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Abstract

Health monitoring of structures is a key issue for their integrity and reliability. The
problem is exacerbated with the use of composites in many cases highly anisotropic
heterogeneous structures that meet often conflicting design constraints. Efficient
and reliable Structural Health Monitoring (SHM) systems are required to provide
a probabilistic interpretation of diagnostics. This work is a special issue of the
health monitoring of composite materials. The goal of the study is to obtain a
data-driven probabilistic interpretation of damage detection. More precisely, the
idea is to develop an automated methodology evolution of defects based on machine
learning approaches.

The investigation is carried out based on healthy and damaged status of a com-
posite sandwich panel with a honeycomb core modeled in ANSYS. Instantaneous
signals with different frequencies are applied to the structure and finite element
analysis is performed to obtain vibration responses in both statuses. Two machine
learning methods are adopted for crack damage detection successively: a conven-
tional machine learning method Gaussian Process (GP), and a deep learning algo-
rithm Convolutional Neural Network (CNN). Features extracted by Discrete Wavelet
Transform (DWT) from structural vibration responses are used to train and test the
GP model to assess the health status of the structure.

Then another feature extraction method Continuous Wavelet Transform (CWT)
is used to convert the time domain vibration response signal into a two-dimensional
image, which is then fed into the proposed CNN model to predict the occurrence
and location of potential crack damages. In addition, the applicability of the CNN
method to different structures and different types of data is studied, i.e., using modal
data in a beam.

The proposed GP-based method is effective for crack-type damage detection in
the studied composite sandwich structure while CNN-based method is capable of
detecting crack damage occurrence and its potential location. Besides, it is proposed
that the appropriate data types can be selected according to different situations to
obtain an optimal performance using the CNN-based method. It is expected that
the proposed methods are suitable for damage detection of more complex structures.

Keywords: Structural Health Monitoring, Machine Learning, Com-
posite sandwich structure, damage detection and localization





Résumé

La surveillance de l’état des structures est un enjeu clé pour leur intégrité et leur
fiabilité. Le problème est exacerbé par l’utilisation de composites dans de nombreux
cas où des structures hétérogènes sont hautement anisotropes. Des systèmes efficaces
et fiables de surveillance de l’état de la structure (SHM) sont nécessaires pour fournir
une interprétation probabiliste des diagnostics. Ce travail est un sujet spécial de la
surveillance et le suivi de l’état des matériaux composites, dont le but est d’obtenir
une interprétation probabiliste de la détection des dommages basée sur les données.
Plus précisément, l’idée est de développer une méthodologie automatisée d’évolution
des défauts basée sur des approches d’apprentissage automatique.

La recherche est réalisée sur la base de l’état sain et endommagé d’un panneau
sandwich composite à âme en nid d’abeille modélisé dans ANSYS. Des signaux in-
stantanés de différentes fréquences sont appliqués à la structure et une analyse par
éléments finis est effectuée pour obtenir des réponses aux vibrations dans les deux
états. Deux méthodes d’apprentissage automatique sont adoptées successivement
pour la détection des dommages aux fissures: une méthode d’apprentissage automa-
tique classique Processus Gaussien (GP) et un algorithme d’apprentissage profond le
Réseau de Neurones Convolutifs (CNN). Les caractéristiques extraites par la trans-
formation en ondelettes discrète (DWT) des réponses aux vibrations structurelles
sont utilisées pour entraîner et tester le modèle GP afin d’évaluer l’état de santé de
la structure.

Ensuite, une autre méthode d’extraction de caractéristiques la transformation
en ondelettes continue (CWT) est utilisée pour convertir le signal de réponse aux
vibrations dans le domaine temporel en une image bidimensionnelle, qui est ensuite
introduite dans le modèle CNN proposé pour prédire l’apparition et l’emplacement
des dommages potentiels de type fissure. De plus, l’applicabilité de la méthode
CNN à différentes structures et différents types de données est étudiée, c’est-à-dire
en utilisant des données modales dans une poutre.

La méthode basée sur la GP est efficace pour la détection des dommages de
type fissure dans la structure sandwich composite étudiée, tandis que la méthode
basée sur CNN est capable de détecter l’apparition de dommages de fissure et son
emplacement potentiel. En outre, il est proposé que les types de données appropriés
puissent être sélectionnés en fonction de différentes situations pour obtenir une per-
formance optimale en utilisant la méthode basée sur CNN. On s’attend à ce que les
méthodes proposées conviennent pour la détection des dommages de structures plus
complexes.



vi

Mots-clés: Surveillance de santé structurale, apprentissage automa-
tique, Structure sandwich composite, détection et localisation des dom-
mages
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Introduction

Advanced composite materials have been widely used in different areas, including
aerospace, medicine, machinery, construction and other industries due to the ad-
vantageous characteristics of light weight, good ductility, corrosion resistance, heat
insulation, sound insulation, shock absorption and high (low) temperature resis-
tance, etc. However, due to the synthesis method of composite materials, they are
susceptible to several structural damages, such as fiber fracture, matrix crack and
delamination, as well as many other kinds of damages, e.g., blistering, crushing,
etc. [1]. These types of damage sometimes appear in composite materials at the
same time as shown in figure 1(a), and sometimes appear in sequence as the dam-
age evolves as shown in figure 1(b). In symmetric composite laminates, transverse
crack may induce delaminations [2] and in graphite/epoxy (Gr/Ep), fiber breaks
may induce debonding, followed by matrix cracking [3]. These damages are usually
caused by fatigue and impact events. In the early stage of the damages, they are
very small and barely visible to visual inspections, but they could further lead to
disasters, especially for aircrafts, causing huge loss of people lives and money. As a
result, the development of Structural Health Monitoring (SHM) systems has been
considerable concerns in the last 2 decades.

(a)

(b)

Figure 1: Illustration of composite material damages, (a) matrix crack, fiber fracture
and delamination, (b) delamination induced by transverse crack
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The definition of Structural Health Monitoring is given by D. Balageas et al.[4]:
SHM aims to give, at every moment during the life of a structure, a diagnosis of
the "state" of the constituent materials, of different parts, and of the full assembly
of these parts constituting the structure as a whole. The motivation to develop
SHM is that an appropriate SHM system allows to reduce the maintenance cost and
increase in-service time by replacing the periodic inspection with condition-based
maintenance and performing targeted maintenance on damaged parts, to improve
the safety through an alarm system and increase the longevity of the structure by
improving the construction, especially to avoid significant losses due to damage
that can be predicted in advance before failures [5]. A typical structural failure
example is shown in figure 2, NASA’s solar-powered Helios wing which is made
mostly of composite materials broke up because of deformation beyond limit. With
appropriate SHM system, abnormalities in the structure can be detected and failure
might be prevented.

Figure 2: (a) NASA’s Helios wing and (b) its wreckage in the Pacific [6]

SHM has great potential in damage diagnosis and avoidance of failures in various
fields and in turn reducing maintenance cost as well as increasing structural reliabil-
ity, especially with the increasing development in industries such as civil engineering,
transportation, manufacturing, etc.

The present thesis focused on machine learning based structural health moni-
toring of a composite sandwich structure that is modeled based on finite element
method. The thesis mainly includes six chapters, which are organized as follows:

The research background of composite structures, structural health monitoring
methods, the development of machine learning and its applications are firstly re-
viewed in Chapter 1. The survey starts with the wide application of composite
structures and structure damage problems. Then a review of existing structural
health monitoring methods, including physical-based and data driven-based meth-



Introduction xiii

ods is given. The introduction of machine learning and its applications in structural
health monitoring as well as other fields is then discussed.

Chapter 2 focuses on the implement of a numerical approach to construct a
database for SHM of composite sandwich structure. Models are constructed and
validated by comparing the physical properties obtained numerically with analytical
methods. Different damage cases are modeled followed by finite element analysis.
Some commonly used feature extraction techniques through FE simulation are then
introduced, which help to construct a database for further study.

Chapter 3 develops a conventional machine learning algorithm: Gaussian
Process-based method for structural health monitoring of the studied composite
sandwich structure. Discrete wavelet transform (DWT) is used for feature extrac-
tion, and GP is used to detect the occurrence of potential crack damages in the
structure. Several factors that have impact on classification accuracy have been
investigated. The pertinence of data from different sampling points on the structure
is also investigated. In addition, the effectiveness of the proposed method is verified
under simulated environmental noise.

A Convolutional Neural Network (CNN)-based structural health monitoring sys-
tem is proposed in Chapter 4 due to the advantages of the deep learning algorithm
in image recognition and classification. One-stage CNN model and two-stage CNN
model using images processed by Continuous wavelet transform (CWT) are pro-
posed successively. In the one-stage CNN model, most samples with ground truth
"crack" are incorrectly classified as "healthy", leading to a poor capability of detect-
ing and localizing crack damage at the same time. However, a two-stage CNN model
is then proposed to address the problem, in which the first CNN is used to detect
the occurrence of crack damage while the second is used for crack localization. The
enrichment of the database is carried out. Accordingly, the lack of variability of the
database is solved and the capability of the two-stage CNN model of detecting and
localizing crack damage is improved significantly.

Chapter 5 extends the two-stage CNN-based SHM method using modal data
at low frequencies in a simply-supported beam to verify the wide applicability of
the CNN-based method to different structures and different types of data. Crack
localization and damage size prediction in a simply-supported beam is conducted
based on mode shapes and stress distribution in the beam instead of the vibration
data used in the sandwich structure in Chapter 3 and Chapter 4. Results suggest
that stress distribution may contain more discriminative information relative to
crack location and size than mode shapes. In addition, it is necessary to find a
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suitable compromise between the classification accuracy and the number of sampling
points according to different situations to obtain an optimal performance.

Finally, conclusions and perspectives are drawn after chapter 5.
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Literature survey on SHM of
composite structures and machine

learning

Contents
1.1 Composite structures . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Structural health monitoring methods . . . . . . . . . . . . . 6

1.3 Machine learning and its applications . . . . . . . . . . . . . 15

1.3.1 Machine learning . . . . . . . . . . . . . . . . . . . . . . . . . 18

1.3.2 Deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

1.3.3 Applications of machine learning . . . . . . . . . . . . . . . . 23

1.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

1.1 Composite structures

Composite materials are formed by combining materials together to form an overall
structure with properties that differ from that of the individual components. They
have the characteristics of light weight, good ductility, corrosion resistance, heat in-
sulation, sound insulation, shock absorption and high (low) temperature resistance,
etc. These features typically meet the material requirements in specific working en-
vironments [7]. Therefore, composite materials are increasingly applied in industries
rather than conventional metal alloys. Advanced composite materials are more and
more adopted as aircraft materials for economic reasons. The primary reason why
they are applied in aircrafts is the weight reduction. In civil aviation, aircraft weight
reduction means less fuel is consumed and more cargo can be loaded, resulting in
considerable profits and more environmentally friendly transport form. In military
aviation, aircraft weight reduction means that extra loads can be carried and more
complex maneuvers can be performed. For example, the use of composite materials
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in the Boeing 787 is about 50%, and the weight percentage of the composites of the
aero-structure went from 5% for the A300 to more than 50% for the latest model
A350 XWB, gradually replacing other materials as illustrated in figure 1.1 and 1.2.
The structural mass of the A350 is 15 tonnes lighter than it would have been without
composite - in total the resulting weight gain is 15 tonnes. It is estimated that one
ton of saved mass translates into a saving of 6,000 tons of kerosene over the lifetime
of an aircraft [8]. Considering that under proper maintenance an aircraft can be
used for more than 20 years. Even if the aircraft weight reduction is 1%, the profit
can be considerable.

