimental campaign introduced in Chapter 2. The purpose of these analyses is to
evaluate the transfer-learning performance in enhancing damage-identi�cation tasks
and to investigate how di�erences between the structures in�uence the knowledge-
sharing process.

Recent studies introduced the idea of adopting transfer-learning algorithms
between structures, proposing the implementation of DA [53] and testing it experi-
mentally [55]. These studies considered di�erent damage-sensitive features, such as
natural frequencies, damping ratios and transfer functions, and proposed numerical
and experimental applications in many �elds, including civil [56], mechanical and
aerospace engineering [54], to prove the e�ectiveness of PBSHM. However, it is still
necessary to investigate how to select the algorithms and the correct work�ow based
on the type of task and the structures under analysis to achieve optimal results.
In addition, these choices should also be informed by the similarities and di�er-
ences between the structures. Moreover, dealing with heterogeneous populations
can be challenging because of a combination of di�erences in geometry, materials,
and dimensions, which can a�ect the dynamic response and the transfer-learning
process. Thus, the current chapter aims to extend these �ndings by studying
knowledge-sharing performance and considering di�erent sources of heterogeneity,
damage-sensitive features, and damage-identi�cation tasks.

The following section introduces the various classes of transfer-learning strategies
and provides some required de�nitions and a detailed description of the adopted
algorithms. These methodologies include SA, TCA, and JDA. The �rst implemen-
tation consists of a simpli�ed knowledge-transfer strategy, only based on SA, which
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is applied to a population of numerical and experimental shear-frame structures.
Subsequently, TCA and JDA are applied to the Garteur SM-AG-19 case study. The
third section investigates the TCA performance for enhancing damage detection,
and the fourth section analyses the JDA performance for both damage detection
and localisation tasks. The results are presented in terms of confusion matrices
of the performance indicators, which are accuracy and F1 score. In addition, the
achieved performance is compared to that obtained without transfer. Finally, a
discussion is provided to highlight the main �ndings and potential of the proposed
approaches.

4.1 Methods

The current section introduces the three main transfer-learning approaches adopted
in this study. Among the di�erent transfer-learning approaches available, these
methods fall within the class of DA [52], and their description is based on the
following de�nitions provided in [43].

De�nition 4.1.1 (Domain). Denoted asD, a domain consists of a feature space
X and a marginal probability distribution p(X ), whereX = f x1; x2; :::; xng 2 X
represents the data samples.

De�nition 4.1.2 (Task). Denoted asT , a task consists of a label spaceY where
Y = f y1; y2; :::; yng 2 Y , and a predictive functionf ( := ). In a classi�cation task, the
predictive function can be de�ned asp(yi jx i ).

De�nition 4.1.3 (Machine Learning). Machine learning is a class of algorithms
and statistical models trained to perform speci�c tasks. These algorithms rely on
underlying patterns and inferences derived from data during learning processes.
The trained model can then be used to make predictions or decisions based on new,
unseen data.

For example, the predictive function could be learned via the training process
and subsequently used to make label predictions on new data samples. The features
could include portions of a transfer function, such as an FRF, or a vector of identi�ed
modal properties, while the labels could indicate damage status (Y = f 0; 1g), its
location (Y = f 0; 1; :::; Cg), or its intensity. In this case, the learning problem could
be framed as a classi�cation problem with discrete intensity labels or a regression
problem with continuous labels. These algorithms are distinguished in unsupervised,
supervised, and semi-supervised learning based on the availability of labelled data
in the training process.

The main di�erence between machine learning and TL is that the �rst one
generally learns each task from scratch, while the latter transfers the knowledge
from some source tasks to a new target when it has less high-quality training data
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than the source. Additionally, TL is valuable when the target domainDT di�ers
from the source domainDS or when the target taskTT di�ers from the source task
TS. In contrast, traditional machine learning is constrained by these di�erences, as
it operates under the assumption that there are no distinctions between the source
and target domains nor between the source and target tasks. Given the description
above, the transfer-learning problem can be de�ned as follows,

De�nition 4.1.4 (Transfer Learning). Given a source domainDS, a source learning
task TS, a target domain DT , and a target learning taskTT , transfer-learning is
a class of machine learning designed to improve the predictive function onDT by
leveraging knowledge from the source domainDS and task TS.

Distinctions between the possible transfer-learning problems are based on what
information is available for transfer, how the information is transferred, and the
di�erences between the source and target domains or tasks. When the intersection
between the feature spaces is not null,XS \ X T == ; and the label spaces are
equivalent, YS = YT , but the marginal probability distributions or the conditional
probability distributions are di�erent, the transfer-learning problem is de�ned as
homogeneous. In contrast, if XS \ X T = ; or the label spaces are di�erent,YS == YT ,
the transfer-learning problem is de�ned asheterogeneous. According to Yang et
al.[43], transfer-learning algorithms can be further classi�ed as follows, based on
what information is transferred:

ˆ Instance-based transfer learning: the shared knowledge regards the source
instances having large weights, which are the parameters learned from the
source domain during the training process.

ˆ Feature-based transfer learning: the shared knowledge regards the feature
space extracted from source domain and its representation.

ˆ Model-based transfer learning: the shared knowledge regards the general struc-
ture of the learning model used for the source domain, the model parameters
or hyperparameters.

ˆ Relation-based transfer learning: the transfer regards some rules or relation-
ships de�ned within the source domain.

The current study adopts feature-based TL algorithms. They aim to harmonise
source and target features by transforming them from their original spaces to a
common, latent representation, where the transformed source data can be used to
train a classi�er for the target.

According to Pan and Yang [45], TL can also be categorised into inductive,
transductive, or unsupervised, based on what are the distinctions between domains
or tasks and the availability of labelled data.
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ˆ Inductive transfer learning: assumes thatTT == TS and DT == DS. Labelled
data must be available in the target domain. When these data are also
available in the source domain, this strategy becomes similar to multitask
learning. Otherwise, it becomes similar to self-taught learning [114].

ˆ Transductive transfer learning: assumes thatTT = TS but DT == DS. The
di�erence between the domains may concern the features (XS == XT ), or their
marginal probability distributions ( p(X S) == p(X T )). Labelled data must be
available in the source domain.

ˆ Unsupervised transfer learning: assumes thatTT == TS, but they are related.
It is limited to unsupervised tasks.

The di�erences between these strategies are summarised inTable 4.1 , which also
highlights the possible tasks that can be solved using each technique.

Transfer-
learning
strategies

Related
strategies

Domain Task Required la-
belled data

Tasks

Inductive
transfer
learning

Multitask
learning

DT == DS TT == TS Target only Regression,
classi�cation

Self-taught
learning

DT == DS TT == TS Source and
target

Regression,
classi�cation

Transductive
transfer
learning

DT == DS

XS == XT

TT = TS Source only Regression,
classi�cation

Domain
adaptation

DT == DS

p(X S ) == p(X T )
TT = TS Source only Regression,

classi�cation

Unsupervised
transfer learn-
ing

DT == DS TT == TS None Clustering, Di-
mensionality
reduction

Table 4.1: Transfer-learning strategies classi�cation according to [45].

The following sections focus on transductive TL, speci�cally DA. As shown in
Table 4.1 , labelled data are required in the source domain, and the di�erence
between the source and the target domains is given by the marginal probability
distributions [115]. In contrast, p(YSjX S) = p(YT jX T ) is assumed because the tasks
are assumed to be equivalent. While this assumption is commonly applied in DA, it
may not be suitable for the totality of knowledge-sharing problems [52]. Therefore,
some domain-adaptation algorithms, such as JDA [116], weaken this assumption
and allow di�erences between the conditional probability distributions.
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4.1.1 Statistic alignment

The statistic feature alignment has been introduced as a pre-processing step in [54] to
align the lower-order statistics of the source and target feature spaces [117]. The SA
derives from a set of techniques developed to provide a preliminary standardisation of
the features for aiding machine learning. Within the framework of knowledge sharing,
feature alignment pertains to the statistical characteristics of normal conditions,
which capture the characteristics of the training samples obtained from reference or
undamaged states.

Moreover, the SA strategy has been proposed as a low-risk form of DA by Poole
et al.[56], who implemented two SA steps, namely the Normal Condition Alignment
(NCA) and the Normal Correlation Alignment (NCORAL), as described below. The
�rst step consists of the unsupervised standardisation of the source domain.

z(j )
s =

x(j )
s � � s

� s
(4.1)

The NCA calculates the �rst and second moments of the undamaged condition
dataset in both the source and target domains, speci�cally denoted as� s;n ; � s;n for
the source and� t;n ; � t;n for the target. Next, it transforms the target dataset by
aligning its undamaged-condition samples with those from the source, i.e.,

z(j )
t =

x(j )
t � � t;n

� t;n
� � s;n + � s;n (4.2)

NCORAL derives from correlation alignment (CORAL), which produces a rotation
matrix A, able to minimise the correlation matrix di�erences. Its modi�cation,
proposed in [56], is given by,

min
A

kĈs;n � Ct;n k2
F = min

A
kAT Cs;nA � Ct;n k2

F (4.3)

where the minimisation concerns the correlation matrices of the normal-condition
samples,Cs;n and Ct;n . The correlation matrices can be computed as,

Cs;n = Cov(X s;n ) + �I N

Ct;n = Cov(X t;n ) + �I N
(4.4)

where� is a regularisation parameter andI N is the identity matrix of size N , which
corresponds to the dimensionality of the features [118]. The transformation matrix
is computed by performing the Cholesky decomposition of the covariance matrices
and solving the linear system,

A = Chol(Cs;n )� 1Chol(Ct;n ) (4.5)

SA is especially valuable when the source and target spaces have imbalanced classes
or do not cover the same set of conditions. For example, the number of samples
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from the di�erent classes may be di�erent, or the features from some damaged
classes may be missing in the target domain. In these cases, the unsupervised
standardisation (equation(4.1)) of source and target domains may result in an
erroneous alignment of features that should instead be assigned to the same class.
Another commonly-adopted strategy consists of applying the same transformation to
the whole training data, including the source and target domains in a joint dataset.
However, this approach would not reduce the di�erences between the source and
target features.

The e�ect of the abovementioned strategies can be visualised as inFigure 4.1 ,
illustrating an example of source and target domains similar to the one shown in [56],
characterised by a bi-dimensional feature space, and four di�erent clusters. These

(a) (b)

(c) (d)

Figure 4.1: Visual representation of the NCA process in an example dataset: (a)
depicts the original features, (b) depicts the features after a combined standardisation,
in which source and target training samples are treated as a joint dataset, (c) depicts
the features after separate standardisation of the source and target datasets, and
(d) depicts the features after NCA.

clusters, represented by di�erent colours, are extracted randomly from multivariate
normal distributions. The original features are shown inFigure 4.1a . A balanced
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and complete training dataset is available in the source domain. In contrast, the
target domain only includes training samples from the �rst cluster, representing the
normal-condition data, and a few samples from the second cluster. In addition, the
target domain includes a test dataset having a balanced number of samples from
all four clusters. This dataset is designed to test a kNN classi�er, havingK = 2,
trained on the transformed features from the source domain. This example shows
how the traditional standardisation strategies (Figure 4.1b , and Figure 4.1c )
cannot deal with domain di�erences or class imbalance. Indeed, the standardisation
of the source and target datasets as a joint dataset (Figure 4.1b ) leads to a
classi�cation accuracy of25%, and the separate standardisation (Figure 4.1c ) lead
to a classi�cation accuracy of62:5%. Instead, NCA aligns the means and standard
deviations of the normal condition clusters, leading to a better classi�cation accuracy,
equal to 90:0%. Moreover,Figure 4.2 shows the results of the NCORAL strategy,
leading to a classi�cation accuracy of92:5%. The NCORAL rotates the source
features according to their correlation in the normal condition clusters. Therefore,
if a correlation among the features exists and can be identi�ed from the samples
under normal conditions, NCORAL can further enhance these features' alignment.
Otherwise, NCA may be su�cient to provide a low-risk form of feature alignment or
to pre-process the data before applying more complex nonlinear domain-adaptation
strategies, as proposed in [56].

Figure 4.2: Example dataset: source and target features after NCORAL.

4.1.2 Transfer component analysis

TCA has been introduced by Pan etal.[52] as a feature-extraction method that maps
the source and target features onto a latent space with reduced dimensionality via
a nonlinear mapping to a Reproducing Kernel Hilbert Space (RKHS) : X ! H ,
where the di�erence between the marginal probability distributions are minimised:
p( (X S)) � p( (X T )) [45], [55]. Although the di�erence minimisation regards the
marginal probability distributions, the conditional probability distributions are
assumed to be equal in the transformed feature space,p(YSj (X S)) � p(YT j (X T )) .
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Thus, a good feature representation [119] is provided and the transformed features
of the source domain can be used to train a classi�er for solving the task on the
target domain.

The new feature space is obtained by solving an optimisation problem, in which
the squared non-parametric Maximum Mean Discrepancy (MMD) criterion [120] is
adopted to measure the distance between the probability distributions,i.e.,

Dist(p( (X S)) ; p( (X T ))) =
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whereK is the kernel matrix for X , and X = ( X S + X T ) 2 RNxD is the combination
of source and target training features. The overall number of training samples is
given by N = (N S + N T ), while D is their initial dimension.

This algorithm can implement a Radial-Basis Function (RBF) kernel,

k(x i ; x j ) = exp

0

@jj x i � x j jj
2l2

1

A (4.7)

wherel is the length-scale and can be estimated using the median heuristic [121].
Another possibility is to use the PCA kernel, as shown in [53]. The matrixM 0 in
equation (4.6) is the MMD matrix, which can be expressed as,
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The MMD distance can be rewritten as,

Dist(p( (X S)) ; p( (X T ))) � tr (W T KM 0KW ) (4.9)

whereW 2 RNxk , is the TCA output. It consists of the feature-extraction matrix,
which additionally reduces feature dimensionality to k.

The optimisation problem is expressed as,

min
W T KHKW =1

tr (W T KM 0KW ) + �tr (W T W) (4.10)

where� is a regularisation parameter andH is the centering matrix,

H = I NxN � (1=N) � [1]NxN (4.11)

This expression can be written as an eigenvalue problem [52],

(KM 0K + �I ) W = KHKW (4.12)
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Algorithm 2 Transfer Component Analysis (TCA)

Require: Source domain dataX S = f xS;1; xS;2; :::; xS;NS g 2 XS and YS =
f yS;1; yS;2; :::; yS;NS g 2 YS; target domain dataX T = f xT;1; xT;2; :::; xT;N T g 2 XT ;
regularization parameter� ; dimensionality of latent spacek.

Ensure: Transformation matrix W
1: Pre-process the data via NCA (4.2).
2: Combine source and target dataX = ( X S + X T ) 2 RNxD .
3: Compute the kernel matrix K based on (4.7).
4: Compute MMD matrix M 0 for marginal distributions based on (4.8).
5: Compute the centering matrix based on (4.11).
6: Solve the eigenvalue problem in (4.12).
7: Select thek eigenvectors corresponding to the smallest eigenvalues to formW.
8: return W

The TCA steps are summarised in Algorithm 2. Given the transformation matrix,
the transformed features are computed as,

Z = KW 2 RNxk (4.13)

The transformed features can be used to train a classi�er for the target domain.
For example, damage detection can be performed by computing the Mahalanobis
Squared Distance (MSD) of the test set with respect to the undamaged training
features [122]. In this case, the observations are labelled as damaged when the
distance is higher than a threshold, which can be computed via a Monte Carlo
method [4]. The kNN classi�cation algorithm can also be implemented to label the
test samples, as shown for the SA strategy. The e�ect of the TCA transformation on
the example dataset presented inFigure 4.1a is shown inFigure 4.3 . Although

Figure 4.3: Example dataset: source and target features after TCA transformation.

TCA can be applied to higher-dimensional feature spaces [53], the dimensionality of
the example features are already equal to two, and it is not reduced further. Indeed,

51



Transfer-learning approaches

in this case TCA is only adopted to improve source and target alignment, leading
to 92:5% classi�cation accuracy on the test set.

4.1.3 Joint distribution adaptation

The JDA feature-based method has been introduced by Long etal.[116] as a domain-
adaptation algorithm. Although this is not generally applied in DA, JDA releases the
constraint that the conditional probability distributions are equal and searches for a
transformation to guarantee their equivalence in the latent space, leading to a more
robust distribution adaptation. Thus, JDA evaluates a nonlinear mapping to an
RKHS  : X ! H , wherep( (X S)) � p( (X T )) and P(YSj� (X S)) � P(YT j� (X T )) .
This approach has results similar to TCA, but it provides a generalisation of the
feature-extraction process to include the class-conditional probability distributions
in the MMD minimisation. The MMD between class-conditional distributions is
expressed with respect to each classc = f 0; 1; :::; Cg as,
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where D (c)
S is the set ofN(c)

S source-domain samples which fall in classc, D (c)
T is

the set of N(c)
T target domain samples which fall in classc, and MC is the class

conditional MMD matrix. According to [116], MC is expressed as,
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The current study operates under the assumption that labelled samples for each
class are not available in the target domain. However, these labels are necessary for
evaluating MC in equation (4.14). Therefore, pseudo-labels for the target domain
training samples are computed using a classi�er trained on the source data, adopting
a classi�er such as kNN [123]. The optimisation problem is acheved by combining
the MMD distances shown in equation (4.9) and equation (4.14), i.e.,

min
W T KHKW =1

CX

c=0

tr (W T KM CKW ) + �tr (W T W) (4.16)

52



4.1 � Methods

This minimisation can be written as an eigenvalue problem to computeW similarly
to TCA in equation (4.17),

0

@K
CX

c=0

MCK + �I

1

A W = KHKW (4.17)

whereH is the centering matrix de�ned in equation(4.11). The pseudo-labelling
process requires that the optimisation be carried out in multiple iterations to
improve the target labels and the transformation matrix. As a result, along with the
parametersk and the regularization parameter� , the maximum number of iterations
is also considered a hyperparameter of the algorithm, summarised in Algorithm 3.
The JDA algorithm allows one to improve the alignment of the source and target

Algorithm 3 Joint Distribution Adaptation (JDA)

Require: Source-domain dataX S = f xS;1; xS;2; :::; xS;NS g 2 XS and YS =
f yS;1; yS;2; :::; yS;NS g 2 YS; target domain dataX T = f xT;1; xT;2; :::; xT;N T g 2 XT ;
regularization parameter� ; dimensionality of latent spacek; maximum number
of iterations I ;

Ensure: Transformation matrix W
Pre-process the data via NCA (4.2).