Figure 1.1: Application of composite materials in Boeing aircraft. The 787 uses 50%
composites and 20% aluminium while the 777 uses only 12% composites and 50%
aluminium.

Figure 1.2: Evolution of the overall composite structural weight in Airbus air-crafts.
Composite weight went from 5% for A300 to more than 50% for A350 XWB.

Composite sandwich structures have attracted increasing attention due to the
high performance in industries. They are usually fabricated by attaching two thin
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but stiff skins to a lightweight but thick core. The two skins, also called face sheets,
are identical in material and geometry properties. In composite sandwich structures,
the face sheets are fabricated by laminated plies with specified stack sequence for
specific purposes, which can resist the in-plane and bending loads. The core of
foam-shaped or regular shapes as shown in figure 1.3, can resist transverse shear
load and has different properties depending on the configuration.

Figure 1.3: Sandwich structures with core of different shapes[9]

Sandwich structures are widely adopted as architectural materials due to its
high flexural stiffness-to-weight ratio compared to monocoque structures. These
properties make the sandwich structure material show significant advantages over
other materials in the same working environment. The applications of sandwich
structures can date back to the World War II, when such structures were adopted
in the construction of aircrafts. A ply-balsa-ply sandwich structure made of wood
was designed for the fuselage of the famous de Havilland DH.98 Mosquito multi-role
combat aircraft, see figure 1.4. Later, sandwich structures with better performance
was proposed and developed, i.e. carbon fiber reinforced polymer/plastic (CFRP).
Nowadays advanced composite sandwich structures are more and more adopted in
various civil domains, such as aircrafts, trains, ect. An example of the application
of composite sandwich structures in transportation is illustrated in figure 1.5. The
advanced aerodynamic nose of high speed train ETR 675 is made of composite
sandwich structures aiming at reducing weight while keeping the stiffness of the
material.

With the increasing application of composite materials in structures, a deeper
understanding of the properties of composite materials is needed for different struc-
tural design. Numerous studies have been conducted to investigate the static and
dynamic properties of composite structures.
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Figure 1.4: Ply-balsa-ply sandwich structure designed for the fuselage of de Havil-
land DH.98 Mosquito multi-role combat aircraft

Figure 1.5: Advanced aerodynamic nose of high speed train ETR 675

To study the effects of core thickness and face sheet thickness of a cellular foam
core sandwich structure on its dynamic behaviour, static structural and modal anal-
ysis was carried out through finite element simulation software [10]. It is found that
the overall stiffness of the sandwich structure is directly impacted by core thickness
and skin thickness. In the case where the skin mass is dominant in a sandwich struc-
ture, the core thickness and foam structure will be crucial to the overall stiffness of
the sandwich structure by keeping the skin thickness at a minimum level. Another
research focusing on the finite element evaluation of composite sandwich panels un-
der static bending load was conducted by M.M.Venugopal et al. [11]. Finite element
analysis results are compared with experimental data on sandwich panel bending
properties and the maximum percentage error is 11.27%, which suggests that the
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modeling approach is reliable in structural design of CFC sandwich panels.

For sandwich structures in which the face sheets can resist the in-plane and
bending loads and the core can resist transverse shear loads, the vibroacoustic prop-
erties of both parts should be studied in order to understand its behaviours in some
circumstances, such as shear stresses in honeycomb sandwich panels by analyti-
cal, numerical and experimental approaches [12], the shear core effects on sound
transmission loss through honeycomb sandwich panels [13], flexural properties [14],
bending-shear core transition [15] as well as structural vibroacoustic optimization
of sandwich panels [16].

Due to the complex nature of composite structures, one major interest in the
academic community is to study the wave propagation characteristics, which may
provide insight into the structural dynamic properties. Various works have been
done to investigate wave propagation in composite sandwich plates.

Numerical simulation was conducted in [17] to investigate the mechanism of
guided wave propagation in honeycomb sandwich structures. Global guided waves
in the structure at low frequencies as well as guided wave leak in the face sheet at
high frequencies are observed. The cell geometry is demonstrated to have impact
on the wave propagation. Finally experimental data are use to validate simulations
and results shown that the numerical simulations are reliable to represent wave
propagation in the composite sandwich structure. Wave propagation in sandwich
composite plates is also investigated by V. N. Smelyanskiy et al. using analytical
approach [18]. It is found that at low frequencies, the sandwich’s motion is mainly
governed by the rigid face sheet but with the increase of frequencies, the motion of
the sandwich plate tends to be governed by the shear of the core, which is consistent
with the analytical results in [19]. Besides, analytical results are in agreement with
the results of numerical simulations and experiments. However, as the propagation
time increases, reflections from boundaries in simulation will lead to phase changes
of strain oscillations, and it does not always match analytical and experimental
signals well. Nevertheless, the obtained results open up prospects for obtaining
wave propagation in composite structures through modeling methods.

Numerical simulations of Lamb wave propagation in honeycomb sandwich pan-
els and metallic foam sandwich structures are also conducted in [20] and [21] with
similar approaches. It is demonstrated that for both foam sandwich panels and hon-
eycomb sandwich panels, wave propagation is influenced by the geometrical prop-
erties and material properties of the plates, which provides valuable information in
structural design and SHM systems. Researchers in [22] focused on radiation and
attenuation of Lamb waves in fiber-reinforced composites. It is demonstrated by
numerical simulations and experiments that wave attenuation, wave velocities and
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acoustic energy for different modes of propagation are strongly impacted by the
material anisotropic characteristics. A thorough review on damping in composite
materials is referred to [23].

1.2 Structural health monitoring methods

In recent years, researchers from various fields have been concentrating on develop-
ing structural health monitoring systems for composite structures with increasing
utilisation of these materials, to guarantee structure safeties. The definition of struc-
tural health monitoring is given by D. Balageas et al. [4]: SHM aims to give, at every
moment during the life of a structure, a diagnosis of the "state" of the constituent
materials, of different parts, and of the full assembly of these parts constituting the
structure as a whole.

The motivation to develop SHM is that an appropriate SHM system allows to
reduce the maintenance cost and increase in-service time by replacing the periodic
inspection with condition-based maintenance and performing targeted maintenance
on damaged parts, to improve the safety through an alarm system and increase the
longevity of the structure by improving the construction, especially to avoid sig-
nificant losses due to damage that can be predicted in advance before failures [5].
In the sectors that have high safety requirements, especially in the domains closely
related to human safeties, such as buildings, cars, trains, airplanes and even space-
ships, efficient and reliable SHM technology is demanded to provide a probabilistic
interpretation of diagnostics so as to prevent loss of human lives and properties.

Current and emerging structural damage detection methods are summarized
by Avci et al. [24], as shown in figure 1.6. Damage detection methods in SHM
were categorized into local methods and global methods, where the former focuses
on detecting structural damage in a relatively smaller scale through visual testing,
ultrasonic testing, infrared thermography, radiographic testing etc., while the latter
focuses on time, frequency and modal information to detect, localize and assess
severity of damage based on vibration response of structures by traditional methods
or machine learning methods.

Although the benefits of appropriate SHM is evident, it appears that a real-
time monitoring system for a on-line structure is not yet available. The existing
non-destructive testing (NDT) methods such as X-ray inspection, ultrasonic testing
and thermography are time-consuming, labor-intensive and highly costly, and they
are applied during the short inspection intervals [25]. An appropriate SHM system
should be able to collect data during operating time of structures and provide real-
time information about the structure. Four levels of assessment of SHM are proposed
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Figure 1.6: Structural damage detection methods [24]

as below:

• Detect if a damage exists

• Localize the damage area

• Identify the type of the damage

• Quantify the severity of the damage

The first level provides the information that a damage appears on the structure,
while the second level tells in which region on the structure the damage occurs.
Level three is dedicated to the identification of the damage, e.g., crack, delamination,
debonding. In the fourth level, more information about the structure is provided.
Several parameters are needed to describe the size of the damage, the physical
properties of the structure such as stiffness or mass. Sometimes the assessment
of the remaining life time of the structure is included in level four, which usually
involves fatigue analysis and damage evolution analysis. At each level there are still
many challenges. For example at the first level, how to increase the SHM system
sensitivities to detect small damages is still a tricky issue.

SHM refers to the process of implementing a damage detection and characteriza-
tion strategy for engineering structures. The basic idea behind the SHM technology
is that, modal parameters are functions of the physical properties of the structure,
such as natural frequencies, mode shapes and modal damping. Therefore, changes to
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the material or structure will adversely cause detectable changes in modal properties
and affect the structure performance.

Thanks to various types of actuators and sensors, one is able to collect informa-
tion relative to the state of structures. Due to the sensors, physical properties of a
structure become detectable. A review of recent advances and applications of sen-
sors for SHM is referred to [26, 27]. SHM can be divided into passive monitoring and
active monitoring according to the initiative. For passive monitoring, an examiner
focuses on the evolution detected from the sensors. On the contrary, perturbations
are generated through an actuator to the structure, then structural responses will
be collected by sensors. In this case, the SHM is called ’active monitoring’. In an
active monitoring of aerospace composite structures, an investigation on the inter-
action between embedded sensors and composite structures is conducted since there
will be stress concentrations in all composites that contain embedded sensors and
transducers [28]. A design of reducing the effect of the embedded sensor on the
strength of composite structures is proposed.

In fact, SHM appeared in the 1970s and has been studied and developed for
several decades. It is a multidisciplinary research field, involving material science,
mechanics, structural vibrations, signal processing, computer science, sensor tech-
nology, etc.

Dating back to the 19th century, railway workers used a qualitative way to eval-
uate if damage was present by striking the train wheel with hammers and listening
to the sound, which can be considered as the initial form of SHM. Later in the
1970s and 1980s when the oil industry was well developed, workers and scientists
in this field have made considerable efforts to create SHM systems for health moni-
toring of offshore platforms. However, measurement difficulties caused by machine
noise, mass change due to marine tides, instability of the platform structures and
fluid wave impact prevented the application of this technology on offshore platforms,
resulting in large abandonment in the 1980s.

In aerospace industry, vibration-based damage identification approaches became
a research field in the 1970s with the development of man-made aircrafts launched
to the space. Fatigue damages are identified in components of space shuttles using
this technique. Later the application of space station promoted the development of
SHM due to space debris impacts. Both experimental and analytical approached
were used to measure damaged and undamaged structures. Differences in modal
properties were emphasized to identify damages.

SHM was also applied in civil engineering in the 1990s. During the 1994
Northridge earthquake in America, cracks were found in many buildings as shown
in figure 1.7, and it was able to detect damages only by visual inspection, which was
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also by qualitative manner. Since then, it was proposed to develop methods that
enable an immediate reliable and efficient evaluation of a structural health state
after such an event or accident instead of relying on visual inspection which is time
and labor-consuming.

(a)

(b)

Figure 1.7: Damage caused by the 1994 Northridge earthquake

With the evolution and development of sensor technology and signal process-
ing techniques, various types of sensors are employed in SHM systems. One of the
most successful application of SHM is on the rotating machinery based on pattern
recognition of structural vibration features, such as displacement, velocity and ac-
celeration (e.g., SHM on rotating machinery in figure 1.8). However, in the early
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age SHM in this manner was also based on visual inspection of signals in time or
frequency domains, by comparing the current signal features with features extracted
during damage-free operating conditions. This was still qualitative approach. More
recently, with the rapid development of computer science, pattern recognition-based
SHM has become a popular research field. With the significant improvement of com-
puter capabilities dealing with information processing, the efficiency and accuracy
of SHM have been greatly improved.

Figure 1.8: Rotating machinery used in [29]. 1. servo-motor; 2. coupling; 3. bearing
housing; 4. bearing; 5. disk; 6. shaft; 7. accelerometer 8. metal plate

In order to improve the efficiency and reliability of SHM, it is generally necessary
to have a prior knowledge about the damages. However, damage cases are not always
available in interested structures and sometimes are difficult and expensive to create
different types and severity of damages in real structures. Therefore, the modeling
of damages has become a promising way to study various commonly seen damages.

A general way to model a damage is using finite element method-based software.
For a damage whose nature is local discontinuity, which is a frequently encountered
situation, the modeling is often achieved by disconnecting local nodes, for example
the crack damage modeling in composite structures in [30] as shown in figure 1.9.
Similarly, crack in composite material shell structures is modeled by disconnecting
local nodes in [31], barely visible low-speed impact damage (BVLID) in 3D-core
sandwich composite structure is modeled by demerging element nodes at the inter-
phase of skin and core [32].

Delamination damages in laminated composites can also be modeled by discon-
necting local nodes so that the delamination region is made up of two separate
component segments above and below the delamination surface [33, 34]. Another
damage modeling approach is to modify local physical parameters. As it is demon-
strated that delamination in a structure will lead to local loss of stiffness, researchers
attempt to reduce local stiffness so as to model delamination damages [35]. In
Ref.[36], skin and core defects in a composite sandwich panel are modeled by local
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reduction of their isotropic Young’s and Shear coefficients and delamination between
the face sheet and core is modeled by a disconnection between the skin and core
layers, as shown in figure 1.10.

(a) (b)

Figure 1.9: Crack modeling in composite structures by disconnecting local nodes
[30]

Figure 1.10: Skin and core defects and delamination modeling in a composite sand-
wich panel [36]

Two of NDT methods, vibration-based technique and guided wave-based tech-
nique have been developed for the extraction of damage-sensitive information about
the health state of structures. They are the most commonly used among others. A
general process of the SHM involves collecting relevant data, which is the structure
response, from an array of sensors attached on the structure. Then necessary signal
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processing is carried out for the purpose of data reduction and key feature extraction
from these measurements. Finally, the healthy state of the structure is determined
by statistical analysis of these features.

Vibration-based damage detection focuses on the detection of the mode shape
singularity and natural frequency changes created by local discontinuity caused by
damages. Several researches have successfully implemented this method in SHM of
composite materials.

In [37], vibration-based NDT is adopted to detect debonding in honeycomb sand-
wich beams based on the natural frequency changes caused by damages. Honeycomb
sandwich beam is considered equivalent to homogeneous materials in low frequency
because the local periodic structure is much smaller than the wavelength. However,
the proposed method cannot effectively detect small damages in large structures.
Detection of structural changes based on an artificial immune system and a statis-
tical data-driven modeling on an aircraft skin panel is conducted in [38]. Structural
vibration responses are fused and feature extraction together with pattern recogni-
tion are performed to detect damage and structural changes. The methodology is
able to accurately detect damage but unable to identify several simultaneous dam-
age patterns. Another vibration-based abnormality detection method is employed
in [39] for health monitoring of in-service offshore wind turbines. Operational modal
analysis (OMA) is used to monitor the resonance frequencies of wind turbines due
to its capability of monitoring the boundary conditions of civil structures despite
its non-sensitivity to small cracks or very local phenomena. The contribution shows
the possibility of monitoring wind turbines.

The effect of environmental condition variations on structural dynamic charac-
teristics are taken into account in [40] for SHM of railway bridges based on vibration
approaches. Environmental conditions are used as input together with other loads
applied to the structure to a machine learning algorithm so that the influence of en-
vironmental conditions is not considered in the prediction and the result indicating
damages is only due to damages. The proposed method is proven capable to detect
and localize damage. In addition, neglecting the environmental factor, a noticeable
decrease of the prediction power is met.

It is worth mentioning that in vibration-based NDT, wavelet analysis has been
applied in many studies for the post-processing of vibrational mode shapes to extract
features for damage detection.

In [41], vibration-based NDT with wavelet analysis is applied to a composite
sandwich plate to detect different types of damages by extracting modal shapes of
vibration. Sandwich plate with damages is scanned by 2 laser Doppler vibrometers
(LDV) by experiment and the amplitudes of wavelet analysis coefficients are used
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to represent the presence and location of damages. Results show that the proposed
method is capable to detect and localize different damages using wavelet analysis.
But the proposed method should not be limited to the laboratory scale test.

A novel method for identification of multiple damage by combining shearographic
NDT and 2D undecimated wavelet transform based on modal data was proposed
by Katunin et al. [42]. The proposed method with wavelet analysis shows high
sensitivity compared to the analysis of raw shearographic results. Similar result
was observed in another research conducted by Zhou et al. [43] based on continuous
wavelet transform, which shows that the sensitivity for damage detection is increased
by wavelet analysis.

Wavelet transform (WT) is used in [30] for signal processing of the vibration
response of a composite sandwich panel. Numerical simulations are firstly performed
to obtain a database of the sandwich panel. The database is in turn used to train an
ANN to establish the mapping relationship between structural damage features and
damage states. Experimental study is then conducted where vibration responses
of sandwich plates with damages of different severity are extracted with WT and
are fed into the trained ANN. Crack damage location and severity can be detected.
Results show that the method developed can be applied to online structural health
monitoring for various industrial structures.

Vibration-based damage identification using wavelet analysis is employed in [44,
45] for SHM of concrete plate and steel plate. Continuous wavelet transform is
used to extract time-frequency information from the response data. "Zeroth-order
moment" (ZOM) is proposed as damage index to identify damages. The study shows
that WT is a powerful tool in extracting features, and the proposed method used in
this study is more sensitive to structural damage than other methods. A review of
wavelet analysis in SHM is referred to [46, 47]. A thorough review of vibration-based
damage detection is presented in [48, 49, 50].

Guided wave-based damage detection focuses on the detection of elastic wave
energy variation and changes in wave propagation pattern due to the interaction
between propagated waves and material discontinuity where damage occurs [51, 52,
53].

In [54] ultrasonic feature guided waves (FGW) are used which focuses on the
wave propagation energy to detect damages on quasi-isotropic composite laminates.
The interaction of the identified FGW mode with different types of defects is stud-
ied by both simulation and experiment. Close agreement is observed between the
numerical measurement and experimental measurement. It is demonstrated that
the proposed FGW method has good potential for efficient damage detection in
composite bends. A model-based method for damage detection with guided wave is
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(a)

(b)

Figure 1.11: Guided wave-based damage detection methods. (a) pulse-echo, (b)
pitch-catch

proposed in [55]. Normally guided wave-based method is conducted by comparing
a baseline signal recorded for a damage-free structure with or subtracted from the
signal recorded during the inspection. However, the accuracy of this approach is
affected by uncontrollable factors such as temperature variation, sensor errors and
material property changes due to degradation. In the proposed method, the effect
of these factors can be compensated. Experimental and numerical approaches are
conducted and demonstrate the feasibility of the proposed method. Nevertheless,
the utilisation of 3D measurement system together with transient finite element
simulations will significantly increase the cost.

Theoretical and numerical studies are firstly conducted in [51] to identify disbond
and high density core region in a honeycomb composite sandwich structure using
ultrasonic guided waves. Laboratory experiment is then carried out to validate
theoretical and numerical results. Interaction of guided waves with damages is
analyzed through the structural response signals. A good agreement is observed
between analytical, numerical and experimental results. It is found that the presence
of high density core region results in a decrease in amplitude of the propagating
guided wave modes and the presence of disbond results in a significant amplification
of the primary anti-symmetric mode. Similar method is also adopted in [17, 56, 57].
A thorough review of guided wave-based damage detection methods is presented in
[58, 59, 60].

To have a higher accuracy in damage detection, combination of vibration-based
and guided wave-based approaches was proposed by Maciej Radzienski et al. [61].
As vibration-based method and guided wave-based method can both accomplished
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by the same setup: actuators and 3D measurement system, they are combined for
a double verification with different NDT techniques. Data are registered simul-
taneously for both methods. Filtering techniques are employed to obtain damage
maps. Results prove that the combined method does not reduce the effectiveness of
NDT techniques for detection of debonding in honeycomb core panels. Therefore,
the proposed method can be used to provide higher defect detection reliability by
a double verification. Another research in [62] adopts various NDT techniques for
off-line damage detection in three composite structures.

Both vibration-based and guided wave-based techniques have been proved ca-
pable of detecting damages occurred in composite structures and other materials.
They have good performance in some certain conditions and show a good potential
in the application in more fields. However, a common process of these two meth-
ods are obvious: the vibration responses of a structure should be analysed all by
human labor. Thus, the limitations of these methods are obvious: firstly, they are
time-consuming and labor-intensive. Secondly, there will be high requirements of
expertise for practitioners, especially for complex structures, which is not always
available.

With the development of Artificial Intelligence (AI) in the last two decades, the
ability of computers to process information has greatly improved. It is possible to
reduce labor loss and improve efficiency, and the advantages of artificial intelligence
can sometimes avoid the high requirements of expertise for practitioners. Therefore,
it provides a more efficient solution to the problems encountered in traditional SHM
approaches.

1.3 Machine learning and its applications

Artificial Intelligence (AI) is the simulation of human intelligence processes by ma-
chines, especially computer systems. These processes include learning (the acquisi-
tion of information and rules for using the information), reasoning (using rules to
reach approximate or definite conclusions) and self-correction.

Dating back to the 1950’s when there were several waves of optimism, AI was
founded. It was used to learn simple tasks that a man could do such as checkers
strategies and solving word problems in algebra. Later in the 1980’s, a sub-field
of AI, machine learning (ML), begun to flourish. Machine learning uses algorithms
to parse data,learn from it, and then make a determination or prediction about
something in the world. With the boom of industries, data has exploded and con-
ventional AI techniques are not powerful enough when confronting new complex
problems. Therefore, as a sub-field of machine learning, deep learning encounters
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Figure 1.12: Evolution of Artificial Intelligence

opportunities for rapid development due to its capability of gathering huge amount
of data from industrial machines and turning the big data into actionable infor-
mation, see figure 1.12. Due to its powerful data mining capabilities by means of
hierarchical representation of features, deep learning has gained increasing interest
in various industry problems concerning decision-making and classification.