2: Combine source and target dataX = ( X S + X T ) 2 RNxD .
Compute the kernel matrix K based on (4.7).

4: Compute MMD matrix M 0 for marginal distributions based on(4.8) and initialise
the class-conditional MMD matrix MC to zero values.
Compute the centering matrix based on (4.11).

6: repeat
Solve the eigenvalue problem in (4.17).

8: Select thek eigenvectors corresponding to the smallest eigenvalues to form
W.
Transform the data: Z = KW .

10: Train a classi�er on the transformed data to update pseudo target labels.
Compute the class-conditional MMD matrixMC based on (4.15).

12: until convergence orI iterations
return W

features with respect to that provided by TCA. The e�ect of the JDA transformation
on the example dataset presented inFigure 4.1a is shown inFigure 4.4 . In this
case, the separation between the four clusters is more evident, leading to 100% kNN
classi�cation accuracy on the test set.

The accuracy results of the presented strategies on the example dataset are
summarised inFigure 4.5 . These results show the potential of NCA to preliminary
align the source and target features and the further alignment provided by the
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Figure 4.4: Example dataset: source and target features after JDA transformation.

NCORAL, TCA, and JDA strategies. The latter two strategies, in particular, can
be used to reduce feature dimensionality, enhancing the classi�cation accuracy when
the original feature space is high-dimensional.

Figure 4.5: Example dataset: performance summary.

4.2 SA performance on a population of shear-
frame structures

The current section analyses knowledge sharing across a population of shear-frame
structures. This case study investigates the SA performance in a simpli�ed nu-
merical scenario, in which the heterogeneous sources are simulated numerically by
modelling varying structural characteristics. DA and damage identi�cation are
performed on di�erent combinations of source and target structures to evaluate the
e�ectiveness of these SHM strategies under varying levels of heterogeneity. The
damage-identi�cation tasks assume that only samples from undamaged conditions
are available in the target domain. Therefore, training a supervised classi�cation
model on the target domain can only be achieved by sharing the labelled samples
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acquired from a source structure in undamaged and damaged conditions. The
e�ects of topological and attribute variations are �rst analysed individually and
then combined to gather preliminary insights into how these di�erences a�ect the
PBSHM strategy.

4.2.1 Numerical simulation

Each shear-frame structure is represented by a multi-degree of freedom (MDoF)
lumped-mass model (Figure 4.6 ), where the sti�ness of each element is provided as
the summation of the four column sti�nesses, de�ned according to Euler-Bernoulli
beam theory. Hence, topological variations are introduced by gradually changing
the number of �oors, while attribute variations are introduced by changing the
material and geometrical properties.

Figure 4.6: Multi-degree of freedom (MDoF) lumped-mass scheme

The shear-frame structures are modelled in multiple conditions, including three
damage scenarios, de�ned as a crack in one of the four columns, as shown in
Figure 4.7 , where the crack lengthlcr is de�ned as 60% of the column width and
its location as 10% of the column length. The damaged column is modelled on
the �rst, middle, or top �oor to study di�erent damage locations, and the crack is
represented by a sti�ness reduction, according to the model proposed by Christides
& Barr [124], which assumes a variation of the stress and strain distributions in the
vicinity of the cracked section. The bending sti�ness is accordingly de�ned as,

EI (z) =
EI 0

1 + C exp(� 2� jz� l loc j
tc

)
(4.18)

where � = 0:667 is a experimentally obtained coe�cient, I 0 is the inertia of the
undamaged cross section, andtc is the beam thickness. Subsequently, the sti�ness of
the damaged columnkd is estimated by introducing equation(4.18) into the Euler
Bernoulli beam equation and evaluating the top de�ection induced by a unitary
force,

@2wx

@z2
= �

M (z)
EI (z)

(4.19)
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wherewx is the transversal displacement of the beam.

Figure 4.7: Damage-simulation scheme according to [124].

Multiple materials are considered, as described inTable 4.2 . The material
properties, such as the Young's modulus, the density, and the damping coe�cient, are
de�ned by corresponding distributions to model the properties' natural variability
and their e�ects on the structural dynamics. Thus, for each structure in the
population, multiple realisations of its modal parameters can be estimated by
randomly sampling the material properties from the distributions. By analogy,

Unit Steel (St) Aluminum (Al) Concrete (C)
Elastic modulus GPa N (210, 1x10� 9) N (71, 1x10� 10) N (30, 0.4x10� 9)
Density Kg/m 3 N (7800, 50) N (2700, 10) N (3000, 10)
Damping coe�cient Ns/m N (8.00, 0.8) N (5.00, 0.8) N (7.00, 0.7)
Poisson ratio � 0.28 0.35 0.20

Table 4.2: Material properties.

multiple sets of geometrical properties are considered, as described inTable 4.3
and Figure 4.8 to simulate the presence of gradual slenderness (� ) increase of the
columns in the population.

The systematic variation of these properties, together with varying numbers of
�oors, is used to simulate four di�erent populations. This approach helps estimate
the individual and combined e�ects of the heterogeneous sources involved. The
�rst set of structures (P1) is modelled by considering topological variations only.
This population comprises seven structures sharing the same material and geometry,
i.e., aluminium and Geometry 1 (G1), while the number of �oors ranges from 3 to
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Figure 4.8: shear-frame geometrical scheme.

Dimensions Unit G1 G2 G3 G4 G5
lc cm 17.50 35.00 70.00 140.00 280.00
wc cm 2.00 2.00 2.00 2.00 2.00
tc cm 0.60 0.90 1.35 2.025 3.038
� [-] � 1

4
3 � 1

16
9 � 1

64
27 � 1

256
81 � 1

Lx cm 30.00 30.00 30.00 30.00 30.00
Ly cm 30.00 30.00 30.00 30.00 30.00
t cm 2.50 2.50 2.50 2.50 2.50

Table 4.3: Geometrical properties.

15 in increments of two. Afterwards, the e�ects induced by attribute variability
are introduced. The second population (P2) comprises three-storey aluminium
structures with varying geometries, and the third population (P3) comprises three-
storey structures with the �rst set of geometrical properties and varying materials.
Furthermore, the combination of these attribute variations is analysed in the fourth
heterogeneous population (P4), as shown inTable 4.4 . The natural frequencies are
identi�ed by solving the eigenvalue problem of each MDoF system. This process is
repeated multiple times for each condition to populate a dataset of damage-sensitive
features and account for material variability, as proposed in [56].

Each population is analysed by considering all possible combinations of source
and target structures. The source and target datasets are composed of the following
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P1 (topology) 0 1 2 3 4 5 6
Floors number 3 5 7 9 11 13 15
Material Al Al Al Al Al Al Al
Geometry G1 G1 G1 G1 G1 G1 G1

P2 (geometry) 0 1 2 3 4
Floors number 3 3 3 3 3
Material Al Al Al Al Al
Geometry G1 G2 G3 G4 G5

P3 (materials) 0 1 2
Floors number 3 3 3
Material St Al C
Geometry G1 G1 G1

P4 0 1 2 3 4 5 6 7
Floors number 3 3 3 3 5 5 5 5
Material St St Al Al St St Al Al
Geometry G2 G3 G2 G3 G2 G3 G2 G3

Table 4.4: Properties of the complete heterogeneous population.

samples.

ˆ The training dataset from the source structure comprises 200 labelled samples
from the undamaged condition and 200 labelled samples from each damaged
condition.

ˆ The training dataset from the target structure comprises 100 labelled samples
from the undamaged condition.

ˆ The test dataset from the target structure comprises 100 unlabelled samples
from the undamaged condition and 100 unlabelled samples from each damaged
condition.

Additionally, in each knowledge-sharing execution, the features are selected con-
sidering the maximum number of natural frequencies shared by source and target
domains. The damage-sensitive features are aligned using NCA. Afterwards, the
source training samples are used to train a kNN classi�er(K = 5) , which is adopted
to label the target test samples performing damage detection and localisation. The
damage-detection task is performed by considering a binary classi�cation problem.
The labels are reduced toY = f 0; 1g, where 0 indicates an undamaged condition,
and 1 indicates the presence of any of the damage conditions considered. The
adopted performance indicators are accuracy(4.20), precision(4.21), recall (4.22)
and the F1 score (4.23).

Accuracy =
TP + TN

TP + TN + FP + FN
(4.20)
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Precision =
TP

TP + FP
(4.21)

Recall =
TP

TP + FN
(4.22)

F1score = 2�
Precision� Recall
Precision + Recall

(4.23)

where TP is the number of true-positive samples, i.e., correctly identi�ed as un-
damaged; TN is the number of true-negative samples, i.e., correctly identi�ed as
damaged; FP is the number of false-positive samples, i.e., incorrectly identi�ed as
undamaged; FN is the number of false-negative samples, i.e., incorrectly identi�ed
as damaged. An example of source and target features and their variability is shown
in Figures 4.9 and 4.10, respectively.

Figure 4.9: Dataset of the source domain, natural frequencies of a three-storey
system made of steel using the second set of geometrical properties.

The source domain comprises three-storey steel structures with the second set
of geometrical properties. Instead, the target domain comprises three-storey steel
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Figure 4.10: Dataset of the target domain, natural frequencies of a three-storey
system made of steel using the third set of geometrical properties.

structures with the third set of geometrical properties. A distinct domain shift can
be observed between the natural frequencies of the source and the target. However,
the di�erences resulting from the three damage conditions are comparable, indicating
a strong likelihood of successful knowledge transfer.

SA is applied to the source and target features to align them in a shared
representation, as shown inFigure 4.11 . NCA produces a harmonisation of the
undamaged-condition data, which improves damage detection while preserving the
structure of the features. In addition, this approach reduces the di�erence between
the damage-condition clusters of the source and target, enhancing the damage
localisation.
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Figure 4.11: Normalised features of the source and target domains after SA.

4.2.2 Knowledge-sharing results between numerical popula-
tions

Domain adaptation is carried out across the four previously described popula-
tions. The results of the knowledge-transfer process are reported separately for
the two damage-identi�cation tasks. The e�ect of the varying topology is shown
in Figure 4.12a for the damage-detection task and inFigure 4.12b for the
damage-localisation task. The results show that the performance is optimal when
the source and target are homogeneous in terms of �oor number, and it decreases
when the di�erence between the number of �oors increases, demonstrating the
paramount importance of topology in de�ning when TL is feasible. The e�ect of
topology di�erence is more signi�cant in the localisation task, where the performance
decreases rapidly and regularly. This trend is shown inFigure 4.13 , where the
accuracy is plotted against the absolute di�erence between the source and target
�oor numbers. In contrast, the damage-detection accuracy is only a�ected if the
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source has a lower number of �oors than the target.

(a) Damage-detection task.

(b) Damage-localisation task.

Figure 4.12: Accuracy achieved within the population P1, considering topological
variations only.

A similar behaviour can be seen in the analysis of populations P2 and P3, as
shown in Figures 4.14 and 4.15. In these cases, the e�ect of attribute di�erences
is less pronounced. In addition, there is no high variation in performance from the
damage-detection task to the localisation one. The damage identi�cation results
decrease if the target structure is slenderer than the source structure, yet the
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Figure 4.13: Scatter plot of the accuracy vs. the absolute di�erence between the
source and target �oor number.

accuracy on the four-class classi�cation problem is never less than 62%. Conversely,
the most notable di�erences in materials are due to variations in density.

(a) Geometrical variations only. (b) Material variations only.

Figure 4.14: Accuracy achieved within the populations P2 and P3, considering
the damage-detection task.

The combination of topology and attribute e�ects is shown inFigure 4.16 ,
which describes the results acquired from the complete population P4 (Table 4.4 ).
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(a) Geometrical variations only. (b) Material variations only.

Figure 4.15: Accuracy achieved within the populations P2 and P3, considering
the damage-localisation task.

A similar trend can be observed in the two tasks, but the e�ect of heterogeneity is
greater in the case of damage localisation.

The damage-localisation accuracy (Figure 4.16b ) provided by SA and the kNN
classi�cation model is signi�cantly higher in the two four-by-four diagonal blocks,
where the knowledge-sharing problem considers structures having the same topology,
i.e., the same number of �oors. These outcomes show that the role of topology
in this type of heterogeneous population is predominant over the other attributes,
especially in the multi-class classi�cation problem. Indeed, those cases where the
source and target structures have three and �ve �oors provide the worst overall
results. Nevertheless, the e�ect of attributes is also remarkable. Attribute in�uence
tends to grow and reduce the e�ectiveness of the SA, especially when multiple
di�erences are combined, while a low di�erence in an attribute is often not enough
to disrupt the localisation results. This e�ect can be noted when the �rst structure
is used to enhance damage-sensitive knowledge of the second one: the variation only
concerns the geometric proportions, and the SA provides good harmonisation and
damage localisation. This behaviour is similarly evident throughout the population.
On the contrary, the transfer between the third and second structures illustrated in
Figure 4.16b , which involve shear frames with di�erent geometries and materials,
displays an accuracy of 58%. This result is signi�cant, given that the domains
have the same topology. Indeed, it shows that attributes can increase the risk of
negative transfer between two structures even when the topology is identical and
should, therefore, be considered in the similarity assessment stages and the choice
of knowledge-sharing strategy for discriminating between cases where it is possible
to use SA as a form of low-risk DA or whether it is advisable to use it �rst and
associate it with subsequent alignment steps, e.g., TCA or JDA. Furthermore, these
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(a) Damage-detection task.

(b) Damage-localisation task.

Figure 4.16: Accuracy achieved within the population P4, considering the complete
heterogeneous population.

analyses show that the in�uence of heterogeneous sources on the SA performance
is not symmetrical. Thus, a certain dissimilarity between two domains may have
di�erent e�ects depending on which structure is the source and which is the target.
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4.3 TCA performance on the Garteur population

The current section analyses the task of novelty detection in three laboratory-scale
aircraft from the experimental population presented in Chapter 2, exploiting their
FRFs as damage-sensitive features. A baseline approach is implemented, according
to [55], [122] to motivate the need for knowledge transfer. This benchmark detection
strategy consists of using PCA to learn a linear transformation of the features and
in the evaluation of the MSD of the test set with respect to the undamaged training
features [122]. Subsequently, TCA is adopted as a domain-adaptation methodology
to provide initial insights into how the transfer-learning strategy is a�ected by
heterogeneity in geometry and materials of source and target structures. This study
considers the subsequent structures:

ˆ the end-s1-ferrousAlloy (#1) (Figure 2.1c ), made of steel, having end winglet
and large-scale geometry;

ˆ the no-s0-ferrousAlloy (#1) (Figure 2.2c ), made of steel, having no winglet
and small-scale geometry;

ˆ the middle-s0-aluminiumAlloy (#1) ( Figure 2.2a ), made of aluminium,
having middle weights to simulate the engine weight and small-scale geometry.

4.3.1 Baseline novelty detection

The novelty detection task is performed assuming that for each structure, only a
set of FRFs from a normal condition class are available as damage-sensitive features
for training and validating data-driven models. In addition, FRFs from all the
conditions simulated experimentally are available for testing. The measured transfer
functions are displayed inFigure 2.7 , and a dataset is built by data augmentation,
polluting the normalised FRFs with � = 0:2% Gaussian noise. Subsequently, only
some segments of the FRFs are extracted as features. The segments are identi�ed
similarly for all three test structures, selecting only the FRFs corresponding to the
peaks of the main vibration modes found within the measured frequency range.
Supposing that only a few measured data are available, the dataset is composed as
shown in Table 4.5 .

The benchmark analysis is valuable for understanding the performance that
may be achieved without knowledge transfer. The high-dimensional FRF features
are initially processed using PCA to generate a low-dimensional representation
via a linear transformation; the number of principal components is optimised
based on the validation set. The samples are evaluated based on their MSD from
training samples collected under normal conditions. Speci�cally, the observations
are labelled as damaged when the distance exceeds a threshold, computed via a
Monte Carlo method presented in [4]. The results of this benchmark analysis on the
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Dataset Condition Number of Samples

Training
Healthy 5

Damaged 0

Validation
Healthy 5

Damaged 1 per condition

Test
Healthy 10

Damaged 10 per condition

Table 4.5: Benchmark dataset composition.

end-s1-ferrousAlloy (#1) model are shown inFigure 4.17 . In this example, four
principal components are considered. This technique correctly labels the samples
from undamaged conditions. However, it can be noted that only some of the samples
from damaged conditions in the test set are correctly labelled, leading to insu�cient
detection capabilities. The remaining two models yield comparable results as well.
A summary of the performance is shown inFigure 4.18 . Although the undamaged-
condition samples are correctly identi�ed in the three datasets, according to the True
Negative Rates (TNR), the True Positive Rates (TPR), i.e., the correctly labelled
samples from the damaged conditions, are signi�cantly lower. These outcomes
represent a possible situation of data scarcity that may be experienced in real-world
applications, motivating the need for the PBSHM approach.

4.3.2 TCA-based novelty detection

This section enhances damage detection performance by leveraging knowledge
from a similar structure referred to as the source. Speci�cally, TCA is adopted
for each combination of the three aircraft to evaluate di�erent examples of source
and target structures and study the relevance of varying attributes on the �nal
performance. Source datasets are assumed to be twice as large as that of the target,
while the target datasets are the ones considered in the benchmark (Table 4.5 ).