With the emergence of ML, various algorithms are constantly being studied.
Since ML came into being with the booming development of industry, academic
and industrial communities are always studying how to apply ML to industrial
development in view of its powerful ability in processing data so as to improve
efficiency and reduce costs. Therefore, research on ML is very hot, especially in the
recent period of rapid development of information technology. It is widely applied,
covering almost every field, such as agriculture, industrial production, banking,
financial market analysis, economic forecasting, medicine, robotics and autonomous
driving, social security, structural health testing, etc. It is for this reason that
it is difficult to track its development status all the time. A recent review paper
[63] that systematically and clearly sorted out the methods of machine learning,
and listed some commonly used methods in various sub-fields, can provide a global
understanding about ML, as shown in figure 1.13.

Machine learning can be traditionally categorized as supervised learning, un-
supervised learning and reinforcement learning, according to the type of data as
input and output, the type of tasks to be solved. In supervised learning, a model
is constructed with a set of data including input and output. The purpose is to
obtain an optimal mapping function that can match the input and output pair.
According to different purposes, the model can be used as classifier (e.g., Bayesian,
Neural networks, decision trees or deep learning, etc.) or as regression model (e.g.,
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linear and nonlinear regression, Bayesian, decision trees, deep learning, etc.). In
unsupervised learning, the model clusters datasets by finding structure in its in-
put without the input-output pairs through k-means, hierarchical clustering, etc.
The idea of reinforcement learning is to make a computer program interact with
the environment (e.g., autopilot, play with human go player) and provide feed-
back which is considered as reward to be maximized. Other approaches have also
been developed such as dimensionality reduction, which aims to extract important
information from data containing a large number of redundant variables or fea-
tures through Principal Component Analysis (PCA), Linear Discriminant Analysis
(LDA), Multidimensional Scaling (MDS), etc.

1.3.1 Machine learning

Various types of machine learning models have been established and studied in
the last few years. They have been trained with some training data and then
can make predictions with additional data. The predictions in machine learning
models are mainly for two purposes: regression and classification. Machine learning
model is used for regression when the outputs are continuous values, and it is used
for classification when the outputs are discrete or categorical variables. Several
commonly used models will be briefly introduced.

Figure 1.14: Representation of a 2 layered neural network

Artificial neural networks (ANN), or neural networks (NN), is a machine
learning model inspired by biological neural networks that constitutes animal ner-
vous systems. An ANN model consists of multiple layers including input layer,
hidden layers and output layer where each layer consists of several "artificial neu-
rons". These neurons in different layers are connected so that information can be



1.3. Machine learning and its applications 19

transmitted from one layer to another. Hidden layers are proposed to extract hidden
information of the analyzed data. Typically each neuron has a weight, which is used
to adjust the learning process. In the learning process, a forward propagation is
implemented to calculate the output. Then a backward propagation is implemented
for the purpose of learning, which means to adjust weights in each neuron so that
the predicted output fits the ground truth. A simple two-layered ANN is illustrated
in figure 1.14. It should be noted that in ANN the input layer is not counted while
counting the number of layers. The first layer is denoted by a[0], second layer by
a[1] and third layer by a[2]. Here ’a’ indicates activations, which are the values
that different layers pass on to the next layer. The mathematical operations of
neural networks are introduced that will be useful for understanding deep learning
mechanisms. In the hidden layer, each neuron is expressed as:
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where w[1]
1 and b

[1]
1 are the weight and bias for the first neuron of the first layer,

respectively, and the same for other neurons. In this example the input scalars xi
with i = 1, 2, 3 is of dimension 1× 1, thus the weight w

[1]
1 is of dimension 3× 1 and

the bias b is of dimension 1× 1. The output layer is expressed as:

a[2] = σ
(
w[2]Ta[1] + b[2]

)
(1.2)

where a[1] is the output of the precedent layer of dimension 4× 1, w[2] is the weight
of the second layer of dimension 4× 1, b[2] is the bias, and the output ŷ = a[2] is a
scalar. ANN have been applied in various fields, including computer vision, speech
recognition, machine translation, etc.

Decision tree learning is one of the predictive modeling approaches used in
statistics, data mining and machine learning. A decision tree is a model that mimics
a tree with root, branches and leaves, but is drawn upside down with its root at the
top. Decision trees are of two main types: classification tree and regression tree.
Classification tree is used when the target variable is a set of discrete value while
regression tree is used when target take continuous values. In both models, the root
represent the input data, branches represent different features and leaves represent
class labels for classification or continuous values for regression. Decision tree models
are easy to understand and interpret, but they can be very non-robust because a
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small change in the training data may result in large difference in predictions. A
simple example of decision tree in the domain of cardiovascular diseases is illustrated
in figure 1.15. It is a classification tree.

Figure 1.15: Example of decision tree used in the domain of cardiovascular diseases

Support vector machines (SVM) is a machine learning method based on
statistical learning theory developed in the mid-1990s. It seeks to maximize the
learning machine’s generalization ability by minimizing the expected risk [64]. A
SVM training algorithm is a non-probabilistic, binary, linear classifier. It constructs
a hyper-line or a hyper-plane in a higher dimensional feature space to separate
training data belonging to two different categories. The classifier is trained so that
the training data is well separated, that’s to say, the distance to the nearest training
data point of any class is maximized. SVMs can be applied to solve various problems
such as text categorization[65], image classification[66] and biological problems[67].

There are some other conventional machine learning approaches like Bayesian
networks, Naïve Bayes, Random forest, Gaussian Processes, etc. Among them,
Gaussian Process will be introduced in detail in chapter 3.

1.3.2 Deep learning

As the hottest sub-field of machine learning, deep learning has gained increasing
attention in recent years and has shown great potential in many fields including
biology, medicine, architecture, transportation, defense, etc. Here three commonly
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used deep learning approached will be briefly introduced to provide a preliminary
understanding.

Auto-encoders (AE) are neural networks that aim to efficiently compress and
encode data into a latent space representation and then reconstruct the output from
this representation. The objective is to make the output as close to the original
signal (the input) as possible. It’s an unsupervised neural network. AE consists
of two main parts: (1)Encoder, in which the model learns how to reduce the input
data dimensions and compress it into a latent-space representation. (2)Decoder,
in which the model learns how to recover the input data as accurately as possible
from the encoded representation. In applications, AE can exponentially reduce the
computational cost by reducing data dimensions. But it learns to capture as much
information as possible rather than as much relevant information. It might not be
able to determine what information is relevant[68]. In applications, AE can also be
used for noise reduction purpose due to its capability of reducing data dimensions.
Noise in the data can be ignored by learning. An example of image denoising using
AE is illustrated in figure 1.16. The input/output image is from the MNIST dataset.

Figure 1.16: Example of Auto-encoders for image denoising in MNIST dataset

Convolutional Neural Network (CNN) is a kind of neural networks in deep
learning. It’s similar to the ordinary neural networks consisting of neurons which
have adjustable weights and biases. The difference is that in an ordinary neural
network, every neuron in each layer is fully connected with all neurons in the neigh-
bour layer, which makes the network prone to overfitting data, while in CNN filters
are used between layers and for each layer, each output is only related to a portion
of the input, instead of taking into account all the inputs. In CNN, there are three
main layers besides the input layer and the output layer, that is convolutional layer,

http://yann.lecun.com/exdb/mnist/index.html
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pooling layer and fully connected layer. Detailed interpretation of CNN will be given
in chapter 4.

Recurrent Neural Networks (RNN) is the deepest of all neural networks[69].
It is a deep learning approach to deal with sequential data. Consider a simple
one-layered neural network, the hidden layer has one input vector and one output
vector. A RNN is a combination of N such networks and each hidden layer’s output
is propagated through time to be used as input for the next hidden layer. It means
that the output vector’s contents are not only dependent on the input you just fed
in, but also on the entire history of inputs you have fed in in the past. To make
it easier to understand, imagine that when you are reading a sentence, you can
understand every word that you have seen based on your knowledge, but you need
to recall the previous words so that you might predict probable words in the next
sequence of the sentence. This is the biggest difference compared to other machine
learning and deep learning approaches. Nevertheless, there is a short-term memory
problem for RNN, the short-term memory has a large impact but long-term memory
effects are small. That means, the output of the first layer has the lowest impact
on the final result while the output of the penultimate layer has the largest impact
on the final result. This problem makes it difficult for RNN to deal with very long
input sequences. An example of RNN is shown in figure 1.17. In the input layer,

Figure 1.17: A Recurrent Neural Network with input layer, hidden layer and output
layer

xt is an input at time step t. In the hidden layer, htrepresents a hidden state at
time t and acts as "memory" of the network. It is calculated based on the current
input xt as well as the previous time step’s hidden state: ht = f(Wxxt +Whht−1),
where the function f is a nonlinear transformation, e.g., sigmoid, ReLU (Rectified
Linear Unit), tanh. It should be noted that in RNN, weights exist not only in
the connection of input layer and hidden layer, and the connection between hidden
layer and output layer, they also exist between two adjacent hidden states. Thus,
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there are three types of weights, (Wx,Wh,Wy). These weights are shared across the
whole time series. The output layer is calculated based on the current hidden state
which has already taken the previous time step’s hidden state and current input
into account: yt = f(Wyht + b) where b is a bias term.

1.3.3 Applications of machine learning

AI approaches including conventional machine approaches and deep learning ap-
proaches have been well developed and applied in SHM for multiple materials and
structures. In this part, applications of AI approaches in SHM will be reviewed, and
SHM for composite materials will be emphasized.

A general process of a data-driven based SHM is shown in figure 1.18. Firstly,
relevant data from various sensors attached on the structure is collected. Then,
necessary process is conducted including signal preprocessing, feature extraction,
feature classification and predictions by means of conventional machine learning
approaches or deep learning approaches.

Figure 1.18: Illustration of Structural Health Monitoring (SHM) system

An ANN model was proposed by L.H. Yam et al.[30] to detect damages occurred
on a composite sandwich plate by both numerical and experimental approaches. A
validated numerical model of the sandwich structure is used to simulate the vibra-
tion responses of the structure. 121 sets of data in which 1 set is of intact structure
and 120 sets are of damaged structure are obtained and used for the training and
validation of ANN. In turn, the trained ANN is used for testing experimental data.
Results show that ANN is powerful to establish mapping relationships between
damage feature and structural status, but the accuracy of the result depends on
the damage severity. Another ANN model was proposed by O’Brien R. J. et al. in
[70]. Healthy and damaged composite beam’s vibration responses are experimen-
tally collected by a microphone. Singular Value Decomposition (SVD) and Principal
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Component Analysis (PCA) are implemented to filter the signals and extract rel-
evant information, which in turn are fed to the ANN model for training and test.
Results show that the proposed approach is capable to detect damages with accu-
racy greater that 97% for carbon fiber and glass fiber beams. The generalization of
the proposed method to more complex composite structures should be investigated.

In [35] an optimized methodology for delamination identification on laminated
carbon fiber reinforced polymer (CFRP) plates using Genetic Algorithm (GA) and
Artificial Neural Networks (ANN) was proposed. The acceptable accuracy of dam-
age location prediction shows that the proposed method GA-ANN is effective for
the detection of delamination damage in laminates, but it cannot provide precise
location and severity predictions simultaneously. A Bayesian framework in the con-
text of Gaussian Process was proposed in [71] to detect the existence of damages
in a CFRP sandwich structure of dimensions 217 mm × 217 mm × 31 mm. Ex-
perimental data is obtained and used for the training of Gaussian Process model.
The assessment of the damage detection capabilities of the presented method is per-
formed by Receiver operating characteristics (ROC). A limitation of the proposed
method is that experimental data for a larger and more complex structure is not
always available.

In [72] authors proposed a Gaussian process–based approach to deal with un-
certainty in the pattern recognition problem in structural health monitoring of a
multi-layer composite airfoil structure. The proposed method shows obvious advan-
tage compared to other neural networks dealing with noisy data. It is also suggested
to assess the method in other cases in order to investigate its performance. Simu-
lated vibration responses of smart composite laminates were performed in [73]. The
discriminative features extracted from structures in different health status are used
for the training and cross-validation of various supervised machine learning classi-
fiers and an optimal classifier is identified. The Support Vector Machine (SVM)
and Multilayer Perceptron (MLP) are the optimal classifiers. Results show that
the proposed method can be employed as a reliable tool for NDT of smart com-
posite laminates. Several other works in which machine learning approached are
implemented for SHM of structures such as gas turbine engines[74, 75, 76] and
bearings[77, 78, 79] made of other materials rather than composites have also been
widely conducted .

As the limitations for traditional machine learning methods can be avoided
through deep learning, such as the hand-crafted features, deep learning approaches
are increasingly applied in various fields, like medical field for diagnoses and decision-
making, engineering field for vision-based SHM and vibration-based SHM, etc.
Based on the powerful data processing and feature learning capabilities of deep
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learning, it has been adopted in medical field to assist the diagnoses of cardiovas-
cular diseases [80], distinguishing inflammation caused by bacteria or viruses based
on images [81], as well as healthcare decision making based on electronic medical
records.

Most traditional damage detection in infrastructures relies on visual assessments,
which required the expertise of practitioners. It is time costly and labor-consuming.
With the development of deep learning, algorithms becomes an alternative to hu-
mans and are able to perform inspections on raw images. A CNN-based method
was proposed in [82] to classify crack and non-crack noise patterns from raw con-
crete images. The crack identification approach is proven to have a strong potential
for automated crack assessment of concrete structures. Chen and Jahanshahi [83]
proposed a CNN-based crack detection method to inspect nuclear power plant com-
ponents while using Naive Bayes data fusion scheme from each video frame. The
proposed framework achieves an accuracy of 98.3% per frame, which is significantly
higher than other methods presented in the research.

It is sometimes important to have a global view when dealing with SHM of a
complex system instead of a component of the system, since it is necessary to under-
stand the relationship between the whole system and each component as well as the
relationship between a damage in a component and the safety of the whole system.
Therefore, the recognition of components should be put before damage detection
of components in specific situations. Yeum et al. [84] developed a CNN-based au-
tomated region-of-interest localization and classification method for infrastructures
using raw images. After that, highly relevant regions of interest can be extracted
for further visual inspections. Narazaki et al. [85] proposed a CNN and RNN-based
approach for automated bridge component recognition using video datasets.

In some cases, however, necessary data for the vision-based SHM are not avail-
able, for example in some historical sites, protective buildings or bridges of which
some parts are not accessible for inspectors. The development of Unmanned Aerial
Vehicles (UAVs) has shown the ability to overcome the drawbacks of manual visual
inspection and has broadened the vision-based SHM. Kim and Cho [86] demon-
strated that real-time video frames acquired by UAV from concrete surfaces can be
used in a CNN-based deep learning algorithm for crack detection. Huynh et al. [87]
evaluated a RCNN-based deep learning algorithm for the detection of bolt-loosening
on a real-scale girder bridge using images captured with an UAV. Hoskerre et al.
[88] used UAVs to acquire data and used deep learning algorithm to achieve rapid
and automated post-earthquake inspections.

In vibration-based SHM in various engineering sections including bearings, ro-
tating machines, bridges, steel frames, etc., deep learning is also widely applied. To
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the authors’ knowledge, although there are some related studies of SHM for com-
posite materials, the research in this area is very scarce, and there is no attempt to
apply deep learning in SHM for composite sandwich structures.

A CNN-based approach was proposed for the classification and prediction of
various types of in-plane and through-the-thickness delamination in smart composite
laminates [89]. A total of 13 cases including one healthy and 12 delaminated cases
were investigated. Short Time Fourier Transform (STFT) is employed to transform
the vibration responses of healthy and damaged structures into 2D images, which
in turn are fed to CNN for training and classification. The trained CNN classifier is
then evaluated with unseen cases of delamination. A total of 13 classification labels
corresponding to the 13 cases were used, where one case indicates the healthy state of
the structure while the others indicate delaminated cases and each label corresponds
to a specific damage location. Therefore, the prediction using the proposed neural
network can provide both damage occurrence and damage location information.
The CNN showed an overall classification accuracy of 90.1% which is acceptable
compared to results obtained by other machine learning approaches. The proposed
approach could be extended to assess other types of damages in composite laminates.

A deep learning-based framework was proposed by Meng et al. [90] for the
classification of ultrasonic signals from CFRP laminates with void and delamina-
tion. CNN is employed to learn high-level representation for each signal from wavelet
transform. A linear SVM is used on the top layer for classification tasks. Results are
compared with those using handcrafted features, different loss functions and differ-
ent classifiers, respectively. It’s shown that the chosen methods including Wavelet
transform, CNN, SVM have optimal performance. Deep learning is employed in
SHM for various other types of materials.

CNN-based approach was proposed in [91] and [92] for joint damage detection
on a steel frame of Qatar University grandstand simulator. Damages are simulated
by loosening the bolts at connection joints. A unique 1D CNN for each one of the 30
joints instrumented with accelerometers is designed. Raw 1D signals from healthy
and damaged structures are directly fed into the related CNN. Therefore, the health
state of each joint can be detected by the corresponding CNN. Results show that
the proposed approach is capable of extracting optimal damage-sensitive features
automatically from the raw acceleration signals, allowing it to be used for real-time
damage detection.

In order to overcome the two major deficiencies of ANN: (1) manually extracted
features require expertise, (2) ANN is not capable to learn complex non-linear rela-
tionships in fault diagnosis issues, Jia et al. [93] proposed a DNN-based approach
to mine damage-sensitive information from raw data and make predictions of struc-
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tural health state for bearings. Results show that the proposed method can not
only mine available fault characteristics from raw signals, but also obtain superior
detection accuracy compared with existing methods.

X. Guo et al. proposed a hierarchical adaptive deep convolution neural network
(ADCNN) for SHM of bearings [94]. In this work, experimental dataset provided by
Case Western Reserve University is adopted, in which there are 3 types of damage,
each of which has three severity levels, along with 1 healthy state. ADCNNs were
constructed for recognizing fault types and predicting fault size, respectively. The
first ADCNN architecture has seven main layers, where the first layer is used to
convert the signal-vector input into a matrix. The followed 3 layers are ConvNet
layers, each of which consists of a convolution layer and a max-pooling layer. Two
fully connected layers are followed by a softmax layer after the ConvNet layers. After
fault-pattern recognition in the first ADCNN, 3 ADCNNs are constructed for each
fault type. They have the same architecture as the first ADCNN. After training,
test samples are used in each ADCNN and the output provides the probability that
the given sample belongs to each class of the three severity levels.

Zhang et al. proposed an end-to-end deep CNN-based method which takes en-
vironmental noise and working load changes into consideration for fault diagnosis of
bearings in [95]. Experimental dataset provided by Case Western Reserve University
is adopted to train and validate the proposed method named Convolution Neural
Networks with Training Interference (TICNN). In the dataset, there are three types
of damage, each with 3 severity, plus a healthy model, for a total of 10 cases, corre-
sponding to 10 classification classes. The proposed model takes raw temporal signals
as inputs and doesn’t need any denoising pre-processing. It can achieve pretty high
accuracy under noisy environment and even when working load is changed, which
outperforms DNN. They proposed a similar approach in [96] that can achieve 100%
classification accuracy on raw 1D vibration signals.

T. Ince et al. proposed a 1D CNN for real-time motor fault detection in [97].
Raw signals are pre-processed and only two classes are introduced - health, dam-
age. CNN-based fault detection was proposed in [98, 29] for SHM of bearings. In
these works raw amplitudes of the frequency spectrum of vibration signals are used
as input to proposed models during training and testing steps. Although CNN
is a powerful tool of classification for images, these works prove its capability of
classifying 1D signals.

Ding and He [99] proposed an energy-fluctuated multi-scale feature learning ap-
proach based on wavelet packet energy (WPE) image with deep CNN for intelligent
spindle bearing fault diagnosis. 2D WPE image of the frequency subspaces is used
as input to the deep CNN. The comparison of the proposed feature mining approach
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outperforms others and is quite suitable for spindle bearing fault diagnosis.
Vision-based method using deep CNN architecture was proposed in [100, 101]

for concrete crack damage detection. Intact and crack images of concretes are fed
into CNN models to learn damage-related features and detect the presence of cracks.
Results show that only using vision images, deep CNN models can provide reliable
crack detection in concretes and can also minimize false alarms. Other related works
in which deep learning is employed for SHM are referred to [102] for surface fatigue
crack identification in steel box girder of bridges using CNN based on consumer-
grade camera images, and [103] data anomaly detection based on acceleration data
from the structural health monitoring system of a real long-span bridge using DNN.

1.4 Conclusion

In this chapter, the research background of composite structures, especially compos-
ite sandwich structures and its advantageous properties compared with traditional
alloy materials, is firstly presented. However, since composite materials are suscep-
tible to several damages, the concept structural health monitoring (SHM) is then
introduced and SHM methods that have been studied in recent years are reviewed.
With the development of artificial intelligence, it is more and more used in engineer-
ing problems, providing new possible solutions to the disadvantages of traditional
structural health detection methods. Several machine learning and deep learning
methods are introduced and its applications in engineering problems, especially in
SHM are emphasized.
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In data driven-based SHM systems, information containing the structure’s health
status is quite important for the performance of the system. Thus, as many struc-
tural status as possible should be collected to construct a reliable database because
different sets of data correspond to different healthy conditions of a structure. How-
ever, it is neither economic nor realistic to build real structures of different health
status, especially for huge and expensive structures to construct a database. To un-
derstand the behaviour of a structure, numerical simulation of structures in different
conditions is a promising idea. Therefore, SHM achieved by simulation becomes a
compromise way.