TCA provides a feature transformation which reduces their dimensionality and
minimises the di�erence between source and target domains. The selection of the
feature dimension in the latent space is a hyperparameter of the method. Thus, to
aid comparison, the TCA number of components is de�ned as equal to the number
of components estimated in the PCA for the source structure.Figure 4.19 shows
the TCA �ndings computed using the end-s1-ferrousAlloy (#1) aircraft model as
the source and the no-s0-ferrousAlloy (#1) aircraft model as the target domain.
The �rst two components of the transformed features in the latent space are shown
in Figure 4.19a , while Figure 4.19b shows the MSD values. It can be seen
that samples from damaged conditions are more distant than those from normal
conditions, making it easier to identify them by MSD. Thus, the source information
is successfully transferred to the target for the damage-detection task, even if the
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(a) First two principal components from the PCA

(b) Mahalanobis Square Distance

Figure 4.17: Results of the benchmark PCA and MSD analysis applied on the
end-s1-ferrousAlloy (#1) model.

two structures have di�erent topologies and dimensions.
The other pairs of source and target structures exhibit similar �ndings. A

summary of the performance across the population is shown inFigure 4.20 in
terms of TNR and TPR, and in Figure 4.21 in terms of the F1 score. It can be
noted that the TNR ( Figure 4.20b ) has an average result of 0.93, with only one
structure combination leading to a non-unitary performance, indicating that the
undamaged-condition samples are accurately classi�ed. The TPR (Figure 4.20a )
matrix shows a signi�cant increase in the number of samples correctly identi�ed as
being in the damaged condition for each combination of structures. This outcome
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Figure 4.18: Summary of the results of the benchmark PCA and MSD analysis
applied to the three models, with the optimised number of components. The TNR
is shown in blue, and the TPR is shown in orange.

suggests that the application of DA is generally bene�cial for the damage-detection
task across the three structures. However, it is noteworthy that these results
vary for each target depending on the type of source used. This variability is
in�uenced by the material and size characteristics, which are the primary di�erences
within the population. This phenomenon is also illustrated in the F1-score matrix
(Figure 4.21 ): if the end-s1-ferrousAlloy model is used as the target, the F1 score
shows a slight increase when the source dataset comes from the small model of the
same material (no-s0-ferrousAlloy), but it decreases when the source is the middle-
s0-aluminiumAlloy model. Conversely, any source structure yields favourable results
for the intermediate no-s0-ferrousAlloyl aircraft, with slightly improved performance
when the model dimensions match. These e�ects are further investigated in the
following section, where DA is adopted for all the members of the experimental
population to gather more detailed insights into the in�uence of the heterogeneous
sources on the knowledge-sharing process.
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(a) First two principal components from the
TCA

(b) Mahalanobis Square Distance

Figure 4.19: Results provided by TCA and MSD using the end-s1-ferrousAlloy
(#1) model as the source domain and the no-s0-ferrousAlloy (#1) model as the
target domain.

4.4 JDA performance on the Garteur population

The current section shows the domain-adaptation results computed on the complete
heterogeneous population of experimental aircraft presented in Chapter 2. The
adopted strategy is summarised inFigure 4.22 . This PBSHM analysis extends the
one presented in Section 4.3 by evaluating all the possible combinations of structures
within the experimental population. In addition, two damage identi�cation tasks are
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(a) True Positive Rates

(b) True Negative Rates

Figure 4.20: Results of the TCA and MSD analysis applied on the aircraft
population, in terms of TPR and TNR.

considered: detection and identi�cation. This approach enables insights into how
the di�erences in the analysed structures impact the transfer-learning process across
various tasks. The initial seven natural frequencies identi�ed via classical EMA serve
as the input features. These features are re-sampled from an uncertain representation
having additive Gaussian noise (� = 0:1) to augment the dataset, guaranteeing
adequate variability for the knowledge-sharing application. The training and testing
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Figure 4.21: Results of the TCA and MSD analysis applied on the aircraft
population, in terms of F1 score.
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Figure 4.22: Flow diagram of the DA analysis performed on the Garteur popula-
tion.

datasets have been established to explore a possible knowledge-sharing scenario.
In this context, the source dataset is rich in data samples and includes numerical
labels indicating the corresponding health condition for all its samples. Conversely,
the target dataset is comparatively sparse, containing a limited number of labelled
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training samples. This study assumes that a few normal-condition data may be
gathered from the target structure at the beginning of its operational life or the
start of the monitoring process. Thus, samples that pertain to the normal condition
of the target are labelled, while the remaining samples are unlabelled. Hence, the
latter do not provide any information about the health condition corresponding to
each sample. This condition facilitates the statistical alignment of features before
further domain-adaptation steps. According to these assumptions, the datasets are
de�ned as follows:

ˆ The training dataset from the source structure comprises 50 labelled samples
from the undamaged condition and 50 labelled samples from each damaged
condition.

ˆ The training dataset from the target structure comprises 25 labelled samples
from the undamaged condition and 25 unlabelled samples from each damaged
condition.

ˆ The test dataset from the target structure comprises 25 unlabelled samples
from the undamaged condition and 25 unlabelled samples from each damaged
condition.

This study speci�cally examines the implementation of JDA (Section 4.1.3). Addi-
tionally, NCA is adopted to preprocess the features as an extension of the concept
of feature normalisation in the PBSHM framework. Indeed, feature normalisation
constitutes a critical step in any ML strategy and in facilitating DA, as highlighted
in [55]. In the context of DA, this strategy can potentially align the �rst-order
statistics of the marginal-probability distributions, thereby mitigating the risk of
negative transfer. Afterwards, the JDA transformation is learnt on the preprocessed
features, as described in Section 4.1.3. The JDA parameters are set consistently
across the di�erent tasks. The dimensionality of the JDA latent space, denoted as
k, has been set to 2 based on a thorough analysis of empirical observations and the
speci�c characteristics of the datasets utilised in this study. Adjustingk to a lower
dimension enhances the visualisation of the learned latent space while preserving
adequate representational capacity for tasks related to damage identi�cation. The
regularisation parameter,� , has been established at 0.1 to balance aligning the
marginal and conditional distributions and mitigating the risk of over�tting, as
indicated in the literature [53]. Furthermore, the maximum number of iterations
permitted for the computation of pseudo-labels within the target domain is set to 5,
following a thorough convergence analysis. The transformed source featuresZ are
�nally used to train a kNN classi�er for the target task. This approach is repeated
ten times, and the averaged performance is computed for reducing the e�ects of the
sampling process on the results.
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The outcomes are discussed globally by examining the confusion matrices of
performance indicators across the population. However, an individual analysis
of a source and target combination is proposed below. The end-s1-ferrousAlloy
(#1) forms the source domain, and the end-s1-aluminiumAlloy(#1) is the target
structure. Figure 4.23 displays the �rst three standardised natural frequencies
before NCA, andFigure 4.24 shows the same features after NCA, representing
its e�ect. Only three features out of seven are shown to aid visualisation. While
the NCA plays a crucial role in the second step of DA, the di�erences created
by the initial transformation are less pronounced than those generated by JDA
because NCA does not modify the fundamental structure of the data. In addition,
the samples inFigure 4.23 are already self-normalised. Thus, the NCA perfectly
aligns the normal-condition samples (health condition: 0-0) using a low-risk form
of DA, assuming that only normal-condition data are available from the target
structure. Instead, the damaged-condition clusters are not aligned yet. Moreover,
these clusters are not well separated from the normal condition, suggesting the need
for JDA.

4.4.1 Damage-detection task

The �rst task considers a binary classi�cation problem in which the adopted
labels areY = f 0; 1g, where 0 indicates an undamaged condition, and 1 indicates the
presence of damage. The resulting JDA bi-dimensional latent space for the end-s1-
ferrousAlloy (#1) and the end-s1-aluminiumAlloy(#1) pair is shown in Figure 4.25 .
Most of the samples in the damaged condition are distinctly separated from the
cluster representing the undamaged condition. This delineation contributes to a
93% damage-detection accuracy and an F1 score of 96%. The overall outcomes
are discussed comparatively with respect to the various combinations of structures
in Figure 4.26 . The results indicate outstanding detection performance, with F1
scores varying from 0.91 to 1. Along the diagonal, knowledge is shared between
two homogeneous datasets, in which di�erences between the domains are induced
by noise only. Thus, the most successful results are expected. Conversely, the
o�-diagonal values indicate instances of heterogeneous transfer, where additional
di�erences exist. Despite the di�erences between the source and target structures,
positive transfer is accomplished, because all the structures originate from the same
benchmark and demonstrate comparable dynamic behaviour.

The value of knowledge transfer is veri�ed by performing damage detection
without the domain harmonisation steps. As shown inFigure 4.27 , the detection
rate decreases, except for the structure pairs on the diagonal: the average F1 score
is 30.8%, and the average accuracy is 52.8%.

74



4.4 � JDA performance on the Garteur population

Figure 4.23: First three natural frequencies from the end-s1-ferrousAlloy (#1)
Garteur (source), and the end-s1-aluminiumAlloy(#1) Garteur (target) in the
di�erent experimental health conditions, before NCA.

4.4.2 Damage-localisation task

The second task considers a multiclass classi�cation in which the adopted labels
are Y = f 0; 1; 2; 3g, where 0 indicates an undamaged condition; 1, 2 and 3 specify
the presence of damage in the di�erent main components, respectively, in the wings,
the tail and the fuselage. After the pre-processing steps, which are analogous to
the �rst task, JDA is adopted, and the kNN is used with a One-vs-Rest approach
[125] to perform the four-class classi�cation. The harmonised features of the end-s1-
ferrousAlloy (#1) and the end-s1-aluminiumAlloy(#1) pair after JDA are shown
in Figure 4.28 . In this combination of source and target structures, the samples
pertaining to wing damage (Y = 1) and tail damage (Y = 2) are closely aligned in
the two domains, yielding nearly optimal performance. Instead, a few samples from
the target structure in which damage is present on the fuselage (Y = 3) fall into the
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Figure 4.24: First three natural frequencies from the end-s1-ferrousAlloy (#1)
Garteur (source), and the end-s1-aluminiumAlloy(#1) Garteur (target) in the
di�erent experimental health conditions, after NCA.

undamaged cluster, leading to their misclassi�cation. This outcome, displayed in
Figure 4.29 , can be attributed to the high sti�ness of the fuselage, which diminishes
the impact of the concentrated mass on the dynamic behaviour of the structure.

The overall localisation results are shown inFigure 4.30 in terms of accuracy.
This task demonstrates a higher impact of the di�erences in attributes and topologies
within the aircraft population. While excellent damage detection may be achieved
(Figure 4.26 ), the heterogeneities between source and target structures can signi�-
cantly hinder the ability to classify di�erent damage locations. Thus, it is evident
that performance decreases as aircraft di�erences increase. Optimal localisation is
gained on the diagonal, and knowledge is shared between the two aircraft having
the same attributes, i.e., end-s1-ferrousAlloy (#1) and end-s1-ferrousAlloy (#2).
Conversely, the accuracy lowers when the previous models are paired with the end-
s1-aluminiumAlloy (#1), showing the in�uence of material attributes. The subset of
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Figure 4.25: Transformed features in the latent spaceZ = 2 RNxk , where N is the
number of samples andk = 2 . These features are computed for the damage-detection
task considering JDA on the end-s1-ferrousAlloy (#1) Garteur (source domain) and
the end-s1-aluminiumAlloy(#1) Garteur (target domain).

aircraft having no winglets also leads to good transfer outcomes, especially between
no-s0-ferrousAlloy (#1) and no-s0-composite (#1), where the only di�erence is the
wing material. Instead, if these two structures are paired with the no-s1-ferrousAlloy
aircraft (#1), the accuracy decreases because of the di�erences in dimensions. As
for the �rst task, damage localisation is implemented without DA to assess the
bene�ts of the proposed approach. The results are shown inFigure 4.31 ; upon
excluding the diagonal elements of the confusion matrices, it becomes evident that
the overall performance is considerably lacking, indicating the essential need for DA
for more complex tasks such as localisation. Indeed, the average F1 score is 11.1%,
and the average accuracy is 29.6%.

The analysis of knowledge sharing across the population of Garteur structures
shows how di�erent sources of heterogeneity a�ect the outcomes of DA and damage-
identi�cation performance. Changes in geometry, materials, and dimensions can
modify a structure's dynamic response and damage e�ects. Accordingly, dissimilari-
ties between the source and target structure can a�ect the value of transfer, especially
for the damage-localisation task. The in�uence of dissimilarities is particularly
pronounced when multiple sources of heterogeneity are combined (e.g., di�erent
materials and topology). This behaviour is shown inFigures 4.32 and 4.33,
corresponding to the knowledge transfer between the no-s1-ferrousAlloy (#1) and
the middle-s0-aluminiumAlloy (#1). These structures are characterised by di�erent
topologies, materials and dimensions, which lead to 66% localisation accuracy and
63% F1 score. Instead, these variations result in a limited impact on the damage-
detection task. Thus, for the �rst stages of damage identi�cation, sources more
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Figure 4.26: Damage-detection performance across the population: accuracy
confusion matrix.

dissimilar to the target can also be valuable.

4.5 Discussion

This chapter presented the principal knowledge-transfer strategies adopted in PB-
SHM and implemented in this thesis. After summarising the di�erent methodologies
of TL and DA, this study focused on three case studies.

The �rst case study examined the use of SA, speci�cally NCA, for harmonising
the natural frequencies in a numerical population (Section 4.2). Di�erent shear-
frame structures have been modelled as MDOF systems, and damage has been
simulated in multiple locations to explore the tasks of detecting and localising
damage. This analysis delivered insights into the potential of knowledge transfer in
improving diagnostics and an initial assessment of what e�ects may be introduced
by dissimilarities in the structures employed as source and target.

The second case study (Section 4.3) involved three structures from the Garteur
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Figure 4.27: Damage-detection performance across the population without DA:
F1 score confusion matrix.

experimental population to examine the performance of TCA for feature harmon-
isation and damage detection. This study delivered a preliminary experimental
validation of TCA as a PBSHM technique for the Garteur benchmark structures
in the context of aerospace applications. Indeed, because of information sharing,
the outcomes displayed a notable enhancement in detecting anomalous conditions
in data-poor environments, compared to traditional data-driven strategies such
as PCA and MSD. In addition, the results highlighted a variability in the overall
performance induced by the di�erences between source and target structures.

These e�ects have been further investigated in Section 4.4, which extended the
knowledge-sharing analysis to the complete experimental population presented in
Chapter 2. NCA and JDA have been adopted for feature harmonisation, and the
in�uence of attributes and topological variations has been assessed comprehensively
by transferring knowledge between 64 di�erent pairs of structures. All combinations
of source and target structures lead to excellent damage-detection results after DA,
proving the e�ectiveness of the PBSHM strategy. However, the multiple sources of
dissimilarity signi�cantly in�uenced damage localisation, highlighting the need to
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Figure 4.28: Transformed features in the latent spaceZ = 2 RNxk , where N is
the number of samples andk = 2 . These features are computed for the damage-
localisation task considering JDA on the end-s1-ferrousAlloy (#1) Garteur (source
domain) and the end-s1-aluminiumAlloy (#1) Garteur (target domain).

Figure 4.29: kNN confusion matrix for the damage-localisation task considering
JDA on the end-s1-ferrousAlloy (#1) Garteur (source domain) and the end-s1-
aluminiumAlloy (#1) Garteur (target domain).

consider these e�ects in the PBSHM framework to understand when the transfer is
most promising and how it may be performed according to the speci�c situation.
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Figure 4.30: Damage-localisation performance across the population: accuracy
confusion matrix.

Further developments in knowledge-sharing between heterogeneous structures may
study the damage diagnostic in a changing environment, introducing the e�ect of
temperature variations in the features acquired from the aircraft population.

The �ndings presented in this chapter underscore the critical role of a similarity
assessment stages and underline the necessity of understanding the relationship
between similarity and transfer, which is essential for establishing practical guidelines
in the application of PBSHM. Consequently, these considerations will be explored
in the next chapter, which focuses on innovative strategies for assessing similarity
within heterogeneous populations.
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Figure 4.31: Damage-localisation performance across the population without DA:
F1 score confusion matrix.
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Figure 4.32: Transformed features in the latent spaceZ = 2 RNxk , where N is
the number of samples andk = 2 . These features are computed for the damage-
localisation task considering JDA on the no-s1-ferrousAlloy (#1) Garteur (source
domain) and the middle-s0-aluminiumAlloy (#1) Garteur (target domain).

Figure 4.33: kNN confusion matrix for the damage-localisation task considering
JDA on the no-s1-ferrousAlloy (#1) Garteur (source domain) and the middle-s0-
aluminiumAlloy (#1) Garteur (target domain).
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Chapter 5

Similarity Assessment between
aircraft structures

The similarity assessment phase is essential for identifying an optimal source struc-
ture, given a new SHM target. This task requires a comprehensive understanding
of the structures, the corresponding features, and the impact of damage on these
features. In addition, the degree of similarity between the source and the target
structures may be used as an indicator to determine an appropriate knowledge-
sharing algorithm, addressing the issue of how to transfer. The current chapter
analyses multiple methodologies for similarity assessment. The initially proposed
distance metric, based solely on topology, is discussed �rst. Further, this study
explores two new methodologies for assessing similarity within a population of
heterogeneous structures, focusing on estimating attribute e�ects on the distance
metrics.

Recent studies have proposed multiple approaches for measuring similarity,
which can be case-speci�c to some extent and may be selected based on the type of
structures in the population, their relevant features, and the SHM task. The initial
di�erentiation is established between global and local damage identi�cation tasks:
the �rst requires a similarity metric primarily based on the topological aspects;
the latter may involve higher levels in the damage-identi�cation hierarchy [26].
For example, dimensions and geometrical attributes could be the main factors to
evaluate when monitoring very localised damage or damage-localisation tasks. In
contrast, in cases where damage to the target structure is contingent upon the speci�c
material composition, it becomes crucial to integrate material considerations within
the similarity-assessment framework. Therefore, this research explores inclusive
similarity metrics to coherently represent the structures, their topology and the
attributes of the di�erent constituent parts.

The following section expands on the aspects of structural representations
regarding the Garteur SM-AG-19 case study. Afterwards, the graph-matching ap-
proach initially proposed in [33] is employed to investigate the problem of similarity
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assessment in highly heterogeneous populations. Subsequently, the chapter intro-
duces a Graph Matching Networks (GMN)-based method and a novel Euclidean
or correlation-based similarity assessment, studying their ability to account for
multiple attribute variations. Both approaches are applied to the aircraft population
scenario, enabling a comparative analysis of their performance, particularly in their
ability to capture the in�uence of structural attributes.

5.1 Structure representation

Within the PBSHM framework, the primary representation formats pertain to
abstract IE models and AGs, as delineated in Section 1.4.4. Depending on the level of
granularity, these representations provide a compromise between detailed modelling
of structures, which exploits elements with a well-de�ned dynamic behaviour and
reports all mechanical and geometric characteristics, and more systematic and
standardised modelling, in which the same information is compressed into a limited
number of elements, emphasising topological aspects. Therefore, the choice of the
representation format is crucial for the similarity-assessment task, as it determines
the level of detail and the attributes that can be considered in the similarity metric.
Moreover, recent studies attempt to determine acanonical form for the IE models,
which can be used to reduce the complexity of the original models and facilitate the
automatic similarity assessment [126].