2.1 Finite element method

Understanding the behaviors and characteristics of a complex object is often impos-
sible to achieve through a simple act. A natural way is to subdivide a large system
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into finite number of smaller, simpler components or elements, whose behavior is
readily known. This process is called "discretization". Then the original system is
rebuilt from such components and elements in order to study the behavior of the
entire system as a whole. Based on this idea, the Finite element method (FEM) is
proposed to solve problems of engineering and mathematical models encountered in
structural mechanics, heat transfer, electric and magnetic potential and fluid flow,
etc [104].

The characteristics of an object are usually determined by the laws of physics.
The description of the laws of physics related to space-time problems is generally
expressed by partial differential equations (PDEs). Therefore, for most geometries
and problems, important variables and parameters can be obtained by solving these
PDEs. However, analytical solutions for these PDEs are not always available. In-
stead, they can be approximated by introducing approximation equations based on
different types of discretization. The FEM subdivides the studied object into small
finite elements, which can be expressed by a system of numerical model equations.
These simple equations that model the finite elements then constitute a larger sys-
tem of equations that models the entire problem. The global system of equations has
known solution techniques and can be calculated from initial conditions to obtain a
numerical answer. The solution to the system of equations is an approximation of
the real solution to the PDEs. FEM is used to compute such approximations.

A variety of softwares for solving engineering problems have been formed based
on the laws of physics in different fields using FEM. The laws of physics are expressed
in mathematical models in corresponding fields such as structural mechanics and
electromagnetics. Numerical model equations are then obtained from mathematical
models discretized by the FEM. The solutions of the numerical model equations
from the software are described in space and time, which will be used to understand
the behavior of the studied system as well as making predictions about it.

ANSYS is one of the most commonly used softwares for simulation. The Ansys
Parametric Design Language (APDL) is a powerful scripting language dedicated to
solving a series of problems such as thermal, structural, acoustic, piezoelectric and
some others that can be simulated. One essential task for FEM software is to build
a model of the studied object with appropriate elements in the analysis of structural
mechanics since different types of element may lead to different performances of the
simulation. In this study, two elements SHELL 181 and SOLSH 190 in ANSYS
are mainly used to build the studied structure - composite sandwich plate. The
comparison of these two elements in [105] suggests that material properties and
geometries of these elements are similar to those used in aerospace industry. A brief
introduction of these two elements will be conducted as follows.
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Figure 2.1: Geometry of shell element SHELL 181 [106]

Figure 2.2: Geometry of solid-shell element SOLSH 190 [106]

Shell element SHELL 181 is a shell element suitable for analyzing thin to
moderately-thick shell structures. It has four nodes with six degrees of freedom
at each node: three translations and three rotations along x, y and z axis, as shown
in figure 2.1. The element is defined by four nodes I, J, K and L. It can be used
for layered applications in composite shell models and sandwich construction. The
bending deformation is taken into consideration while the transverse shear deforma-
tion is neglected.

Solid-shell element SOLSH 190 is suitable for simulating shell structures with a
wide range of thickness. The element has a topology of continuum solid element. It
has eight nodes with three degrees of freedom at each node: translations in the x, y
and z directions. The geometry, node locations and the element coordinate system
of the element are shown in figure 2.2. The connection of this element with other
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continuum elements does not need extra efforts. This element has the properties of
plasticity, hyperelasticity, stress stiffening, creep, large deflection and large strain.
It can be used to simulate laminated shells and sandwich construction.

2.2 Structure modeling

In the present work, a hexagonal shaped Nomex honeycomb core (3D core) and
CFRP-skin made composite sandwich plate is selected as the study target, based
on which machine learning-based Structural health monitoring is conducted. The
composite sandwich plate is a periodic structure, in which each unit cell structure has
the form of honeycomb. The geometry of a unit cell is illustrated in figure 2.3 with a
top view, a front view and a corner view. Each cell is composed of a honeycomb core
and two face sheets. The height of the honeycomb core is H = 15mm in which the
radius and wall thickness are r = 5mm and t = 0.2mm, respectively. The thickness
of each face sheet is h = 2mm.

(a)

(b) (c)

Figure 2.3: Geometry of a unit cell of the composite sandwich plate with a core in
the form of honeycomb (green) and two face sheets (blue). (a) Top view, (b) Front
view, (c) Corner view

The unit cell structure is repeated 20 times in x direction and 34 times in y
direction to form a rectangular plate. The plate of spatial dimensions 300 mm ×
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294 mm × 19 mm consists of a honeycomb core and two face sheets. The Nomex
core’s material properties are: ρ1 = 1240kg/m3, ν1 = 0.33, E1 = 5.5× 109Pa. The
face sheets are laminate panels made of carbon/epoxy materials whose properties
are: ρ2 = 1850kg/m3, ν2 = 0.3, E2 = 70 × 109Pa. A simplified illustration of the
sandwich structure is referred to figure 2.4(a).

(a) (b)

Figure 2.4: (a) Simplified geometry from top view and front view and (b) numerical
model of the composite sandwich panel from corner view

The honeycomb sandwich plate consisting of a honeycomb core and two skin
plates is shown in figure 2.4(b). Within our study the dimensions of the face sheets
and the core will not change. The structure is modeled in commercial software
ANSYSr.

The face sheets are modeled by the SOLSH190 solid-shell element which has 8
nodes with 3 degrees of freedom at each node: translation in x, y and z directions.
In this manner, face sheet shear phenomena can be taken into account when a signal
with high frequency propagates in the structure. 2D shell element SHELL181 is used
to model the honeycomb cells. The transition area where the face sheet connect to
the honeycomb cell is often the weakest region. In our study, the elements of shell
and solid-shell are connected with an automatic constrain equation developed by
ANSYSr. The face sheets and core share the same nodes and the mesh is compatible
at the interface between the two parts of the sandwich plate. The total number of
meshing elements is about 177000, which guarantees a minimum mesh density of 10
elements per wavelength for the model.
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2.3 Model validation

Whatever modeling technique is being used, model validation is an essential proce-
dure to assess if a numerical model is a "good" representation of the reality. There
is no doubt that judging a numerical model is "good" or not is subjective. However,
from the perspective of model performance, the quality of a model can be measured
according to the difference between the model’s performance and the represented
system. In other words, it can be achieved by checking if the numerical model pos-
sesses essential features of a real model. In this study, the FEM model is validated
by two approaches: comparing wave propagation velocity of simulation with analyt-
ical results, comparing the first 5 natural frequencies with a simplified homogenized
sandwich model.

2.3.1 Group velocity of wave propagation

Group velocity of the wave propagation in the sandwich structure is evaluated by
analytical and numerical methods. In numerical method, as the honeycomb struc-
ture has a orthotropic property due to its geometry, which means the panels react
differently depending on the orientation of the structure. It is therefore necessary
to distinguish between the directions of symmetry, the so-called L and W-direction.
In the present study, only the wave velocity along the L-direction (x direction) is
considered.

The governing equations for vibration of sandwich structures are described in
[107]. The total deflection of a sandwich plate w is due to the bending of the core
denoted by β and the angular displacement due to the shear in the core denoted by
γ:

δw

δx
= β + γ (2.1)

The differential equation governing w, β and γ can be obtained by Hamilton’s
principle:

δ

∫ ∫
(U + V − T ) dxdt = 0 (2.2)

where U is the elastic energy per unit length, V is work per unit length done by
external forces and T is the kinetic energy per unit length. Here external forces are
not considered, so V = 0. Combining equation 2.1 and 2.2, the following equations
governing w, β and γ can be obtained:

−GeH
(
δ2w

δx2
− δβ

δx

)
+ 2D2

(
δ4w

δx4
− δ3β

δx3

)
+ µ

δ2w

δt2
= 0 (2.3)
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−D1
δ2β

δx2
+ 2D2

(
δ3w

δx3
− δ2β

δx2

)
+ Iρ

δ2β

δt2
−GeH

(
δw

δx
− β

)
= 0 (2.4)

where Ge is the effective shear stiffness of the core, H and h are the height of the
core and thickness of the face sheet, respectively. D1 and D2 are the overall bending
stiffness of the core and the bending stiffness of the face sheet, Iρ is the mass moment
of inertia per unit width, and µ is the mass per unit area. The expression of D1,
D2, Iρ and µ are given in [19] as below:

D1 = E1
H3

12
+ E2h

(
H2

2
+Hh+

2h2

3

)
(2.5)

D2 = E2
h3

12
(2.6)

Iρ = ρ1e
H3

12
+ ρ2h

(
H2

2
+Hh+

2h2

3

)
(2.7)

µ = 2hρ2 +Hρ1e (2.8)

where ρ1e is the effective density of the core. The deviation of the expression of the
core effective density ρ1e as well as the core effective shear stiffness Ge can be found
in [108], and they are written as below:

ρ1e = ρ1

(
1−

(
l − t

2 cos θ

l

)2
)

(2.9)

where l is the side length of a honeycomb cell, which here is a regular hexagon, thus
l = r. θ = 30◦.

Ge = E1

(
t

l

)3 1 + sin θ

cos θ

1

C
(2.10)

where C is expressed as:

C =

[
3 +

(
t

l

)2 (
(2.4 + 1.5ν1) (3 + sin θ) + (1 + sin θ)

(
(1 + sin θ) tan2 θ + sin θ

))]
(2.11)

Assuming that plane waves propagate along direction x and have a form
w(x, t) = ω0e

−j(ωt−kx). The wave number k must satisfy the 6th order dispersion
relation in the sandwich plate:

2D2k
6−2D2

D1
Iρk
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(
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2D2

D1
µ+

IρGeH

D1

)
k2ω2+GeH

(
k4 − µ

D1
ω2

)
+
Iρµ

D1
ω4 = 0

(2.12)

By introducing two hypotheses: the rotation inertia per unit width is small
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compared with the shear effects Iρω2 � GeH, and the bending stiffness per unit
width of the face sheet is negligible in comparison with the overall bending stiffness
D2 � D1. Therefore the 4th order dispersion relation of the sandwich plate is
obtained:

Sk4 − µω2k2 − µω2S/D1 = 0 (2.13)

where S = GeH is the transverse shear rigidity of the plate. Therefore the group
velocities corresponding to the 6th and 4th dispersion relation can be obtained by
the relation of wave number k and angular frequency ω defined by:

vg =
δk

δω
(2.14)

Material characteristics are listed in table 2.1. The core is described with effective
properties after homogenization in the table.

Table 2.1: Dimensions and material properties for the sandwich plate. Here the
properties of the core are results after homogenization.

Material Thickness Density E (Pa) G (Pa)

Skin 2 mm 1850kg/m3 E2 = 70 G2 = 26.9

Core 15 mm 56.6kg/m3 Ee = 8.63 · 105 Ge = 2.1658 · 105

Overall 19 mm µ =8.25kg/m2

Group velocities obtained by the 4th order dispersion relation for the sandwich
structure in x direction is shown in figure 2.5.

Figure 2.5: Group velocities obtained by the 4th order dispersion relation for the
sandwich structure.