The IE representation of the Garteur SM-AG-19 structures is described inFig-
ure 5.1 .The model typology is �free� because it does not take into account the
interaction with the surroundings. Additionally, this model only considers the essen-
tial structural components, neglecting the connection details. Following a similar
process used for the BAE Hawk T.Mk1 aircraft in reference [70], the positioning of
the subdivisions and the de�nition of element boundaries are determined by the
following criteria: (i) the presence of gradients in the geometry, (ii) the interception
with another structural component and (iii) the location of sensors or simulated
damage.

Consequently, the fuselage is divided into six sections to study how the fuselage
tip, wing intersection, and vertical tail intersection behave di�erently. The plates
used for the winglets and tail are divided into three elements each, and the plate
used for the wings is divided into seven elements to capture the interceptions and
the simulated-damage locations. The IE subdivision is shown inFigures 5.2 a,b,
and c. The Garteur IE consists of regular rectangular elements and each one has a
unique name, contextual type, geometry, and material attributes. These properties
are reported inTables 5.1 and 5.2 for the benchmark structure, corresponding
to the end-s1-aluminiumAlloy(#1) Garteur. In addition, the database schema also
includes the dimensions, bounding type and the barycentric coordinates.

The relationships are introduced to describe physical and abstract behaviours,
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Figure 5.1: Garteur SM�AG�19 laboratory structure: three�dimensional scheme.

adopting perfect and joint relationships. They are described for the fuselage and the
tail in Table 5.3 and for the wings and winglets inTable 5.4 . Perfect relationships
are established when elements collectively represent a uni�ed physical component
and joint relationships represent the physical connection between two structural
components. Speci�cally, all the joint relationships in the Garteur structure are
�statica� and their nature label is �bolted�. The IE data are subsequently used to
build the AGs, which are employed in the similarity-assessment tasks.

The AGs are built by transferring the IE models information in a graph structure,
where the nodes represent the elements and the relationships are the edges. According
to [127], these models are stored in Javascript Object Notation (JSON) format [128],
as shown inFigure 5.3 and Figure 5.4 . The same procedure is applied to the
Hawk jet and to the entire Garteur population described in Chapter 2, generating
the set of AGs that are employed for the similarity-assessment tasks in Section 5.3
and Section 5.4. These AGs are collected in MongoDB, a NoSQL database [129],
to facilitate the data management. Afterwards, it is necessary to verify that all
structures comply with the rules of the PBSHM schema, as depicted in [130], to
boost the automatic implementation of distance metrics in the database.
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(a) Fuselage and the vertical tail breakdown.
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(b) Wing breakdown.
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(c) Winglets and horizontal tail breakdown.

Figure 5.2: Garteur SM�AG�19 laboratory structure: IE model breakdown of (a)
the fuselage and the vertical tail, (b) the wings, and (c) the winglets and horizontal
tail.

5.2 Maximum Common Subgraph

The current section presents the similarity-assessment strategy based on the MCS
algorithm.

5.2.1 Method

The �rst method under analysis is the one based on MCSs, initially proposed in [33]
to measure topological similarities. This study, which falls within the series of
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Table 5.1: Regular Elements for the fuselage and the tail of the Garteur SM�AG�19
laboratory structure.

Element Name Contextual
Type

Material Type Geometry Type

Fuselage
fuselage�a Fuselage Metal! Aluminium Alloy Beam ! Rectangular
fuselage�b Fuselage Metal! Aluminium Alloy Beam ! Rectangular
fuselage�c Fuselage Metal! Aluminium Alloy Beam ! Rectangular
fuselage�d Fuselage Metal! Aluminium Alloy Beam ! Rectangular
fuselage�e Fuselage Metal! Aluminium Alloy Beam ! Rectangular
fuselage�f Fuselage Metal! Aluminium Alloy Beam ! Rectangular
Vertical tail
vertical�tail�a Other Metal ! Aluminium Alloy Beam ! Rectangular
vertical�tail�b Other Metal ! Aluminium Alloy Beam ! Rectangular
vertical�tail�c Other Metal ! Aluminium Alloy Beam ! Rectangular
Horizontal tail
horizontal�tail�left Other Metal ! Aluminium Alloy Beam ! Rectangular
horizontal�tail�centre Other Metal ! Aluminium Alloy Beam ! Rectangular
horizontal�tail�right Other Metal ! Aluminium Alloy Beam ! Rectangular

Table 5.2: Regular Elements for the wings and winglets of the Garteur SM�AG�19
laboratory structure.

Element Name Contextual
Type

Material Type Geometry Type

Wings
left�wing�a Wing Metal ! Aluminium Alloy Beam ! Rectangular
left�wing�b Wing Metal ! Aluminium Alloy Beam ! Rectangular
left�wing�c Wing Metal ! Aluminium Alloy Beam ! Rectangular
central�wing Wing Metal ! Aluminium Alloy Beam ! Rectangular
right�wing�a Wing Metal ! Aluminium Alloy Beam ! Rectangular
right�wing�b Wing Metal ! Aluminium Alloy Beam ! Rectangular
right�wing�c Wing Metal ! Aluminium Alloy Beam ! Rectangular
Left Winglet
left�winglet�a Wing Metal ! Aluminium Alloy Beam ! Rectangular
left�winglet�b Wing Metal ! Aluminium Alloy Beam ! Rectangular
left�winglet�c Wing Metal ! Aluminium Alloy Beam ! Rectangular
Right Winglet
right�winglet�a Wing Metal ! Aluminium Alloy Beam ! Rectangular
right�winglet�b Wing Metal ! Aluminium Alloy Beam ! Rectangular
right�winglet�c Wing Metal ! Aluminium Alloy Beam ! Rectangular

papers �When is a Bridge not an Aeroplane?� [69], examines the performance of the
MCS algorithm in measuring the similarity between highly heterogeneous structures.
Indeed, Worden etal.(2021) [69] compared highly�simpli�ed illustrative models of
a bridge and an aeroplane, highlighting what characteristics must be considered
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Table 5.3: Relationships for the fuselage and the tail of the Garteur SM�AG�19
laboratory structure.

Relationship Name Element Set Type

Fuselage
fuselage�a�b {fuselage�a, fuselage�b} Perfect
fuselage�b�c {fuselage�b, fuselage�c} Perfect
fuselage�c�d {fuselage�c, fuselage�d} Perfect
fuselage�d�e {fuselage�d, fuselage�e} Perfect
fuselage�e�f {fuselage�e, fuselage�f} Perfect
Fuselage to Vertical tail
fuselage�f�vertical�tail�c {fuselage�f, vertical�tail�c} Joint ! Static
Vertical tail
vertical�tail�a�vertical�tail�b {vertical�tail�a, vertical�tail�b} Perfect
vertical�tail�b�vertical�tail�c {vertical�tail�b, vertical�tail�c} Perfect
Vertical tail to Horizontal tail
vertical�tail�a�horizontal� tail�centre {vertical�tail�a, horizontal�tail � centre} Joint ! Static
Horizontal tail
horizontal�tail�centre�horizontal�
tail�left

{horizontal�tail�centre, horizontal� tail�
left}

Perfect

horizontal�tail�centre�horizontal�
tail�right

{horizontal�tail�centre, horizontal� tail�
right}

Perfect

Table 5.4: Relationships for the fuselage and the wings and winglets of the Garteur
SM�AG�19 laboratory structure.

Relationship Name Element Set Type

Fuselage to Central Wing
fuselage�b�central�wing {fuselage�b, central�wing} Joint ! Static
Wings
left�wing�b�left�wing�c {left�wing�b, left�wing�} Perfect
left�wing�a�left�wing�b {left�wing�a, left�wing�b} Perfect
central�wing�left�wing�a {central�wing, left�wing�a} Perfect
central�wing�right�wing�a {central�wing, right�wing�a} Perfect
central�wing�right�wing�a {right�wing�a, left�wing�b} Perfect
right�wing�b�left�wing�c {right�wing�b, left�wing�c} Perfect
Left Wing toLeft Wiglet
left�wing�c�left�winglet�b {left�wing�c, left�winglet�b} Joint ! Static
Left Winglet
left�winglet�b�left�winglet�a {left�winglet�b, left�winglet�a} Perfect
left�winglet�b�left�winglet�c {left�winglet�b, left�winglet�c} Perfect
Right Wing to Right Wiglet
right�wing�c�right�winglet�b {right�wing�c, right�winglet�b} Joint ! Static
Right Wingletl
right�winglet�b�right�winglet�a {right�winglet�b, right�winglet�a} Perfect
right�winglet�b�right�winglet�c {right�winglet�b, right�winglet�c} Perfect
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5.2 � Maximum Common Subgraph

Figure 5.3: Extract from the AG of the end-s1-aluminiumAlloy(#1) Garteur
laboratory structure in JSON format: elements de�nition.

91



Similarity Assessment between aircraft structures

Figure 5.4: Extract from the AG of the end-s1-aluminiumAlloy(#1) Garteur
laboratory structure in JSON format: relationships de�nition.
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5.2 � Maximum Common Subgraph

Figure 5.5: Example of MCS between two IE representations, where the subgraph
highlighted in green represents the largest common subgraph shared by the two IE
models.

in the assessment and how these can be combined to create a distance metric and
determine a threshold for transfer. This section expands the study to include more
complex and existing structures. The MCS graph-matching algorithm identi�es the
largest common subgraph between two graphs [131], [132]. This approach identi�es
subgraphs having the same topology and adopts the maximum subgraph relative
dimension to quantify similarity via the Jaccard index. An example of MCS is
shown in Figure 5.5 . The Jaccard index between the sets A and B is de�ned as
the ratio between the intersection of the sets and their union:

J (A; B ) =
jA \ B j
jA [ B j

=
jA \ B j

jAj + jB j � j A \ B j
(5.1)

where, the intersection of the sets is represented by the MCS between the two
graphs, and the union is the sum of the number of nodes in the two graphs minus
the intersection.

5.2.2 Results

The analysed population consists of the IE model of the Garteur structure as outlined
in Section 5.1, the Hawk T.Mk1 aircraft [70], and eight existing bridges of various
typologies. These bridges include two beam-and-slab bridges, two truss bridges, two
suspension bridges, one cable-stayed bridge, and an arch bridge [83]. The decision to
introduce these di�erent categories of structure, which may seem unrelated, is driven
by the goal of creating a metric that is general enough to be applied to such various
structures, capable of automatically highlighting all the dissimilarities, and that is
additionally e�ective in identifying any underlying similarities between structures
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or substructures, which may still guarantee a positive transfer if an appropriate
knowledge-sharing procedure is adopted.

The resulting Jaccard index from the MCS is displayed for the entire population
using a similarity matrix (Figure 5.6 ), where each value corresponds to the similarity
between two population components. The matrix exhibits symmetry, with unit
values placed along the diagonal. This characteristic re�ects the comparison of a
structure with itself. High similarity values are also displayed between bridges of
the same type, as shown by the similarity scoreJ = 0:98 between the two truss
bridges. The algorithm also successfully matches the �rst and second suspension
bridges before and after the adjustments. In contrast, bridges of di�erent types
exhibit signi�cantly-lower similarity scores.

In addition, the Hawk jet and the Garteur AGs generate the indexJ = 0:21.
This value is lower than the one between bridges of the same type because they
are much more complicated models. However, it scores the highest value for the
Hawk and the second-highest for the Garteur. These results demonstrate that
the MCS-based strategy can match structures of the same category while clearly
distinguishing between bridges and aeroplanes, producing relatively�low similarity.
Nevertheless, a higher similarity value is observed between Garteur and beam&slab
bridges (J = 0:24) because of the subgraph produced by the fuselage and the
Garteur left�wing.

The primary drawback of this approach is that it only evaluates topology. Hence,
MCS algorithm is not suitable to compare the di�erent versions of the Garteur
aircraft, which share highly similar topologies. Conversely, this approach is e�ective
for clustering di�erent types of structures, such as bridges and aircraft, which may
exhibit greater topological di�erences. More accurate matching could be obtained
by expanding the algorithms to consider attributes such as geometry, materials,
coordinates and contextual properties and weight their e�ect according to SHM
requirements [69]. Furthermore, along with the evaluation of Jaccard indices and
similarity matrices, it would be necessary to introduce a threshold value to determine
if transfer should be attempted. Therefore, de�ning this threshold is still an open
problem in PBSHM research.

5.3 Graph matching networks

The current section presents a similarity-assessment strategy based on GMNs.

5.3.1 Method

The GMNs are particular machine-learning models proposed in [133] and [134]. They
represent an extension of Recursive Neural Networks (RNNs) [135] and GNNs [79],
speci�cally created to handle graph-structured data directly in di�erent applications,
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Figure 5.6: Similarity matrix of the heterogeneous population at the level of
topology.

including distance evaluations. The primary advantage of these approaches is their
ability to bypass an individual preprocessing for transforming the graphs into simpler
structures. While traditional machine-learning algorithms necessitate this step to
obtain processable representations, it may result in information loss [136]. RNNs only
deal with directed and acyclic graphs. In addition, they are suitable only for graph-
focused problems. Based on RNNs and Markov-chain models [137], GNNs have been
developed for di�erent types of problems and enhanced supervised prediction tasks
by acquiring node representations and embeddings [138], [139]. This type of machine
learning captures graph patterns by examining each node, its neighbouring nodes,
and the associated information at the network level [66]. Subsequently, GMNs have
been developed as a subset of these methodologies designed to address the challenge
of learning similarity. These networks excel in matching nodes across diverse graphs
and identifying their discrepancies, which enables the computation of similarity
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scores with heightened precision.
The GMN enhanced accuracy is achieved by jointly considering node and edge

attributes of a pair of AG, which are the input of the algorithm, prior to embedding
them into a vector space, where similar graphs are positioned close to each other.
Hence, the similarity, representing the output of the network, is estimated based
on the graphs themselves rather than on their independently generated vector
embeddings. Indeed, the GMN-based similarity index between two graphs is eval-
uated in three phases: encoding, cross-graph matching, and aggregation. Each
graph G = G(N; E ) is de�ned as a set of nodesN and edgesE. In addition, the
AGs de�ned in the PBSHM framework comprise a set of attributes associated to
each node (x i ; 8i 2 N ) and another set of attributes associated to each edge
(x ij ; 8(i; j ) 2 E). The encoding phase, as described in [79], is summarised in equa-
tion (5.2) where MLP stands for the Multi-Layer Perceptrons used to individually
encode the node and edge attributes.

n(0)
i = MLP node(x i ); 8i 2 N

eij = MLP edge(x ij ); 8(i; j ) 2 E
(5.2)

After encoding, the node representations are subjected to a message propagation
step and matching function to compare equivalent nodes and edges across the two
graphs, as shown in equation(5.3). This phase is applied iteratively, adopting
some functionsf message and f match to update the node representations based on the
aggregated information and on the cross-matching vectore� j ! i .

mj ! i = f message(n
(t )
i ; n(t )

j ; eij ); 8(i; j ) 2 N1 [ N2

� j ! i = f match (n(t )
i ; n(t )

j ); 8i 2 N1; j 2 N2 or i 2 N2; j 2 N1

n(t+1)
i = f node(n(t )

i ;
X

j

mj ! i ;
X

j

� j ! i )
(5.3)

Conversely, graph embeddings do not include matching functionsf match in the
propagation phase. These di�erences are summarised inFigures 5.7 and 5.8.
Subsequently, an aggregation module represented by the functionf G is adopted to
produce a vector space from each graph, and quantitatively measure graph similarity
using a standard vector functionf similarity , as described by,

nG1 = f G(n(t )
i i 2 N1

)

nG2 = f G(n(t )
j j 2 N2

)

similarity = f similarity (nG1 ; nG2 )

(5.4)

For example, this function could be based on the Euclidean distance, or the cosine
similarity. Additional details on the algorithm phases and implementation can be
found in [140].
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Figure 5.7: Graph embedding scheme.

Figure 5.8: GMN cross-graph matching scheme.
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The graph network undergoes training using a supervised strategy to acquire the
capability to jointly embed graphs into a vector space and measure their similarity.
One possibility is to inform the network via pairs of graphs and their corresponding
similarity label (G1, G2, `). An alternative approach involves training the network
using triplets of graphs (G1, G2, G3) and relative similarity measures. In both
instances, it is essential to establish a similarity rule to determine thèor the relative
similarities between AGs. Thus, a margin-based loss is accordingly formulated on
the pairs or triplets, and the optimisation of the network is performed using an
algorithm based on gradient descent [79].

5.3.2 Work�ow

The GMN implementation in the PBSHM framework requires speci�c steps for
correctly dealing with a population of heterogeneous structures and their graph
representation. A preliminary step regards the development of the IE models and
AGs of each member of the population, as shown in Section 5.1. Hence, the AGs
are available for each laboratory-scale aircraft of the Garteur population. However,
the use of this approach in PBSHM presents two main challenges. The challenge
relates to the need for several AG examples to train the network. In addition, GMN
training adopts a supervised learning strategy. Therefore, the pairs or triplets of
graphs used during training must include a similarity label provided according to
an appropriate similarity rule.

The �rst implementation issue is solved by automatically generating synthetic
AGs as proposed in [126] for an application to a population of bridges. The
dataset should accurately capture the variability within the studied population.
For example, all the topological classes must be equally represented in the dataset.
Likewise, attribute variability should be meticulously re�ected in the synthetic
population. These models can then be employed for training and validating the
network. Henceforth, the GMN-based similarity assessment can be performed on a
synthetic test dataset and the experimental models from the aircraft population.

The synthetic dataset of the laboratory-scale aircraft models comprises 4800
IE models. The population of Garteur laboratory-scale aircraft includes di�erent
sources of heterogeneity, mainly related to attribute variation, which must be
included in the training dataset. The primary topological di�erence in this set of
structures involves the presence of either winglets or engine weights in the potential
con�gurations. These topological classes are represented inFigure 5.9 , which
depicts the four possible types of IE models via their elements and connections.

The �rst class of IE models shown inFigure 5.9 comprises aircraft without
winglets, representing the four existing laboratory-scale models inFigure 2.2 . The
second class includes aircraft with end winglets, representing the three existing
laboratory-scale models inFigures 2.2b , 2.2c and 2.2d. The third topological
class consists of models with symmetric additional IEs for simulating the engine
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(a) No-winglets con�guration. (b) End-winglets con�guration.

(c) Middle-winglets/engines con�guration. (d) Both-winglets/engines con�guration.

Figure 5.9: The Garteur SM-AG-19 IE models in the four topological con�gurations:
(a) no winglets are present on the wings; (b) winglets are in the middle of the wings
to simulate the presence of an engine; (c) winglets are present at the end of the
wings; (d) winglets are in both the middle and end positions.

weight, as shown inFigure 2.2a . The fourth topological class is built by consider-
ing the presence of end winglets and middle winglets, or elements for simulating
the engine. This class is not represented experimentally in Chapter 2, yet it is
included for completion. Indeed, the benchmark structures are designed to allow
this con�guration, which may be analysed in further experiments.

The structural attributes, i.e., material properties, geometry and dimensions,
are de�ned for each model. An appropriate attribute variation is guaranteed
by randomly selecting material and geometry types within a set of possibilities,
according to the PBSHM schema. These sets of possible attributes are reported
in Table 5.5 for the material properties and inTable 5.6 for the geometry types,
which are distinguished for each principal structural component of the aircraft. In
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Material type Material name
Metal Ferrous Alloy
Metal Aluminium Alloy
Metal Nickel Alloy
Metal Copper Alloy
Metal Titanium Alloy

Composite Fibre-reinforced
Ceramic Cement

Table 5.5: Set of possible material properties used for the synthetic dataset.

Geometry Types Fuselage Wings Tail Winglets
Beam ! Rectangular yes yes yes yes
Beam ! Circular yes no no no
Plate ! Rectangular yes yes yes yes
Shell ! Translate ! Cuboid yes yes yes no
Shell ! Translate ! Cylinder yes yes no no
Solid ! Translate ! Cuboid yes yes yes no
Solid ! Translate ! Cylinder yes yes no yes

Table 5.6: Set of possible geometrical properties included for each structural
component used for the synthetic dataset.

addition, the dimensions are varied, starting from the original dimensions of the
Garteur SM-AG-19 by introducing a scaling factor. Four dimension classes are
de�ned, and the scaling factor is de�ned randomly within a class-speci�c range, as
shown in Table 5.7 . This strategy ensures that the synthetic dataset accurately
re�ects the possible dimensional variations in the heterogeneous population, thereby
enhancing the robustness of the GMN training process. Synthetic AGs are initially
categorised into sixteen classes based on the four topological con�gurations and
scaling groups. Afterwards, 300 AGs are randomly generated from each class to
ensure a balanced dataset. Accordingly, each AG is named based on topology,
scale and material. In addition, a numerical identi�er is introduced to distinguish
between di�erent AGs of the same class. The naming convention is as follows:
topology-scale-material(# identi�er ).

The synthetic dataset is divided into training, validation and test sets, including
48 AGs in the validation set and 150 AGs in the test set to examine the GMN
performance on the synthetic graphs under varying attributes. The training is
performed by informing the network with labelled pairs of graphs (G1, G2,̀) and
adopting Euclidean distance to build the similarity function. The results can be
expressed in terms of normalised distancesdi;j between each pair of graphs(i; j ), or
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Scaling class Min Scaling Factor Max Scaling Factor
s0 0.2 0.6
s1 0.6 1.2
s2 1.2 2.4
s3 2.4 4.8

Table 5.7: Scaling factor ranges for each scaling class used for the synthetic dataset.

in terms of similarity, � i;j 2 [0;1], as shown in equation (5.5).

� i;j = 1 � di;j (5.5)

The second challenge is addressed by examining multiple similarity rules to
gather general insights on how the di�erent sources of heterogeneity, i.e., topology
and attributes, must be considered during GMN training. The �rst similarity
assessment rule only concerns topological classes (i.e., no winglets, end winglets,
middle winglets or engines, and both winglets and engines). Thus, aircraft of the
same class are labelled as similar, while those of di�erent classes are labelled as
dissimilar. Subsequently, the method is expanded by adopting a similarity rule
based on the topology calsses and the scaling groups. Finally, the assessment is
further expanded by considering topology, dimensions and wing materials in the
similarity rule as summarised inTable 5.8 .

Table 5.8: Summary of the three similarity-assessment rules adopted for GMNs.

Rule Similarity Rule
1 Topology only
2 Topology + Scaling
3 Topology + Scaling + Materials

5.3.3 Results

The present section displays the outcomes of the GMN-based similarity evaluation
applied to the heterogeneous population of Garteur laboratory-scale structures. The
results are examined under varying initial similarity rules, progressively including
multiple attributes.

The initial criterion for similarity assessment exclusively encompasses topology-
based categories. These classes distinguish aircraft having no winglets, end winglets,
middle winglets or engines, and both end winglets and middle engines. Pairs of
training aircraft falling within the same class are deemed to be similar. Otherwise,
they are marked as dissimilar. The similarity assessment is based solely on topology
when no attributes are embedded in the network. The corresponding results, after
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10000 training steps, are presented inFigure 5.10 for the synthetic test set. Instead
of presenting the complete set of graphs in the test dataset, only four AGs are
chosen to encompass the potential topological classes and facilitate visualisation.
These results are given by confusion matrices, where each value corresponds to

Figure 5.10: Distance matrix of the aircraft population based on the �rst similarity
rule: topology-only assessment.

the estimated normalised distance between a pair of graphs. Hence, the matrices
demonstrate a symmetric structure. The diagonal represents the distance between a
graph and itself, con�rming that the distance is zero. The cells outside the diagonal
show a non-zero distance, reaching the maximum dissimilarity when an AG with
no winglets is compared to one with both winglets/engines. The GMN is already
able to distinguish the four topological classes. However, the network cannot set a
scale of increasing distances, and it estimates an equal distance between the pair of
middle winglets and no winglets classes and between the pair of middle winglets
and end winglets classes.

The performance can be improved by embedding additional attributes in the
graphs. Indeed, structural properties signi�cantly impact the vibration-based
features that can be experimentally extracted and used in knowledge transfer.
Therefore, their inclusion in PBSHM similarity assessment is essential. In the
second confusion matrix, shown inFigure 5.11 , multiple categorical attributes
such as material types, geometry types, and contextual labels are introduced for
each graph node, following the PBSHM schema. This variation enhances the ability
to di�erentiate the middle-winglets/engines class from other topological classes.
The attribute embedding additionally produces a slight variation in distance values
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within each cluster. However, in order to assess the impact of dimensions, it is
imperative to incorporate them into the classi�cation criteria adopted for labeling
the graph pairs during the training process.

Figure 5.11: Distance matrix of the aircraft population based on the �rst similarity
rule, introduction of element and relationship types and attributes.

The subsequent step for producing and training an appropriate GMN for assessing
similarity within the aircraft population under analysis consists of extending the
training similarity rule. Hence, a pair of AGs in the training process are deemed
similar if they share the same topology and scaling group. Otherwise, they are
marked as dissimilar. The corresponding results are depicted inFigure 5.12 for the
synthetic test set. Similarly to the previous distance matrices, only a subset of AGs
are displayed to facilitate visualisation. These graphs encompass all the potential
topological classes and all the scaling groups, de�ned inTable 5.7 . The distinction
between topological classes becomes less explicit due to the concurrent in�uence of
scaling ratios. As a result, the distance values between di�erent topological classes
tend to be lower. However, the matrix indicates increasing distance values when
transitioning from the both-winglets con�guration to the no-winglets con�guration.
Furthermore, considering each topological class, there is a noticeable rise in graph
distance as the scaling factor between the AGs increases.

Henceforth, the current study extended the GMN-based similarity assessment
to include the in�uence of the wing materials in the similarity rule. The training
process is performed similarly on labelled pairs of graphs (G1, G2,`) and 20000
training iterations. However, the third rule for training similarity marks two pairs
of AG as similar only if they share the same topology, scaling group, and wing
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Figure 5.12: Distance matrix of the aircraft population based on the second
similarity rule (topology + scaling), embedding element and relationship types,
element contextual, material and geometry attributes. This is a subset of the results
to focus on topology and scaling group variation.
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materials. By adopting this rule, the GMN can di�erentiate between structures
as they vary in dimensions and topological classes, as shown in extracts from the
synthetic test set in Figures 5.13 and 5.14.

Figure 5.13: Distance matrix of the aircraft population based on the third similarity
rule (topology + scaling + materials), embedding element and relationship types,
element contextual, material and geometry attributes. Subset of the test set to
highlight topological classes.

Figure 5.13 presents four synthetic AGs with distinct topologies. The overall
distance values in this matrix closely resemble those shown inFigure 5.11 . This
outcome suggests that including additional aspects, such as constraints on scaling
class and material properties, within the similarity rule does not compromise the
GMN's ability to distinguish between the four topologies. A similar pattern emerges
for the four scaling groups inFigure 5.14 , where the distance values increase as the
di�erence between the graphs scaling factors grows. Notably, the �nal similarity rule
o�ers a signi�cant advantage in di�erentiating between various material categories.
However, it is still challenging to observe a smooth progression in similarity values
because of �uctuations in the mechanical properties of the materials employed.

The �nal similarity rule has been applied to the AGs developed for the real
members of the heterogeneous aircraft population. The matrix of the distances
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Figure 5.14: Distance matrix of the aircraft population based on the third similarity
rule (topology + scaling + materials), embedding element and relationship types,
element contextual, material and geometry attributes. Subset of the test set to
highlight dimensions classes.

measured within each combination of structures in the Garteur experimental popu-
lation is presented inFigure 5.15 . The similarity assessment results are normalised
within the range ` 2 [0;1]. These results demonstrate the GMN's capacity to
cluster the most similar models and to assign greater distances when higher levels
of heterogeneity are present. The null distance is calculated by comparing a graph
to itself and two clusters of similar structures are primarily observed, correspond-
ing to di�erent topological classes. Although certain AGs with a single varying
element are grouped together, these �ndings provide a foundation for identifying
cases where improved knowledge-sharing performance may be anticipated. How-
ever, these similarity-assessment outcomes cannot be clearly correlated with the
overall knowledge-transfer results presented in Chapter 3. Indeed,Figure 5.16
shows the knowledge-sharing performance with respect to the similarity values.
This analysis reveals only two clusters based on topological similarities, with other
attributes playing a secondary role. Although the tool may not fully correlate
with the knowledge-transfer performance, particularly where non-topological factors
are highly signi�cant, the GMN remains a valuable tool for performing an initial
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Figure 5.15: Distance matrix of the real Garteur population based on the third
similarity rule (topology + scaling + materials), embedding element and relationship
types, element contextual, material and geometry attributes.

investigation into the similarity of structures. It enables a preliminary distinction be-
tween major topological classes, or in cases where the primary di�erences arise from
topology. The results led to a more thorough investigation of similarity-assesment
approaches, which is detailed in the following section.

5.4 Correlation-based method

As outlined in the previous sections, the similarity assessment process is highly
dependent on the speci�c characteristics of the population under study. While
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Figure 5.16: Scatter plot of the F1 scores vs. the similarity results estimated
using the GMN-based approach.

the GMN-based approach has demonstrated its capability to embed attributes and
account for their variability when evaluating distances between graphs, it tends to
prioritise the topology of the graphs over the attributes. Accordingly, GMNs may
be more suitable in cases where the attributes have less in�uence on knowledge-
sharing results. In the analysed population, however, the impact of attributes is
more signi�cant than topological variations. Consequently, this study proposes an
alternative metric, grounded in the Euclidean distances between aircraft attributes
and topological classes.

5.4.1 Method

The current approach aims at studying an appropriate distance metric on the
analysed population, to guarantee a high correlation between attributes and the
knowledge-transfer results shown in Chapter 3. Furthermore, the proposed metric
will yield signi�cant insights into the in�uence of various attributes on the knowledge-
sharing process. This correlation-based metric is appropriate because the topological
di�erences are small compared to the attribute variations.

Each structure is characterised by a speci�c set of properties, encompassing
topology and multiple attributes. In contrast to the GMN, this method does not
hinge upon material categories but rather accommodates the impact of ongoing
variations in mechanical properties, such as the density and Young's modulus. The

108



5.4 � Correlation-based method

properties of the Garteur population are summarised inTable 2.1 .
Thus, the sources of heterogeneity in the population are characterised by the

two material properties, the scale factor, and the topology. The scale factor is
introduced to account for the e�ect of dimensions on the damage-sensitive features.
Indeed, the application of a scale factor on the overall dimensions highly in�uences
the mass of the structure, together with the material density, and the variations
in the mass a�ect the natural frequencies and the mode shapes of the structures.
Similarly, the Young's modulus is a key parameter in a�ecting the damage-sensitive
features. Therefore, the material properties are represented by the mass density�
as well as the Young's modulusE.

The pairwise distance between two structures can be computed as a four-
dimensional `2-norm Euclidean distance, as shown in Eq.5.6, wheresi is a four-
dimensional vector comprising the normalised numerical values to represent the
aforementioned properties of thei th structure. This metric is selected for its
simplicity and clarity, providing a straightforward measure of the distances between
topology and attributes of source and target structures.

di;j = ksi � sj k =
s X

k

(sk
i � sk

j )2 (5.6)

In addition, by normalising the distance to the intervaldi;j 2 [0;1], the pairwise
similarity metric can be expressed as� i;j = 1 � di;j 2 [0;1].

The impact of topology on the distance metric is introduced by considering the
MCS algorithm and the Jaccard index, as described in Section 5.2. In the current
study, the structures are represented by simpli�ed IE models and AGs, produced
by reducing the complexity of the original models. These models are shown in
Figure 5.17 , where the fuselage and the tail are reduced to a single topological
block and the wings topology is highlighted. The Jaccard index between the four
topological classes is computed by assuming thatNB is the number of elements
of the most basilar aircraft, the one without winglets, andNw is the number of
elements used to simulate a pair of winglets or engines. By adopting equation(5.1),
the similarity idex between the four classes is given inTable 5.9 . Accordingly, the
distance between the two graphs(G1; G2) is given by1� J (G1; G2) 2 [0;1], as shown
in Table 5.10 . The no-winglets con�guration has equivalent distance from the
end-winglets and middle-winglets con�gurations. Conversely, the distance between
the end-winglets and middle-winglets con�gurations is higher than the previous one.
Therefore, the no-winglet con�guration can be considered as an intermediate class
between the end-winglets and middle-winglets classes, and the associated numerical
values for the Euclidean distance are 1 for the no-winglets con�guration, 2 for the
end-winglets con�guration, and 0 for the both-winglets/engines con�guration. The
mechanical properties are normalised in the[0; 2]. An analogous approach is used
for the scaling factor, associating 0 with the small-scale models and 2 with the
large-scale models. This preliminary re-scaling of the attributes and topological
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Figure 5.17: Simpli�ed IE models of the Garteur SM-AG-19 in the four topological
con�gurations.

Table 5.9: Jaccard similarity between the four topological con�gurations.

No Winglets End Winglets Middle Winglets Both Winglets

No Winglets 1
NB

NB + Nw

NB

NB + Nw

NB

NB + 2Nw

End Winglets
NB

NB + Nw
1

NB

NB + 2Nw

NB + Nw

NB + 2Nw

Middle Winglets
NB

NB + Nw

NB

NB + 2Nw
1

NB + Nw

NB + 2Nw

Both Winglets
NB

NB + 2Nw

NB + Nw

NB + 2Nw

NB + Nw

NB + 2Nw
1

index guarantees that the properties are equally weighted in the initial Euclidean
distance, ensures the comparability between the four properties and avoids biases
introduced by attributes of di�erent scales. Subsequently, each property can be
associated with a weightwk according to its sensitivity of the behaviour of the
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Table 5.10: Jaccard distance between the four topological con�gurations.

No Winglets End Winglets Middle Winglets Both Winglets

No Winglets 0
Nw

NB + Nw

Nw

NB + Nw

2Nw

NB + 2Nw

End Winglets
Nw

NB + Nw
0

2Nw

NB + 2Nw

Nw

NB + 2Nw

Middle Winglets
Nw

NB + Nw

2Nw

NB + 2Nw
0

Nw

NB + 2Nw

Both Winglets
2Nw

NB + 2Nw

Nw

NB + 2Nw

Nw

NB + 2Nw
0

structure to the property.

di;j = ksi � sj kw =
s X

k

wk(sk
i � sk

j )2 (5.7)

The weightsf w1; w2; w3; w4g in Eq.5.7 are set using an informed approach to identify
the most in�uential properties. This approach consists of selectingwk by maximising
the Pearson correlation coe�cientr computed between the domain-adaptation results
and the similarity � , under the constraint ofkwk = 1. The corresponding objective
function is given by Eq.5.8 and it is optimised using the self-adaptive di�erential
evolution (SADE) algorithm.

w = arg max
w

�
r (F1scores; � ) � (1 � k wk)2

�
(5.8)

The considered knowledge-transfer performance refers to the damage-localisation
task, and it is computed in terms of the F1 score.

5.4.2 Results

The resulting weights aref 2:55� 10� 01; 2:51� 10� 17; 1:198� 10� 01; 9:59� 10� 01g,
suggesting that Young's modulus does not signi�cantly a�ect the transfer e�cacy
in the Garteur population. The corresponding distance matrix between the real
Garteur population is shown inFigure 5.18 . Thus, DA techniques guarantee
optimal knowledge sharing despite variations in elastic modulus because they can
harmonise the e�ect of these variations. Conversely, density, topology, and scaling
have a higher impact on the e�ectiveness of knowledge transfer. The transfer
performance trend against the results of the correlation-based similarity assessment
is shown in Figure 5.19 , where the maximum performance coincides with the
knowledge transfer between the two analogous models end-s1-ferrousAlloy (#1) and
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(#2), in which � i;j = 1. Contrariwise, the lowest similarity is found between the no-
s0-ferrousAlloy (#1) and the end-s1-aluminiumAlloy (#1) structures and between
the no-s1-ferrousAlloy (#1) and the middle-s0-aluminiumAlloy (#1) structures,
where the topology, materials, and dimensions vary signi�cantly.

Figure 5.18: Distance matrix of the real Garteur population based on the
correlation-based approach.

The application of this approach illustrates a higher level of consistency between
the transfer results and the similarities. Despite variability in the data compared to
the median, especially for low similarity values, the knowledge-transfer performance
monotonically increases as a function of the similarity and produces a positive
Pearson coe�cient of 0.365. The co-presence of multiple variations between the
structures leads to the absence of pairs showing similarity values greater than 0.6,
except for the two nominally identical structures. Further insights could be gained by
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Figure 5.19: Scatter plot of the F1 scores vs. the similarity-assessment results
estimated using the correlation-based approach.

studying the impact of minor individual variations in the structures. For instance,
numerical simulations of the Garteur structures could be conducted, similar to
the analysis performed on the population of shear-frame structures in Chapter 4.
Subsequently, these results may be used to evaluate the EVIT, as presented in [41],
[98] to optimise TL. The two strategies proposed for assessing similarity within the
Garteur population are summarised in the �owchart inFigure 5.20 .