To obtain the group velocity along direction x in a numerical sandwich model,
a 3D sandwich beam that has the same cell structure as the sandwich plate is
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Figure 2.6: Illustration of the beam for the measurement of group velocity in di-
rection x. The length is L=1.5m. Excitation signal is a pulse of frequency 4000
Hz
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Figure 2.7: Continuous Wavelet Transform of the input and output signal in the
sandwich beam, with input signal 4kHz. (a) Vibration signal, (b) CWT

constructed with length L=1.5m, as shown in figure 2.6. Note that a beam is used
for the sake of saving computational cost. A pulse excitation signal with frequency
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f = 4000Hz is applied on one edge of the beam. Simulation is conducted for the
propagation of the signal, with a total calculation time of 0.01 s, which allows the
signal propagate to the other edge. Propagated signal is collected at the other edge
with a distance of 1.5 m from the input point. Continuous Wavelet Transform is
employed to extract the Time of Flight (ToF) of the signal. The ToF is defined
as the time difference between the maximum energy of the signal at the central
frequency of the output signal and input signal.

As shown in figure 2.7 obtained from Continuous Wavelet Transform, the ToF is
obtained as ∆t = 3.9996ms. Therefore, the group velocity for a signal of frequency
4kHz in the sandwich beam is :

vgs =
L

∆t
= 375.1m/s

where the index gs indicates group velocity by simulation. Comparing to the ana-
lytical group velocity corresponding to the frequency 4kHz obtained in figure 2.5,

vga = 339.4m/s

where the index ga indicates analytical group velocity. There is a error of 9.5%
between numerical and analytical group velocities.

2.3.2 Homogenized model

Construction of a homogenized sandwich model is conducted aiming at comparing
the first 5 natural frequencies with those of the sandwich plate with honeycomb core
in ANSYS. The approach is to replace the honeycomb core with an equivalent solid.
Therefore the important task is to obtain reliable effective material parameters,
including effective density, effective Young’s modulus and effective shear modulus
of the honeycomb core.

For a honeycomb core in the shape of general hexagon, as shown in figure 2.8,
the effective bending lengths of the cell wall are denoted by lb and hb. They are
expressed as

lb = l − t/ (2 cos θ) (2.15)

hb = h− t (1− sin θ) / cos θ (2.16)

The effective density ρ∗1 for a unit cell highlighted in figure 2.9 can be determined
by dividing the mass of the material in an unit cell by the total volume of the material
and the void part, given the material density and the volume of the cell and the
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Figure 2.8: Schematic representation of periodic hexagonal honeycombs with uni-
form wall thickness. (a) honeycomb cells, (b) geometrical dimensions and (c) build-
ing blocks of the node region [108]

Figure 2.9: Periodic honeycomb cells in the shape of hexagon

void:
ρ∗1
ρ1

= 1− Avoid
Acell

= 1− lb (lb + lb sin θ)

l (l + l sin θ)
(2.17)

The out-of-plane Young’s modulus in the z direction can be determined by as-
suming that the honeycomb deformation is axial under normal loading in the z
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direction. Hence, the longitudinal modulus can be expressed as:

E∗z = E1

(
ρ∗

ρ1

)
(2.18)

The effective Young’s modulus in x direction and y direction as well as the effective
shear moduli in in different directions are given by [108], expressed as:
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)3 cos θ

(h/l + sin θ) sin2 θ

 1

1 + (2.4 + 1.5ν1 + cot2 θ)
(
t
lb

)2
 (2.19a)
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The term C in (2.19c)is expressed as
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As the core of the structure studied in the present work is a regular hexagonal
honeycomb, we have l = h, lb = hb, θ = π

6 . Substituting the properties of material
described in section 2.2 in the above equations, the effective parameters can be
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calculated and are listed in table 2.2.

Table 2.2: Effective characteristics of the honeycomb core

Parameter E∗x E∗y E∗z

Value 8.63× 105 Pa 8.63× 105 Pa 2.51× 108 Pa

Parameter G∗xy G∗xz G∗yz

Value 2.1658× 105 Pa 4.775× 107 Pa 4.775× 107 Pa

A modal analysis is performed in ANSYS for the honeycomb sandwich plate and
the homogenized sandwich plate, respectively. The first 5 natural frequencies and
corresponding mode shapes of each model are extracted to verify the reliability of
the theoretical formulas mentioned previously, as shown in figure 2.10. The first
five natural frequencies and mode shapes of the homogenized model are on the left
in the figure while the other five on the right are for the honeycomb plate model.
The first 5 natural frequencies for the two models and the percentage errors between
them are listed in table 2.3. The results show that the errors are below 3.4% for the
first five natural frequencies. As the frequency increases, the error tends to increase.
It’s an acceptable accuracy for the homogenized model, which demonstrates that
the theoretical formulas to derive effective characteristics are reliable.

Table 2.3: Natural frequencies of the honeycomb sandwich plate and the homoge-
nized sandwich plate

Order Homogenized (Hz) Honeycomb (Hz) Error (%)

1 2491 2496 -0.2%

2 3739 3811 -1.9%

3 4313 4332 -0.4%

4 5043 4919 2.5%

5 5166 4994 3.4%
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(a) 2491 Hz

(b) 3739 Hz

(c) 4313 Hz

(d) 5043 Hz

(e) 5166 Hz

(f) 2496 Hz

(g) 3811 Hz

(h) 4332 Hz

(i) 4919 Hz

(j) 4994 Hz

Figure 2.10: The first five natural frequencies with corresponding mode shapes of
(a-e) a homogenized sandwich plate and those of (f-j) a honeycomb sandwich plate
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2.4 Damage

Composite materials exposed to long term loads and critical working environment
may have damages due to fatigue, impact or material degradation. Cracks and
delamination are two most common damages for composites. In the first attempt
of this study, crack damage is designed in the sandwich structure and investigation
of the capability of detecting this kind of damage is conducted. After the validation
of the composite sandwich plate model without damage, models with cracks in
different positions are constructed. Five crack damages in the x direction and one
crack damage in y direction are created. Cracks in x direction are located at (x = L

4 ,
y = W

4 ), (x = L
4 , y = W

2 ), (x = L
2 , y = W

4 ), (x = L
2 , y = W

2 ), (x = 3L
4 , y = 3W

4 ),
respectively. Crack in y direction is located at (x = L

2 , y = W
2 ). The length of

cracks is 30mm which is L
10 in x direction, and crack length in y direction is 43mm,

as illustrated in figure 2.11. Cracks are designed through the core and the top face
sheet so that the interaction of the propagated signal with the damage is detectable.
Cracks are created by disconnecting local nodes.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 2.11: Composite sandwich models with crack damage in different positions:
(a) in x direction x = L

4 , y = W
4 (b) in x direction x = L

4 , y = W
2 (c) in x direction

x = L
2 , y = W

4 (d) in x direction x = L
2 , y = W

2 (e) in x direction x = 3L
4 , y = 3W

4
(f) in y direction x = L

2 , y = W
2 . The setup of the model consists of 1 actuator (red)

and 3 sensors (yellow) attached on the face-sheet

For each model, actuator and sensors are attached on the top face sheet. They
are located in four corners. One sensor is used as actuator through which the
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pulse excitation signal is inserted, while the other three sensors are used to collect
propagated signals through the structure, as shown in figure 2.11(a). In actual cases,
the actuator converts the input voltage signal into a displacement signal, while the
sensor converts the received displacement signal into a voltage signal. Thus in the
current study, for the sake of convenience, we directly input the displacement signal
on the structure and extract the displacement signal at the corresponding position
to represent the work of actuator and sensors. The vertical displacement of nodes
are collected for further signal processing.

2.5 Simulation

In the simulation of each model, a pulse excitation signal with 7 cycles is applied
on the actuator to stimulate vertical displacement. Transient analysis is performed
on the sandwich plate structure. Damping coefficients are set as follows: matrix
multiplier is set as α = 0 and stiffness matrix multiplier as β = 6.37 × 10−7. The
calculation time is set as 0.01s, which is long enough for the wave to propagate
through the whole plate. The sampling frequency fs should be no less than 2 times
the signal frequency f according to the Nyquist’s rule. In the present research
the sampling frequency is set as fs = 8f in order to make the recorded signal be
representative. In each simulation case, vibration responses of one structure are
collected at three sensors for further use. They are saved in one file to represent the
structural health status in that condition. Same simulations are performed for the
same structure with input signals of different frequencies. Then the same simulations
are conducted for structures with different health status successively. As mentioned
above, we have 7 composite sandwich plate models among which one healthy and six
with crack damages at different positions. On each model 3 different input signals
with frequency 8kHz, 6kHz and 4kHz are applied successively corresponding to 3
simulation cases. So far a total of 21 simulation cases are obtained. The objective
is to perform the least cases with which machine learning approaches can detect the
structure’s health status and determine probable damaged regions. The information
of the computer used for simulation is as follows: System Windows 10, Processor
Intel Core i7-7700 CPU, 16G RAM. The computation time for each case is around
2.5 hours and 3.5 hours depending on different frequencies.

A comparison of the vibration responses of a healthy structure and the structure
in figure 2.11(b) to a same input signal of 8kHz with 7 cycles at the same position is
firstly conducted, as shown in figure 2.12. The compared signals are from three sen-
sors on the structure together with the input signal. First of all, in both structures
it can be seen that the original input excitation signal waveform has changed after
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propagating along different directions by comparing the signals in figure 2.12 (b-d)
with figure 2.12 (a). This is due to the wave dispersion in the structure. Besides, as
the core of the structure is honeycomb that has anisotropic properties, the dispersive
behavior of the structure is direction-dependant, which results in the differences in
the vibration responses from 3 sensors in figure 2.12 (b) to figure 2.12 (d). More-
over, comparing the vibration responses of healthy and damaged structures from
sensor 3, we can find that in the first wave packet, the amplitude of the signal from
damaged structure is slightly higher than that from healthy structure, as shown in
2.12 (d). It is due to the fact that the existence of the crack damage in this position
reduces the bending stiffness of the structure in y direction from the actuator to
sensor 3. Furthermore, comparing the healthy and damaged structures in 2.12 (b)
and (d), the signal difference occurring between wave packets might be caused by
the interaction of input signal with the crack, but as the difference is not evident,
machine learning algorithm should be used to learn such kind of features.
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Figure 2.12: Comparison of structural vibration responses of a healthy model and a
model with crack damage to an excitation signal of frequency 8 kHz. (a) Excitation
signal, (b) Vibration response at Sensor 1, (c) Vibration response at Sensor 2, (d)
Vibration response at Sensor 3

The DWT coefficients are then compared in figure 2.13. As mentioned in 2.6.4,
DWT can extract information in both time and frequency domain. The mismatch
between the vibration responses of healthy and damaged structures can be extracted,
as shown in figure 2.13 (b) and (d). It should be noted that only the first 256
coefficients, which correspond to lower frequencies of the analysis, carry relevant
information and the rest of the signal can be discarded without any major loss of
information. In addition, discarding half of the signal can speed up the computation
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in further step.
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Figure 2.13: Comparison of DWT coefficients of the vibration responses in Figure
2.12. (a) DWT of excitation signal, (b) DWT of vibration response at Sensor 1, (c)
DWT of vibration response at Sensor 2, (d) DWT of vibration response at Sensor 3

2.6 Features extraction techniques through FE simula-
tion

In the current research, conventional machine learning method Gaussian Process and
deep learning method Convolutional Neural Networks will be applied successively.
Before introducing the machine learning methods, a signal processing and feature
extraction method is firstly introduced.