5.5 Discussion

This chapter has analysed various methodologies for assessing similarity between
structures within a heterogeneous population, speci�cally focusing on the Gar-
teur SM-AG-19 laboratory-scale structures previously introduced. The similarity-
assessment phase within the PBSHM framework is crucial for grouping structures
based on their characteristics, evaluating the expected knowledge-transfer capability,
and identifying the most similar structures. This enables the prediction of the
optimal source structure to associate with a new target structure, which may not
have been fully monitored, and allows for evaluating the expected value of knowledge
transfer [41], [98]. Moreover, given two structures between which knowledge transfer
is desired, the information from the similarity assessment can be utilised to optimise
the transfer process, for example, by selecting the most suitable strategies and
algorithms according to the distance between the structures. Therefore, this topic

113



Similarity Assessment between aircraft structures

�*�0�1���E�D�V�H�G���V�L�P�L�O�D�U�L�W�\
�D�V�V�H�V�V�P�H�Q�W

�&�R�U�U�H�O�D�W�L�R�Q���E�D�V�H�G
�V�L�P�L�O�D�U�L�W�\���D�V�V�H�V�V�P�H�Q�W

�$�W�W�U�L�E�X�W�H�G���J�U�D�S�K�V��
���$�*�V�����R�I���W�K�H���S�R�S�X�O�D�W�L�R�Q

�*�H�Q�H�U�D�W�L�R�Q���R�I���D���V�\�Q�W�H�W�K�L�F
�S�R�S�X�O�D�W�L�R�Q���R�I���$�*�V��

���*�������*���������������*�Q��

�'�H�I�L�Q�L�W�L�R�Q���R�I���D���V�L�P�L�O�D�U�L�W�\
�U�X�O�H���I�R�U���W�K�H���W�U�D�L�Q�L�Q�J���V�H�W���•� 

�I���*�L�����*�M��

�7�U�D�L�Q�L�Q�J���W�K�H���*�0�1���Y�L�D
�O�D�E�H�O�O�H�G���S�D�L�U�V�����*�L�����*�M�����•�L���M��

�$�*�V��
�R�I���W�K�H���S�R�S�X�O�D�W�L�R�Q

�'�D�P�D�J�H��
�F�O�D�V�V�L�I�L�F�D�W�L�R�Q��
�V�F�R�U�H�V���I�U�R�P��

�G�R�P�D�L�Q���D�G�D�S�W�D�W�L�R�Q

�'�H�I�L�Q�L�W�L�R�Q���R�I���S�U�R�S�H�U�W�\
�Y�H�F�W�R�U�V���V�L���E�D�V�H�G���R�Q��
�������P�D�W�H�U�L�D�O���G�H�Q�V�L�W�L�\
�������P�D�W�H�U�L�D�O���V�W�L�I�I�Q�H�V�V
�������V�F�D�O�H
�������W�R�S�R�O�J�R�\���D�V�V�H�V�V�P�H�Q�W
�Y�L�D���0�&�6���D�Q�G���-�D�F�F�D�U�G
�L�Q�G�H�[

�'�H�I�L�Q�L�W�L�R�Q���R�I���D���G�L�V�W�D�Q�F�H
�P�H�W�U�L�F

�2�S�W�L�P�L�V�D�W�L�R�Q���R�I���W�K�H
�Z�H�L�J�K�W�V

�7�H�V�W���R�I���W�K�H���*�0�1���R�Q���W�K�H
�$�*�V���R�I���W�K�H���S�R�S�X�O�D�W�L�R�Q

�6�L�P�L�O�D�U�L�W�\���D�V�V�H�V�V�P�H�Q�W���D�Q�G��
�H�Y�D�O�X�D�W�L�R�Q���R�I���D�W�W�U�L�E�X�W�H�V���L�Q�I�O�X�H�Q�F�H

���L�Q���W�K�H���3�%�6�+�0���S�U�R�F�H�V�V��

Figure 5.20: Flowchart of the similarity assessment strategies performed on the
Garteur population.

is closely related to both the �when to transfer� and �how to transfer� themes.
In this context, it is essential to correctly manage all possible sources of het-

erogeneity, which is the primary objective of this study. Indeed, this analysis aims
to evaluate the most suitable methodologies for assessing similarity between struc-
tures within a heterogeneous population and to determine how to consider both
topological aspects and attributes. Furthermore, the comparison between similarity
measures and transfer-learning results has been used to evaluate the e�ectiveness
of the proposed methodologies and to understand which attributes most in�uence
the knowledge-transfer process. The choices regarding the structural representa-
tion of the aircraft population have been discussed, and the originally-proposed
methodology based on the MCS algorithm has been presented. Subsequently, two
novel approaches have been introduced: a similarity-assessment strategy based on
GMNs and a similarity assessment-strategy based on Euclidean distances. These
approaches have been compared by evaluating the correlation between the similarity
results and the knowledge-transfer performance, as shown inFigures 5.16 and
5.19.

The GMN methods proved particularly suitable for managing graph structures
and assessing their topological di�erences. They guarantee higher �exibility than
the MCS-based approach, which is less adaptable to the variabilities that could
be found in IE models and AGs. In addition, this study proved the possibility
of embedding attributes in the GMN-based similarity assessment, as shown in
Figure 5.14 and Figure 5.15 . However, the GMN-based similarity method
reveals two primary clusters driven by topological similarities, while other attributes
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exert only a secondary in�uence, failing to account for the complete variability in
domain-adaptation results.

Conversely, the method based on Euclidean distances e�ectively captures the
in�uence of attributes on the TL results (Figure 5.19 ) and conveys this via the
weights of the di�erent structural properties in the de�nition of the similarity metric.
The drawback of this methodology is its reliance on knowledge-sharing outcomes,
as some of these results must be used to set the weights. However, this examination
assessed the e�ect of the di�erent attributes, identifying density and system scale
as the most relevant attributes. This insight may be employed to develop a more
general similarity metric applicable to diverse populations, thereby ensuring a
robust correlation with the results of TL. For example, these weights can be �ne-
tuned on a reference numerical population and then extended to the experimental
structures. Therefore, further steps of the research may focus on extending this
approach to produce a general similarity metric, which could be broadly applied
to di�erent populations of structures, ensuring a good correlation with the TL
results. Conversely, the GMN-based approach is more suitable for cases where the
topological di�erences are more signi�cant than the attribute variations or for a
preliminary distinction of the main clusters within the population. Compared to the
method based on Euclidean distances, it does not require to have the TL results to
de�ne the similarity metric. Yet, it requires to enclose a reference population, even
of a synthetic type, to proceed with the training of the network. In this case, further
developments will focus on optimising the training phase and extending the training
to di�erent types of structures to make the network more robust and generalisable.

115



116



Chapter 6

The inverse FEM integration into
PBSHM framework

The implementation of PBSHM in real-life scenarios requires further research
to identify appropriate strategies for dealing with various situations presented by
the target and the available source structures. Although PBSHM involves feature
harmonisation, a fundamental assumption is that the domains share some similarities,
especially in the relative e�ect of the damage conditions. Moreover, previous studies
only focused on structures sharing the same feature types, e.g., natural frequencies,
FRFs or transmissibility functions. Conversely, the available data from actual case
studies may come from di�erent experimental setups, sensors, input choices, and
acquisition systems. The variability in these features may lead to a drop in the
feasibility of the PBSHM approach. These concerns motivated the study on how
consistent features may be estimated from distinct tests to achieve accurate and
reliable results.

The present chapter addresses the data collected from a classic EMA using an
SLDV and a strain-based EMA performed using high-de�nition distributed �bre
optic strain sensors. Fibre-optic measurements are commonly adopted to exploit
their small dimensions, insensitivity to electromagnetic interference, lightweight,
and �exibility in an extensive range of temperatures or unfavourable environmental
conditions [141]. Additionally, they can provide �exibility in the test setup and be
analysed during in-�ight operations. These sensors can be deployed on structures
exhibiting irregular or complex geometries, in localised areas, and in locations that
are challenging to access. Additionally, high-resolution strain measurements exhibit
high sensitivity to slight variations in the modal properties, as shown in [142].

The harmonisation of strain-based measurements with features commonly em-
ployed in vibration-based SHM is performed via shape-sensing techniques. Shape
sensing aims at reconstructing the full �eld displacements from a limited number of
data [19], [20], minimising the required �nancial and human resources for real-time
monitoring and condition-based maintenance strategies [22]. The input data are
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gathered from strain gauges, distributed �bre-optics [23], and computer-vision [24],
and the output can be exploited in various SHM tasks, such as anomaly detection
and identi�cation of delamination in composite materials [25].

This study primarily discusses iFEM [143] as one of the potential shape-sensing
strategies for feature harmonisation. The iFEM approach has been proposed by
Tessler and Spangler (2003) [144], [145] for plates and shells to estimate the strain
and the displacement data across the analysed system using a restricted quantity of
experimental measurements, o�ering worthwhile insights into its structural response.
The use of iFEM has been extended to the analysis of the structures' dynamic
behaviour so that it can be integrated within the framework of vibration-based
SHM and PBSHM.

The layout of the chapter is as follows. The �rst section describes the fundamen-
tals of classic and strain-based modal analyses. Section 6.2 presents the iFEM-based
modal reconstruction, and Section 6.3 presents the results from the two experimental
analyses performed on the end-s1-ferrousAlloy (#1) Garteur model and compares
the extracted features. Afterwards, this study presents two domain-adaptation case
studies in which the iFEM-reconstructed features are adopted as source data. The
�rst case study examines nearly identical aircraft and di�erent sensors to prove how
iFEM can solve the issues of heterogeneous data types by harmonising the features in
a homogeneous population. In addition, the second case study illustrates how iFEM
can facilitate PBSHM by producing reliable source knowledge in a heterogeneous
population.

6.1 Classic vs. strain-based EMA

Classic EMA is commonly implemented for extracting the modal parameters of
a test structure [105]. This analysis can be performed via various approaches, such
as the modal appropriation techniques, trying to isolate a single vibration mode,
and the broadband techniques, in which di�erent vibration modes are excited at the
same time. The latter techniques involve the measurement of the structure's FRFs,
or transfer functions between the excitation and the dynamic response. The FRFs
are analysed via curve-�tting strategies to �nd a mathematical model that best
matches the observed behaviour and consequently identi�es the dynamic properties.
The input forces can be applied via impact hammers or electrodynamic shakers,
and the response is usually measured using piezoelectric accelerometers, SLDV, or
photogrammetry.

The strain modal analysis has been proposed in [146], [147] as a speci�c approach
to EMA, which can adopt several strain gauges or �bre-optic sensors. Moreover,
Fiber Bragg grating (FBG) sensors, which have been mainly employed for static
measurements, may be adopted for improving reliability in dynamic operations rather
than other high-de�nition �bre-optic sensors. Yam et al.(1994) remarked that the
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Strain Mode Shapes (SMS) are characterised by higher sensitivity to local variation
rather than the Displacement Mode Shapes (DMSs) [142], and Davis etal.(1996)
proposed to perform mode shape identi�cation using �bre-optic measures [148].
However, Lau etal.(2001) highlighted that their accuracy strongly depends on the
bonding quality of the �bres [149].

The dynamic strain measurements have been comprehensively studied in [150],
which assessed the dynamic strain behaviour of a clamped-clamped composite beam
through FBG sensors embedded in the structure. The beam has been analysed in
undamaged and damaged conditions (i.e., delamination), and the strain mode shapes
have been estimated by exploiting the simplicity of the test structure. This study
proved the potentiality of FBG sensors for dynamic measurements and damage
detection. Indeed, SMSs showed higher sensitivity to delamination with respect to
the natural frequencies: the shift induced on natural frequencies by delamination
was insu�cient for identifying damage, as shifts in EOCs could deliver an analogous
e�ect. Paolozzi & Gasbarri (2006) also proposed �bre-optic sensors for dynamic
SHM purposes, focusing on the analysis of Strain Frequency Response Function
(SFRF)s and SMSs [151]. The strain response is obtained from equation(2.2), and
has the form,

X " (! ) = � " [� ! 2
r � ! 2 + 2i� r !! r � ]� 1� T F(! ) = H " (! )F(! ) (6.1)

in which H " is the matrix including the SFRFs and� " is the matrix including the
mass-normalised SMS [152].H " is represented using the strain modal constants,
r A " = � "

r � r , and can be written as,

H " (! ) =
nX

r =1

r A "

! 2
r � ! 2 + 2i� r !! r

(6.2)

The phases for performing strain-based EMA are similar to the ones required for the
more traditional analysis. The structure can be exited at a prede�ned point, and the
response can be measured on a set of points in which strain gauges are located or
along the axes of �bre-optic sensors. In the broadband technique, the time history
signals can be used to estimate the SFRFs and identify the natural frequencies,
the SMSs and the damping coe�cients. The principal divergence is introduced by
the impossibility of mass-normalising the SMSs solely from strain outcomes [146].
Nevertheless, this process can be performed by exploiting one direct displacement
FRF from the classic EMA [147]. The proposed strategy has been presented for
simple case studies involving plates or beams, in which the analysis of the strain
response and extraction of the mode shapes is straightforward [147], [148], [150],
[152], [153]. The strain-based EMA can be extended to more complex structures,
such as the Garteur population, by using high-de�nition �bre-optic sensors and an
iFEM-based strategy for the reconstruction of the full-�eld mode shapes.
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6.2 The iFEM-based modal reconstruction

The iFEM strategy is a variationally-based shape-sensing method characterised
by the independence of its formulation from the material properties, the external
loadings, and from the operational conditions of the structure [143], [154]. Hence, it
addresses the issues introduced by uncertainties in model-based approaches [144].
The iFEM comprises a least-squares minimisation of a functional, representing
a weighted di�erence between the experimentally-acquired strains and those esti-
mated from a �nite-element approximation. Indeed, the iFEM discretisation of test
structures is analogous to the one proposed in the direct FEM.

Recent studies expanded the original iFEM formulation for examining various
systems, such as trusses, beams, and frames [154], [155], [156], thin-walled struc-
tures [157], [158], and complex statically-loaded structures [159]. Li etal.(2022) [160]
described a damage-identi�cation technique based on iFEM, which adopted convo-
lutional neural networks for damage localisation and quanti�cation on a numerically
simulated case study. Moreover, an iFEM formulation has been implemented to
evaluate crack size automatically by integrating damage modelling in the iFEM for-
mulation and choosing the most precise damage scenario based on the experimental
measurements [161]. Furthermore, the iFEM methodology has been integrated with
Modal Virtual Sensor Expansion in [162] to aid shape-sensing accuracy in composite
sti�ened structures while using a limited number of strain sensors.

6.2.1 Fundamental Principles of iFEM

The formulation of iFEM for plates and shells is derived from the kinematic
hypotheses of Mindlin plate theory. This formulation considers a plate of thickness

Figure 6.1: Plate geometry, kinematic variables, and instrumented sensors.
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2t (Figure 6.1 ). The displacement vector is de�ned by means of its Cartesian
components, which are derived from the kinematic variablesu; v; w; � x , and � y of
the midplane (x; y) as proposed in [163]:

ux (x; y; z) = u(x; y) + z� y(x; y);

uy(x; y; z) = v(x; y) � z� x (x; y);

uz(x; y; z) = w(x; y)

(6.3)

whereu and v represent the displacements in thex and y directions respectively,w
is the average transverse de�ection, and� x and � y represent the rotations about the
x and y axes.

Subsequently, the strain measurement vectorse, k, and g can be de�ned accord-
ing to the strain-displacement linear relations,
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= g(u);

(6.4)

The resulting vectors are given as functions of eight strain measures,

e = f u;x ; v;y ; u;y + v;x g
0
;

k = f � y;x ; � � x;y ; � � x;x + � y;yg
0
;

g = f w;x + � y; w;y � � xg
0

(6.5)

wheree, k, andg correspond to the in-plane stretching, bending, and transverse shear
components of the midplane deformation. In addition,fg 0 denotes the transpose of
a matrix.

The iFEM error functional between strains measured experimentally and those
obtained from �nite element approximations,� e, is given for each element by,

� e(ue) � weke(ue) � e" k2 + wkkk(ue) � k " k2 + wgkg(ue) � g" k2 (6.6)

wherewe, wk , and wg are row vectors of weighting coe�cients introduced to enforce
the correlation between the experimental and analytical strains, ande" , k " , and g"

are the strain computed from experimentally.
For the iFEM analysis of plate structures having strain sensors installed at any

point (x i , yi ) on the top (+ ) and bottom (� ) surfaces,e" and k " are computed from
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the surface strain data (" xx , " yy , and 
 xy ) using the equations,
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Accordingly, the individual error norms (for an element with areaAe) are given as,

jje(ue) � e" jj 2 =
1

Ae

Z

A e

[e(ue) � e" ]2dA;

jjk(ue) � k " jj 2 =
(2t)2

Ae

Z

A e

[k(ue) � k " ]2dA;

jjg(ue) � g" jj 2 =
1

Ae

Z

A e

[g(ue)]2dA:

(6.8)

If the experimental strain data are available for the inverse elements, their weighting
coe�cients are set to unity. Otherwise, they are set to a small value (10� 5) to reduce
the element contribution in the global functional. The term g" cannot be computed
directly from experimental measurements. Thus, the third term in equation(6.6)
is substituted using anL2 squared norm computed from the analytical transverse
shear strains (equation(6.8)), and the corresponding weighting coe�cient is set to a
small value(wg = 10� 5). Additionally, this term is generally negligible with respect
to the contribution of bending, especially for analysing thin plates [145]. A set of
linear algebraic equations,keue = fe are de�ned for each element by minimising
the error functional � e with respect to the unknown nodal degrees-of-freedom,ue.
These element contributions are subsequently assembled by applying the proper
coordinate transformations for the establishment of the global system of equations,

KU = F (6.9)

In this formulation, K hinges on the shape functions and the location of sensors.
Conversely,F only depends on the experimental strain measurements. In addition,
equation(6.9) must be solved by introducing some displacement boundary conditions
to eliminate rigid-body motions. Afterwards, the sti�ness matrix K is inverted,
and the unknown nodal degrees-of-freedom,U , can be calculated. In a small-
displacement scenario, the location of the installed sensors is assumed to remain
unchanged. Thus, the inversion ofK is exclusively required once, which guarantees
iFEM computational e�ectiveness also in dynamic analyses. Indeed, at each strain
acquisition increment, estimatingU only requiresF updating.
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6.2 � The iFEM-based modal reconstruction

6.2.2 Modal reconstruction

The displacement time history provided by iFEM is processed alongside the
input signal using the Fast Fourier Transform (FFT) to calculate the response and
input in the frequency domain. Consequently, the input and response measurements
are employed to estimate the FRFs and to identify the modal parameters, adhering
to the procedures previously outlined for conventional EMA. The work�ow of the
iFEM-displacement reconstruction strategy is summarised inFigure 6.2 . This
scheme underlines strain-based EMA work�ow, which comprises the reconstruction of
displacements in each time instant, the noise reduction step, and the processing steps
introduced to calculate the FRFs from the time history measures and consequently
conduct modal identi�cation. Additionally, it describes the knowledge-sharing
approach implemented afterwards.

Figure 6.2: Work�ow of the proposed knowledge-sharing framework, including
iFEM-displacement reconstruction and FRF estimation in source domain.

In addition, the proposed approach includes a noise-reduction step based on
SVD [164] that can be employed to reduce the e�ect of noise on the individual
FRFs or Impulse Response Functions (IRFs). Speci�cally, the latter are used as
IRFs guarantee a better performance rather than directly considering the FRFs.
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Given a IRF h = f h1; h2; :::; hsg, whereL denotes the number of spectral lines and
s = 2L, a Hankel matrix [A]mxn is computed, whereA i;j = hi + j � 1 for i = 1; :::; m
and j = 1; :::n, and m + n � 1 = s. This approach assumes that[A] = [ A]r + [ A]n ,
in which [A]r denotes the uncontaminated matrix and[A]n the e�ect of noise.
Subsequently, the most signi�cant singular values from the SVD of the Hankel
matrix are adopted to reconstruct[A]r and the �ltered FRF. This approach relies
on the Hankel matrix dimension and the rankr , which refers to the uncontaminated
values in the SVD matrices and de�nes a noise threshold. Accordingly, the parameter
r is de�ned as the number of values at which the singular values of the IRF begin to
display asymptotic behaviour. This strategy facilitates the adoption of cost-e�ective
strain measurements for vibration-based SHM and global damage detection, by
reconstructing dynamic properties and e�ective damage-sensitive features [4]. Indeed,
iFEM can provide a global analysis of a structure via its full-�eld displacements. In
addition, if the location of damage is already known, a strain-based approach may
be used to gain local insights into the structural behaviour.

6.3 Experimental validation

The analysed structure is the end-s1-ferrousAlloy (#1) (Figure 2.1c ). Two
additional views of the laboratory-scale model are shown inFigure 6.3a and Fig-
ure 6.3b , which corresponds to the test con�guration. The structure is discretised
using 1400 four-node inverse shell elements (iQS4) [163] and 1504 nodes. The
resulting iFEM model is shown inFigure 6.4 , which highlights the elements that
are instrumented by the �bre-optic sensors. Further details of the performed analysis
are reported inTable 6.1 . The elements that do not have any experimental data
are associated with small weights (� 10� 5), while the weights of equation(6.6) are
set to unity. The instrumented elements provide the experimental strain data of
the corresponding centroids in the �bre longitudinal axis. The strains of the wing
shell elements are measured on the top and bottom surfaces (see equation(6.7)).
Instead, the strains of the tail elements are measured exclusively on the top surface.
Moreover, the iFEM analysis considers the wings and tail separately. Hence, it
integrates the two outcomes into the complete model to avoid an analysis break-
down because of the non-instrumented elements. Although the Garteur structure
remains unconstrained during experimental tests, the iFEM analysis necessitates
the application of boundary conditions to guarantee coherent results. Thus, because
of the higher sti�ness of the fuselage with respect to the wings and the tail, this
component is assumed to bear minor deformations during excitation, which can be
neglected. Accordingly, the adopted iFEM model assumes that the nodes at the
wing are �xed (Figure 6.4 ) for approximating the actual structural response.

The �rst test strategy adopts a periodic chirp broadband excitation in the range
of 0-50 Hz for computing the FRFs and the SFRFs. The second set of tests follows
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(a)

(b)

Figure 6.3: Garteur laboratory-scale model end-s1-ferrousAlloy (#1). (a) Model
overview. (b) Fibre-optics arrangement. This �gure shows the location of the shaker
at the rear part of the fuselage, and the suspension system.
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Figure 6.4: The iFEM model of the Garteur structure featuring the monitored
components and boundary constraints.

Table 6.1: Details of the iFEM model and analysis

Property Value

Inverse shell element type iQS4
Total number of shell elements 1400
Total number of nodes 1504
Number of elements instrumented with sensors 178
Number of �xed/clamped nodes 9
Value of weighting coe�cient (uninstrumented elems) 10� 5

a modal appropriation strategy for isolating the six lowest natural frequencies,
previously identi�ed using the broadband test. These tests are adopted to estimate
the mode shapes and strain responses measured along the �bre axis. The response
is gathered through a high-density 10-metre-long �bre-optic sensor (HD6S) and an
ODiSI acquisition system. The sensor is a�xed to the structure surface to measure
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strains along the wings, speci�cally at the leading and trailing edges and on both the
upper and lower surfaces. Similarly, the HD6S sensor is �xed along the fuselage, on
the vertical and horizontal tail, as shown inFigure 6.4 . Sensor placement choices
are driven by the need to capture the primary bending e�ects on the wings and
tail. A detailed study on optimal sensor placement strategies for iFEM is presented
in [165].

For comparison purposes, a Polytec PSV-I-500 SLDV has been used during each
test to measure the velocity time history of a 45-point grid. The test parameters
are summarised inTable 6.2 . Hence, the outcomes of the SLDV-based EMA are
adopted as benchmarks to evaluate the accuracy of the iFEM-reconstructed modal
properties.

Table 6.2: Details of the test parameters.

Broadband Test

SLDV sampling frequency 250 Hz
Number of spectral lines 1600

Modal Appropriation Test

SLDV sampling frequency 250 Hz
Number of spectral lines 800
Number of averages 3
SLDV velocity time history 1000 lines

Strain Time History

Measurement duration 50 seconds
Maximum sampling frequency 100 Hz

6.3.1 Broadband approach

The broadband response is examined by computing the FRFs from the SLDV
displacements and the strains. The acquired spectra are shown inFigure 6.5 for
the �rst damage condition presented in Chapter 2. The analysed frequency band
covers the principal �exural and torsional modes of the wings. The SLDV measures
were processed to estimate the displacements and compute the displacement FRFs
via H1 estimates from the velocity data [166]. The average spectrum is shown in
Figure 6.5a . In analogy, the FRF estimates can be achieved from the strain time
history, as illustrated in Figure 6.5b . However, the latter shows a notable e�ect
of noise; hence, each FRF is �ltered via SVD. The strains are �ltered using the
SVD with r equal to 20 and the smallest size of[A r ] equal to 200. The resulting
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averaged spectrum estimated using the strain FRFs after preprocessing is displayed
in Figure 6.6 .
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Figure 6.5: Average FRF spectra of the Garteur test structure in the range 0-50
Hz in the �rst damage condition analysed. (a) SLDV displacement FRF; (b) SFRF.
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Figure 6.6: Spectrum of the strain FRF after �ltering in DC1.

The FRFs are further processed by adopting the least-squares complex expo-
nential method to extract the modal parameters from the SLDV and the strain
measurements. The results are summarised inTable 6.3 , which provides the
damping parameters, the natural frequencies acquired in undamaged conditions and
the relative errors between strain and SLDV tests. It can be observed that similar
parameters are extracted from both tests, especially for the �rst modes (1,2,3) and
the sixth mode, which are mainly characterised by bending deformation. Conversely,
the torsional e�ects are not identi�ed from the �bre-optic data, which was expected
because of the sensor layout and the experimental setup. Similarly, the modal
parameters have been identi�ed for di�erent damage conditions, to evaluate the
presence of a shift in the natural frequencies. The �rst one (DC1) refers to damage
applied on the horizontal tail and corresponds to the �fth condition depicted in
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Table 6.3: Modal properties extracted from SLDV displacement FRFs and SFRFs,
and relative error between the natural frequencies. These outcomes are related to
the undamaged conditions.

SLDV FRFs Strain FRFs Relative error
Mode f n (Hz) � (-) f n (Hz) � err (f n ) (%)

1 5.6423 0.0006 5.6223 0.0001 -0.3538
2 14.5866 0.0004 14.6100 0.0002 0.1605
3 29.8285 0.0003 29.8460 0.0023 0.0584
4 32.3907 0.0001 - - -
5 32.8007 0.0002 - - -
6 38.6979 0.0002 38.6890 0.0009 -0.0231
7 44.9811 0.0010 44.6377 0.0055 -0.7634

Chapter 2. The identi�ed modal parameters are shown inTable 6.4 . The di�erences
between the strain natural frequencies and those derived from the SLDV are globally
minimal, with the exception of the seventh mode, which approaches the upper limit
of frequencies that can be examined using the strain sensor.Table 6.5 illustrates

Table 6.4: Modal parameters identi�ed from SLDV displacement FRFs and strain
FRFs, and relative error between the natural frequencies. These outcomes are
related to DC1.

SLDV FRFs Strain FRFs Relative error
Mode f n (Hz) � (-) f n (Hz) � err (f n ) (%)

1 5.6329 0.0005 5.6327 0.0006 -0.0022
2 13.4315 0.0005 13.4286 0.0001 -0.0215
3 28.9483 0.0003 28.9394 0.0003 -0.0310
4 32.3802 0.0001 - - -
5 32.7694 0.0002 32.6144 0.0069 -0.4730
6 38.6594 0.0002 38.6545 0.0011 -0.0001
7 43.9600 0.0374 43.1474 0.0369 -1.8484

the �ndings associated with DC2, which pertains to the concentrated mass applied
on the wing tip. Similarly to the DC1, the variation in the natural frequencies is
more pronounced in the SLDV results. The maximum error between the natural
frequencies identi�ed from the two sets of measurements is approximately 1.34% for
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the sixth mode.

Table 6.5: Modal parameters identi�ed from SLDV displacement FRFs and strain
FRFs, and relative error between the natural frequencies. These outcomes are
related to DC2.

SLDV FRFs Strain FRFs Relative error
Mode f n (Hz) � (-) f n (Hz) � err (f n ) (%)

1 5.6337 0.0006 5.6323 0.0003 -0.0241
2 14.4372 0.0004 14.3703 0.0059 -0.4635
3 28.5384 0.0003 28.4836 0.0033 -0.1922
4 32.3795 0.0001 32.4067 0.0072 0.0838
5 32.6945 0.0003 - - -
6 37.4544 0.0002 37.4414 0.0005 -0.0347
7 44.8222 0.2395 45.0708 0.0099 0.5546

The DMSs are estimated from the 45 SLDV scan point grid in the three analysed
conditions (Figure 6.7a ). Notably, the bending mode shapes exhibit a marked
in�uence from the simulated damage DC2, where an additional mass has been applied
to the right wing. These results regard one direction only, which is orthogonal to
the wings' surface, while the SMSs are available along the sensor axis. The SMSs
are reported inFigure 6.7b along the wing length. In this case, a moving average
�lter has been introduced to remove spikes. The identi�ed modes are reduced to
the bending ones. Nonetheless, the e�ect of DC2 can be distinguished, particularly
from the �rst mode identi�ed. Conversely, the SMSs can be reconstructed in
various directions along the length of the �bre. Hence, it is possible to identify the
contribution of the horizontal tail in the second and third vibration modes, which is
helpful for the detection of damage in the corresponding area. The di�erences in
the SMSs resulting from the simulation of damage conditions are examined through
a visual comparison of the mode shapes, alongside a quantitative assessment of
the MAC values between the two damaged states and the undamaged condition.
The results are shown inTable 6.6 . The comparison of the two tests reveals
that the optic sensors capture the mode shapes with a signi�cantly higher density
of points than the SLDV, thereby enhancing the detection of damage in the test
structure. However, additional challenges arise in determining the strain results
because of the noise e�ects. In addition, torsional e�ects are not visible. The
above-mentioned mode shapes are directly obtained from the strain response after
pre-processing the experimental measurements. Furthermore, the strain signal is
processed using iFEM to estimate DMSs on the complete displacement �eld of
the aircraft. The broadband strain time history has been employed as input for
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Figure 6.7: Mode shapes in the normal and damaged conditions measured between
the wingtips on the top surface.(a) DMSs extracted from SLDV measures; (b) SMSs
extracted from the strain measurements.
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Table 6.6: Comparison of SMSs of two damaged conditions with the undamaged
condition in terms of MAC.

Damaged case 1 Damaged case 2
Mode MAC MAC

1 0.9988 0.9809
2 0.8917 0.8711
4 0.9986 0.9900

an inverse model of the structure, utilising the iFEM formulation to ascertain the
displacement �eld. Displacements have been speci�cally extracted from a grid
of SLDV scan points to aid comparison. Thereafter, the gathered signals have
been analysed using the previously described procedure. The FRFs are shown in
Figure 6.8 . It is noteworthy that the iFEM-reconstructed FRFs align well with the
SLDV results and exhibit less noise compared to the strain FRFs, because iFEM
exclusively utilises strain values at designated points on the �nite element mesh.
Furthermore, spurious peaks are removed by enforcing the physical continuity of
the displacements. The modal parameters identi�ed using the iFEM-based strategy
under undamaged conditions, along with the two damage cases and the relative
changes in the natural frequencies, are displayed inTable 6.7 .
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Figure 6.8: Spectrum of the displacement FRF reconstructed using iFEM in DC1.

The results in Table 6.7 exhibit high consistency with the ones directly assessed
from the strain measures, and the error relative to the SLDV results is less than 1%
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Table 6.7: The iFEM reconstructed modal parameters.

Undamaged case Damaged case 1 Damaged case 2
Mode f n (Hz) � (-) f n (Hz) � � (f n )(%) f n (Hz) � � (f n )(%)

1 5.6855 0.0193 5.6317 0.0005 -0.95 5.6318 0.0003 -0.95
2 14.5795 0.0012 13.4293 0.0000 -7.89 14.4392 0.0002 -0.96
3 29.8770 0.0004 28.9246 0.0006 -3.19 28.5148 0.0010 -4.56
5 32.8003 0.0150 32.8435 0.0545 0.13 - - -
6 38.6539 0.0089 38.6775 0.0007 0.06 37.4557 0.0006 -3.1
7 43.8185 0.0005 44.2257 0.0044 0.94 44.5466 0.0162 1.66

for all bending modes. Moreover, the DMSs are compared to the SLDV outcomes
using the MAC, as shown inTable 6.8 .

Table 6.8: Comparison between the SLDV DMSs and the iFEM reconstructed
ones in terms of MAC.

Undamaged case Damaged case 1 Damaged case 2
Mode MAC MAC MAC

1 0.9717 0.9994 0.9957
2 0.9896 0.9519 0.9891
3 0.1151 0.9145 0.9571
4 0.0323 0.0832 0.0003
5 0.0043 0.1573 0.0027
6 0.5535 0.5195 0.3445
7 0.0003 0.0735 0.0019

The MAC comparison between the benchmark and the iFEM-reconstructed
DMSs is performed after depurating the rotation e�ect from the SLDV mode shapes,
which would not be visible from the strain data. The results show high coe�cients
for the �rst and second modes, while the third mode shape cannot be identi�ed in
normal condition, leading to a poor assurance coe�cient. This outcome is ascribed
to higher noise in the undamaged condition measurements and the in�uence of the
torsional modes at nearby frequencies. Conversely, in cases of DC1 and DC2, the
DMSs are e�ectively reconstructed, as shown by the corresponding MAC values.
Satisfactory performance is also achieved for the sixth mode, as FRF peaks and
SMSs are correctly recognised. Nevertheless, the absence of strain measurements

133



The inverse FEM integration into PBSHM framework

for the winglets lowers the accuracy of displacement extrapolation. This limitation
results in a reduction in the MAC, determined across the comprehensive 45-point
grid. However, it is noteworthy that the MAC coe�cient experiences an increase
from 0.55 to 0.96 in the undamaged scenario when the points on the winglets are
excluded from the comparison.

6.3.2 Modal appropriation approach

The second type of test assesses the use of �bre-optic sensors and iFEM for
dynamic analyses by adopting sinusoidal excitation signals at the estimated natural
frequencies (presented inTable 6.3 ). These tests are performed to guarantee more
e�ective isolation of the vibration modes and verify the feasibility of employing the
iFEM to reconstruct the entire DMSs. Analogously to the previous section, the
SLDV are used to provide benchmark DMSs. The results are shown inFigure 6.9
and 6.10, corresponding to the mode shapes for each excitation frequency.
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Figure 6.9: The initial six DMSs positioned on the leading edge of the wing,
employing the SLDV through the modal appropriation method.

The mode shapes obtained from SLDV measurements e�ectively represent all six
modes. Conversely, the mode shapes derived from iFEM displacements demonstrate
accuracy only for the initial three modes. The challenges in identifying the fourth
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Figure 6.10: The initial six DMSs positioned on the leading edge of the wing,
employing iFEM through the modal appropriation method.

and �fth modes are caused by the limited capabilities of the strain sensor setup in
reconstructing torsional e�ects. Additionally, the inadequate reconstruction of the
sixth mode is attributed to the noise and incompleteness in the strain measurements
at higher frequencies. The DMSs are further evaluated in terms of the MAC
coe�cient, with the results presented in Table 6.9 . These outcomes are similar to
the ones shown inTable 6.8 using the broadband technique.

In these �ndings, the torsional mode-shape sensing may be improved by revising
the sensor con�guration or the external force, for raising the torsional deformation
of the wings. Regardless, the proposed iFEM-based strategy proves the possibility of
reconstructing modal properties from strain data, achieving DMSs that are similar
to those obtained with the SLDV. Hence, the resulting harmonised features can be
used in the PBSHM framework to improve SHM performance.
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The inverse FEM integration into PBSHM framework

Table 6.9: Comparison of the �rst six mode shapes extracted from the modal
appropriation technique in terms of MAC.

MAC miF EM
1 miF EM

2 miF EM
3 miF EM

4 miF EM
5 miF EM

6

mvib
1 0.965 0.000 0.006 0.529 0.565 0.363

mvib
2 0.000 0.928 0.783 0.207 0.163 0.130

mvib
3 0.000 0.893 0.981 0.287 0.232 0.123

mvib
4 0.018 0.000 0.003 0.048 0.047 0.048

mvib
5 0.033 0.001 0.000 0.049 0.057 0.107

mvib
6 0.032 0.000 0.001 0.076 0.085 0.031

6.4 The iFEM-based data harmonisation for PB-
SHM

The current section implements the iFEM-reconstructed data in di�erent knowledge-
sharing scenarios. Speci�cally, the knowledge acquired from the end-s1-ferrousAlloy
(#1) aircraft using iFEM is shared with similar structures in the Garteur popu-
lation by means of the TCA algorithm to improve damage detection. The �rst
case study involves the transfer between homogeneous structures, tested through
three distinct types of instrumentation: high-de�nition distributed �bre-optic strain
sensors, SLDV, and ICP accelerometers. The second one considers the same source
structure and a more dissimal target, the middle-s0-aluminiumAlloy (#1) aircraft,
for assessing the use of iFEM-reconstructed features for heterogeneous problems.
Furthermore, the results of TL are compared with a benchmark novelty detection
method that employs PCA and MSD, in order to illustrate how knowledge transfer
and the PBSHM approach can enhance the identi�cation of damage.

6.4.1 Baseline damage detection

The PCA is utilised on the individual FRFs of each target to evaluate the
achievable performance without knowledge sharing. A distinct dataset is constructed
for each domain by partitioning its features into training and test sets. The analysed
scenario considers limited experimental data available from the target. Hence, the
training set comprises �ve samples exhibiting the undamaged condition. In contrast,
the test set encompasses �ve samples from the undamaged condition, along with one
sample representing each damaged condition. The PCA transform the features into
a k-dimensional space, withk = 2, which is applied to the test data. Subsequently,
the MSD with respect to the samples in the undamaged conditions is adopted as
a damage indicator, as shown inFigure 6.11 . The results are analysed in terms
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6.4 � The iFEM-based data harmonisation for PBSHM

(a) end-s1-ferrousAlloy (#1) - SLDV features.

(b) end-s1-ferrousAlloy (#2) - Accelerometers fea-
tures.

(c) middle-s0-aluminiumAlloy (#1) - SLDV features.

Figure 6.11: Results of the benchmark PCA and MSD analysis applied on the
individual datasets.
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The inverse FEM integration into PBSHM framework

of TNR and TPR, where the latter refer to correctly identi�ed samples from the
damaged conditions. The �ndings show that, although the undamaged samples
are accurately recognised, the TPRs are notably lower. It should be noted that
Figure 6.12 displays the average performance across 100 repetitions, estimateed to
lessen the in�uence of sampling variability.

Figure 6.12: Summary of the results of the benchmark PCA and MSD analysis
applied to the individual datasets.

6.4.2 Homogeneous case studies

This study �rstly encompasses two homogeneous knowledge-sharing tasks,
wherein the iFEM-reconstructed features are utilised as the source domain to
enhance the performance of damage detection across two analogous structures.
The target domain is equivalent to the dataset employed for establishing baseline
comparisons. Conversely, the source domain is independently acquired from the
displacement FRFs. The latter is assumed to be twice as large as the target dataset,
and only samples from undamaged conditions are engaged in the training process.
The number of componentsk in the TCA equals the number used in PCA for
comparison purposes. This DA approach is trained for mapping the normalised
features in a common latent space, which is shown inFigure 6.13a for the �rst
target structure and Figure 6.14a for the second target structure. Afterwards, the
MSD is used to label the test samples by comparing them with the ones acquired
in undamaged conditions. These outcomes are represented inFigure 6.13b for
the end-s1-ferrousAlloy (#1) target structure, andFigure 6.14b for the end-s1-
ferrousAlloy (#2) target structure. The �rst target has been tested using SLDV,
while the second target has been tested using ICP accelerometers.

These homogeneous knowledge-sharing tasks con�rm that the strain-based source
data, after iFEM-displacement reconstruction, can be adopted in PBSHM to create
a valuable latent representation of features. After DA, the source and target samples
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6.4 � The iFEM-based data harmonisation for PBSHM

(a) Transformed features in the latent space.

(b) MSD results.

Figure 6.13: Results of the TCA and MSD using the iFEM-reconstructed features
as the source domain and the SLDV FRFs acquired from the end-s1-ferrousAlloy
(#1) aircraft.

are characterised by a shared normal-condition cluster. Rather, the damaged
conditions samples considerably deviate from this cluster, leading to improved
outlier detection performance, as shown by the MSD results. Hence, by adopting
appropriate processing tools, di�erent types of measurement can be used for DA
applications, regardless of the original sensor setup.

6.4.3 Heterogeneous case study

The heterogeneous case study adopts the iFEM-reconstructed features as the
source of information to enhance damage detection performance on a di�erent struc-
ture, which is the middle-s0-aluminiumAlloy (#1) aircraft (refer to Figure 2.7c ).
Similarly to the previous section, the target data pertains to the dataset already
presented in the baseline analysis. The TCA transformation produces the shared
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(a) Transformed features in the latent space.

(b) MSD results.

Figure 6.14: Results of the TCA and MSD using the iFEM-reconstructed features
from the end-s1-ferrousAlloy (#1) as the source domain and the FRFs acquired
from the end-s1-ferrousAlloy (#2).

latent space illustrated inFigure 6.15a . Subsequently, the MSD is evaluated in
the harmonised feature representation to detect damage in the test set, as displayed
in Figure 6.15b .

The knowledge-sharing strategy demonstrates superior damage-detection perfor-
mance compared to the baseline analysis. In this task, the sensor con�gurations and
the geometrical and material characteristics of the target structure diverge from
those of the source. Nevertheless, the features reconstructed through the iFEM
method are aligned with the displacement FRFs obtained from the aluminium
aircraft. Consequently, the samples taken under undamaged conditions are e�ec-
tively clustered together, while the MSD of those samples obtained from damaged
conditions exceeds the established identi�cation threshold.

The three DA tasks are summarised inTable 6.10 , which reports the overall
performance using the TNRs, TPRs and F1 score. In analogy with the homogeneous
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6.5 � Discussion

(a) Transformed features in the latent space.

(b) MSD results.

Figure 6.15: Results of the TCA and MSD using the iFEM-reconstructed features
from the end-s1-ferrousAlloy (#1) aircraft as the source domain and the FRFs
acquired from the middle-s0-aluminiumAlloy (#1) aircraft.

case, these indicators are averaged over 100 repetitions. In every case examined, a
perfect identi�cation of the samples relative to the undamaged structure is obtained,
as shown by the TNRs. Additionally, TCA remarkably enhances the detection
of samples from damaged conditions (TPRs) rather than the baseline approach
(Figure 6.12 ).

6.5 Discussion

This chapter proposed a strategy based on the iFEM shape-sensing method to
facilitate data-driven damage detection in PBSHM. The transfer-learning algorithms
discussed in Chapter 3 aim to leverage existing knowledge from other structures that
are su�ciently similar to the one of interest. After these TL steps, the harmonised
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Target Setup TNR TPR F1 score

end-s1-ferrousAlloy (#1) SLDV 1.00 0.98 0.99
end-s1-ferrousAlloy (#2) Accels. 1.00 0.92 0.95
middle-s0-aluminiumAlloy (#1) SLDV 1.00 0.94 0.97

Table 6.10: Results summary for the knowledge-transfer tasks using the end-s1-
ferrousAlloy (#1) iFEM-reconstructed features as source domain. The performance
is expressed in terms of TNRs, TPRs and F1 score.

knowledge can be employed to perform e�ective SHM. However, this approach
assumes that the source and target structures share comparable features, which
is not always true for real-world scenarios. Therefore, additional tools should be
integrated into the PBSHM work�ow to enhance its feasibility in the previously
mentioned situations.

Accordingly, the iFEM is exploited to reconstruct a structure's dynamic features
from a strain-based EMA. Hence, the �rst part of the current study focussed on the
adoption of iFEM in dynamic tests and its use for identifying the modal parameters
of a laboratory-scale structure using �bre-optic measurements. This study showed
that by using iFEM on strain data, it is possible to gather experimental �ndings that
are consistent with the classic features adopted in vibration-based SHM, and produce
a complete dataset without prior knowledge of the critical locations. Conversely,
other techniques may require a higher amount of sensors or may only acquire the
FRF at speci�c locations, resulting in insu�cient data for an overall dynamic
analysis of a target system.

Furthermore, the second part of the study presented the iFEM-reconstructed
FRFs as damage-sensitive features to build a source domain for damage detection.
The corresponding dataset has been adopted in various knowledge-sharing scenarios,
considering homogeneous and heterogeneous structures and adopting the TCA
algorithm. The TCA has been applied to almost identical structures, characterised
by manufacturing variations only. The overall results proved the bene�ts of the
proposed approach for damage detection with respect to the baseline strategy,
as illustrated by the performance indicators presented inTable 6.10 . These
�ndings demonstrate that it is possible to e�ectively manage results derived from
various experimental setups, sensors, inputs, and data acquisition systems and share
knowledge across the resulting features.

Afterwards, the iFEM-reconstructed data have been transferred to a di�erent tar-
get structure (namely the middle-s0-aluminiumAlloy (#1) aircraft). This case study
addressed a more heterogeneous knowledge-sharing context, encompassing multiple
di�erences between the source and target structures, including topological, material,
and geometrical properties. Nonetheless, using the iFEM-reconstructed features
signi�cantly improved the damage-detection performance on the test set. Further
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developments may focus on the adoption of the reconstructed features for more
complicated tasks such as damage localisation and quanti�cation in heterogeneous
populations of structures.
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Chapter 7

Conclusions

7.1 Summary

This thesis presented the key �ndings and contributions of the Ph.D. project on
the development of a population-based strategy for SHM. The primary objective
was to investigate the implementation of the PBSHM theory for monitoring the
health conditions of heterogeneous populations comprising aerospace structures.
The research was motivated by the need for a reliable and e�cient method to assess
the structural integrity of complex systems, such as aircraft and their components,
via data-driven and vibration-based techniques while overcoming the limitations of
data scarcity that usually occur when dealing with real-world scenarios.

This project, grounded in the foundations of PBSHM, aims to provide a valuable
understanding of how various sources of heterogeneity can impact the knowledge-
sharing process and how to account for this impact in the similarity metrics. There-
fore, Chapter 5 examined similarity assessment strategies for heterogeneous popula-
tions and proposed two innovative methods to consider variations in topology as
well as structural attributes within the distance metrics.

Furthermore, Chapter 4 explored di�erent knowledge-sharing approaches to
enhance damage identi�cation in a population of aerospace structures. These ap-
proaches, based on DA, have been implemented �rst in numerical populations in
which di�erent sources of heterogeneity have been simulated and subsequently on a
set of heterogeneous laboratory-scale aircraft tested throughout the Ph.D. project.
This comprehensive experimental campaign, discussed in Chapter 2, included test-
ing under varying damaged and undamaged conditions and varying temperatures
to assess the e�ectiveness of the proposed methods across di�erent operational
scenarios. Moreover, the integrated analysis of knowledge sharing and similarity
assessment, which had previously been treated as separate phases, has yielded a
further understanding of their interrelationship. This comprehensive approach helps
to identify which attributes should be considered, how they should be evaluated,
and their overall impact on the PBSHM methodology.
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Finally, Chapter 6 proposed a method for extracting harmonised dynamic features
from various experimental setups, along with accompanying experimental validation.
This chapter showed the bene�ts of iFEM in dynamic analyses and its ability to
leverage strain measures to estimate the full-�eld displacements of a structure and
its vibration-based features that can inform diagnostics on the aircraft population.

7.2 Future work and �nal remarks

These investigations are not intended to be exhaustive but rather provide some
insights for ongoing research. Future work could explore combining the potentiality
of PBSHM and advanced physics-informed methods to tackle the e�ects of rapidly
changing environmental conditions on the degradation of structures. The research
may adopt a multidisciplinary approach, incorporating engineering physics and
data science insights to develop robust monitoring solutions that can be scaled
at a regional scale. Indeed, this strategy may facilitate monitoring an entire
network of structures while minimising the data required, thereby ensuring that
the system remains economically viable. In particular, the previously acquired
experimental datasets may be further analysed for advancing PBSHM under varying
EOC. Firstly, these data may be examined to perform TL in a changing environment
and understand its bene�ts and drawbacks. Subsequently, these challenges may
be addressed by integrating data-driven methodologies with physical knowledge
to boost the generalisation and robustness of the PBSHM framework. Another
promising direction regards the extension of PBSHM to transfer knowledge across
highly-disparate structures using multiple intermediate structures, as proposed in
[167], to broaden the range of feasible applications.

In conclusion, this thesis explored the development of the PBSHM theory for
heterogeneous aerospace applications, extending the proposed methodologies in
terms of metrics and validating the use of DA algorithms. The knowledge gained
from this work could have signi�cant implications for implementing large-scale SHM
strategies even within non-identical structures and understanding the in�uence of
structural attributes on similarity assessment and knowledge transfer. Moreover,
this study facilitates dealing with di�erent experimental setups by exploiting iFEM
as a tool for harmonising dynamic features and providing cost-e�ective and reliable
source data for PBSHM.

These outcomes, while requiring further investigation and additional case studies,
contribute to the current research on the PBSHM paradigm and will be particularly
relevant in the context of widely heterogeneous structures from di�erent �elds to
establish e�cient diagnostic systems for large-scale populations of existing structures.
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Appendix A

Experimental natural frequencies

Table A.1: Natural frequencies extracted from the average FRFs of the population
of experimental aircraft models, part 1.

Structure Condition f1 (Hz) f2 (Hz) f3 (Hz) f4 (Hz) f5 (Hz) f6 (Hz) f7 (Hz)

G1

0-0 7.90 21.88 44.73 47.66 60.94 178.52 300.00
1-1 7.81 21.68 44.70 47.66 60.55 177.34 300.00
1-2 7.81 21.46 44.72 47.62 60.55 176.37 300.00
1-3 7.90 21.29 44.44 47.08 59.78 175.93 299.82
1-4 7.61 20.90 44.12 46.88 60.74 178.13 286.65
1-5 7.90 21.34 44.71 47.23 60.87 178.12 299.62
1-6 7.90 21.09 44.70 47.65 60.91 178.50 299.41

G2

0-0 6.24 15.71 36.58 36.86 39.97 48.10 63.63
1-1 6.09 15.62 36.43 36.78 39.91 47.80 62.80
1-2 6.15 15.68 36.49 36.80 39.94 47.80 63.51
1-3 6.23 15.62 36.50 36.78 39.93 47.89 63.42
1-4 6.24 15.38 36.00 36.71 39.95 48.06 63.62
1-5 6.24 15.68 36.54 36.80 39.96 48.07 63.51
1-6 6.23 15.68 36.58 36.86 39.96 48.08 63.57

G3

0-0 5.64 14.59 29.83 32.39 32.80 38.70 60.53
1-1 5.62 14.44 28.54 32.38 32.69 37.45 60.10
1-2 5.63 14.37 28.87 32.38 32.78 38.14 60.32
1-3 5.64 14.48 29.71 32.38 32.79 38.52 60.02
1-4 5.63 13.43 28.95 32.38 32.77 38.66 58.83
1-5 5.64 14.46 29.74 32.39 32.79 38.63 60.08
1-6 5.64 14.46 29.71 32.39 32.79 38.57 60.24
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Experimental natural frequencies

Table A.2: Natural frequencies extracted from the average FRFs of the population
of experimental aircraft models, part 2.

Structure Condition f1 (Hz) f2 (Hz) f3 (Hz) f4 (Hz) f5 (Hz) f6 (Hz) f7 (Hz)

G4

0-0 6.09 16.09 35.91 37.53 40.81 46.93 62.40
1-1 5.99 15.90 35.65 37.11 40.52 46.71 62.05
1-2 6.02 16.00 35.75 37.33 40.71 46.81 62.06
1-3 6.08 16.02 35.86 37.27 40.75 46.89 62.26
1-4 6.05 15.40 35.70 37.26 40.72 46.92 61.88
1-5 6.07 16.00 35.87 37.48 40.81 46.90 62.30
1-6 6.08 15.99 35.88 37.48 40.80 46.89 62.32

G5

0-0 33.60 45.15 94.67 126.41 181.11 287.19 317.50
1-1 32.04 44.44 93.19 126.21 179.35 284.66 315.33
1-2 32.85 44.79 94.17 126.22 180.92 284.65 313.70
1-3 33.60 44.94 93.59 125.22 178.77 286.71 316.56
1-4 33.60 42.03 93.90 119.82 181.11 286.57 316.38
1-5 33.59 44.93 94.56 125.02 180.92 286.82 317.50
1-6 33.51 44.94 94.56 125.83 173.68 286.62 308.88

G6

0-0 36.93 55.88 175.64 203.86 217.84 247.15 280.56
1-1 34.26 53.14 172.18 202.90 215.25 243.24 273.13
1-2 35.41 54.11 174.47 203.37 216.86 243.63 277.23
1-3 36.73 55.68 172.89 202.80 215.63 245.16 278.97
1-4 36.93 53.12 173.28 203.15 217.45 246.02 279.74
1-5 36.93 55.69 175.25 203.85 217.44 246.36 279.94
1-6 36.74 55.69 175.45 203.85 217.70 247.01 280.07

G7

0-0 33.60 64.28 129.73 169.15 185.84 223.12 291.69
1-1 31.46 62.52 124.84 162.56 179.55 213.15 283.29
1-2 32.61 63.30 128.56 165.35 184.24 213.16 286.42
1-3 33.59 63.70 124.45 162.94 180.33 223.13 291.50
1-4 33.57 59.19 127.78 166.47 185.22 223.35 291.69
1-5 33.60 63.69 129.19 168.30 185.41 222.28 290.65
1-6 33.02 63.69 128.94 169.01 183.26 220.57 287.59

G8

0-0 8.09 16.84 34.66 34.69 34.69 45.61 64.55
1-1 7.44 16.24 33.10 33.10 33.10 43.52 63.14
1-2 7.75 16.44 34.54 34.54 34.54 45.39 63.83
1-3 7.98 16.68 33.07 33.07 33.07 43.75 64.17
1-4 7.97 16.00 33.73 33.73 33.73 45.00 62.97
1-5 7.66 16.41 34.51 34.51 34.51 44.91 64.19
1-6 7.88 16.66 34.60 34.60 34.60 44.88 64.05
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