There exist various signal processing methods, such as one of the most commonly
used Fourier Transform (FT), Short Time Fourier Transform (STFT), wavelet trans-
form (WT) methods like Continuous Wavelet Transform (CWT) as well as Discrete
Wavelet Transform (DWT). These processing methods are often used to extract fre-
quency information of a time-domain signal, because some distinguished information
is not visible in the time domain, but can be seen in the frequency domain, such as
graphical recording of heart’s electrical activity in medicine, where symptoms of a
pathological condition are shown in the frequency domain. A frequency spectrum
of a signal is the frequency components of the signal. In fact there are many other
transforms that are used in mathematical and physical problems except these four
mentioned methods. But for a better understanding, the principle of each method
mentioned above will be introduced in this section, along with the advantages and
disadvantages of each method.
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2.6.1 Fourier transform

Fourier Transform (FT) is widely used due to its convenience in implementation
and its capability of extracting frequency information of a time-series signal. The
FT decomposes a time-domain signal f into its constituent frequencies, which is
achieved by:

f̂(ξ) =

∫ ∞
−∞

f(t)e−2πitξdt (2.21)

for any real number ξ, where f̂ indicates the FT of the function f at hand, t
stands for time and ξ stands for frequency. It’s worthy of note that the signal
f(t) is multiplied by an exponential term with some certain frequency ξ, and then
integrated over all time instances. If the result of the integration is relatively large,
then it means that the frequency ξ is a dominant spectral component in the signal
f(t). If the integration result is small or equal to zero, then it means that the signal
f(t) does not have a frequency component of ξ.
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Figure 2.14: An example of Fourier Transform. (a) function f(t) containing fre-
quency components 5Hz, 20Hz and 50Hz in different time intervals, (b) Fourier
Transform of f(t), (c) function g(t) containing frequency components 5Hz, 20Hz
and 50Hz in all time instances, (d) Fourier Transform of g(t).

The information provided by FT corresponds to all time instances. In other
words, regardless of the frequency component present in this or that time interval,
the FT provides the same result. Thus, FT is not suitable if the signal is non-
stationary, which means frequency components are time dependence. FT is only
suitable for stationary signals, which is usually not the case, because it can only
determine which frequency component exists in a signal. An example is illustrated
in figure 2.14. In the sub-figure (a), the function f(t) contains frequency components



48 Chapter 2. Structure modeling and features extraction techniques

of 5Hz, 20Hz and 50Hz. The component of 5Hz occurs in the first 1/3 time interval,
20Hz occurs in the second 1/3 time interval and 50Hz occurs in the last 1/3 time
interval. The corresponding FT is illustrated in sub-figure (b) where the three peaks
correspond to the three different frequencies. The existence of the small noise-like
peaks between those three major peaks are due to the sudden change of frequencies.
In sub-figure (c), the function g(t) contains the same frequency components as f(t),
but in the entire time domain. Sub-figure (d) is the corresponding FT and the
three peaks correspond to the three different frequencies. It is evident that the two
functions f(t) and g(t) are totally different in time domain, but their FT results are
the same, which demonstrates the limitations of FT in processing non-stationary
signals.

2.6.2 Short Time Fourier Transform

Short Time Fourier Transform (STFT) is then proposed to obtain both time and
frequency domain information by involving a window function. As FT is not suitable
for non-stationary signals, it is assumed that some portion of a non-stationary signal
is stationary. The signal can be divided into several segments with equal length by
a window function w. It’s assumed that the window is narrow enough that each
segment is a stationary signal, thus FT can be performed in each segment and
frequency information can be then extracted. STFT is achieved by:

STFT{f(t)}(τ, ξ) =

∫ ∞
−∞

f(t)w(t− τ)e−i2πξtdt (2.22)

where f(t) is the function at hand, w(t) is the window function. It can be seen
that STFT of a signal is nothing but the FT of the signal multiplied by a window
function. The window function can be a Gaussian function in the form:

w(t) = e−a
t2

2 (2.23)

where the term a determines the width of the window. It should be noted that the
width of the window is inversely proportional to the value of a.

The window function is firstly located at t = 0 of the signal f(t). Suppose the
width of the window function is ‘T’ second, then the window will overlap with the
first T/2 seconds. The product of the window function and the first T/2 seconds
of the signal is chosen to take the FT. Then the result is the FT of the first T/2
seconds of the signal. The next step is to shift the window by a step of τ shown in
Eq.(2.22) to a new location. This procedure is repeated until the window overlaps
the end of the signal. Thus, the STFT of the signal at hand is accomplished step by
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step. However, the implicit problem of STFT is that the window width is constant
for all segments. Hence, the Heisenberg uncertainty principle becomes a problem
for STFT. In other words, one can know in which time intervals certain frequency
bands exist, but one cannot know what frequency components exist at what time
instances, which is a resolution problem. More precisely, if the window is too wide,
a good frequency resolution and poor time resolution will be obtained, and in an
extreme case, if the width of the window is infinite, FT will be obtained; otherwise
if it is too narrow, a poor frequency resolution and a good time resolution will be
obtained.
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Figure 2.15: Short Time Fourier Transform of a time domain signal containing
three frequencies. (a) Signal containing 50Hz, 100Hz and 200Hz in three successive
intervals, (b)STFT with a window of length 64, (c)STFT with a window of length
256, (d)STFT with a window of length 1024

In order to interpret the issue more intuitively, an example of STFT using three
windows with different lengths is taken as illustrated in figure 2.15. Figure 2.15(a)
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is a time domain signal containing frequency 50 Hz in the first 1/3 time interval,
frequency 100 Hz in the second 1/3 time interval and 200 Hz in the last 1/3 interval.
STFT is conducted on the time domain signal using windows of three different
widths, 64, 256, 1024, respectively. Corresponding results are illustrated from a
top corner view for better interpretation in figure 2.15(b), figure 2.15(c) and figure
2.15(d), respectively. With a narrow window, the STFT has a good time resolution
as the intervals in which different frequencies exist are well separated and correspond
to the original signal time intervals, but in frequency domain, each peak covers a
range of frequencies instead of a single frequency, as shown in figure 2.15(b). As
the width of the window increases from 64 to 256, the three peaks are not well
separated in time domain compared with the previous one, but the resolution in
frequency domain gets better, as shown in figure 2.15(c). With a wider window
whose width is 1024, a very good resolution in frequency domain can be obtained
as shown in figure 2.15(d), but in time domain the time intervals covered by the
peak overlap each other. Therefore, the task of STFT will be a result of choosing
an appropriate window function.

2.6.3 Continuous Wavelet Transform

Multi-resolution Analysis (MRA) is an alternative approach to analyze signals, al-
lowing to analyze signals with different resolutions at different frequency bands,
which differs from STFT. Continuous Wavelet Transform (CWT) is widely used as
a MRA method. It is defined by:

CWT{f(t)}(τ, s) =
1√
|s|

∫
f(t)ψ∗(

t− τ
s

)dt (2.24)

where f(t) is the signal at hand, ψ(t) is the mother wavelet, τ and s are the trans-
lation and scale, respectively, which are related to time and frequency. Mother
wavelet means that wavelets used in different regions of the signal are derived from
this prototype wavelet, and wavelet means the wave is of finite length, similar to
the window function in STFT. The difference is that the length of the wavelet will
change depending on the location of the wavelet in the signal.

There are various options for mother wavelet, among which some commonly
used are Morlet wavelet, Daubechies wavelet, Coiflet wavelet, Symlets wavelet, etc.
The scale s is proportional to the reciprocal of frequency. In other words, low scale
means high frequency, while high scale means low frequency. The term translation
τ is the same as in STFT, it is used to shift the wavelet to next location. It should
be noted that in CWT, there are two variables: scale and translation, which are
used to scan the time and frequency domains of the signal f(t).
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CWT of a signal is computed as the following: the wavelet is firstly located at
the beginning of the signal at t = 0 with the scale τ = 1. The wavelet is multiplied
by the signal and integrated over the whole time field. The final result corresponds
to the CWT at t = 0 and s = 1 in the time-scale plane. Then the wavelet is shifted
to the next location by a step of τ . The same procedure is performed and repeated
until the wavelet overlaps the whole signal in time field for s = 1. One row of the
time-scale plane is completed. Then the scale s is increased by a sufficiently small
step size so that the computation seems "continuous", and the wavelet locates again
at t = 0. The CWT is computed for the new scale by shifting the wavelet towards
the right. This procedure is repeated for each scale until the entire time-scale plane
is completed.

It is worth mentioning that the computation of CWT of a signal for a certain scale
representing a certain frequency, is a comparison of similarity between the wavelet
and the signal in frequency field. More precisely, if the frequency corresponding to
the scale in the wavelet is a major component in the signal f(t), then the result
of CWT will be relatively large, otherwise it will be small or zero. This is quite
similar to FT and STFT. However, as the transform is continuous, wavelet with
different frequency contents will be shifted for the entire time-domain signal. Thus,
the information provided by CWT will be highly redundant, which will also be
computation time-consuming.

2.6.4 Discrete Wavelet Transform

DWT was proposed, on one hand, to extract information in both time and frequency
domain, on the other hand to reduce the dimension of data, which resolves the prob-
lem of redundancy in CWT. Since the time domain signal is a discrete time sequence,
we denote the sequence as x[n] with n an integer. The transform is computed by
passing the signal through a half band digital lowpass filter with impulse response
h[n] and a half band highpass filter with impulse response g[n] simultaneously.

The filtering, from a mathematical point of view, is convolution of the signal with
the filter. A half band lowpass filter removes all frequencies above half of the highest
frequency in the signal while a half band highpass filter removes all frequencies
below half of the highest frequency. After passing the signal through filters, detail
coefficients from the output of highpass filter and approximation coefficients from
the output of lowpass filter are obtained. Since half the frequencies of the signal have
been removed, half the samples can be discarded according to Nyquist’s theorem.
The output of lowpass filter is subsampled by 2. This constitutes one decomposition
level. This decomposition has halved the time resolution since the number of samples
has been halved, but has doubled the frequency resolution since the frequency band
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has been halved. The subsampled output of lowpass filter is further processed
by passing it again through a new lowpass filter h[n] and a highpass filter g[n]

constituting another decomposition level. It should be noted that the highpass and
lowpass filters are known as the Quadrature Mirror Filters (QMF) and are related
by:

g[L− n− 1] = (−1)n × h[n] (2.25)

where L is the filter length. This whole procedure is illustrated in figure 2.16.

Figure 2.16: The DWT algorithm

The selection of mother wavelet of DWT has an important impact on the results
because the highpass and lowpass filters are determined by the mother wavelet.
Then the filters will affect the result of the transform, in turn affect the final re-
sults. Basically there are two approaches to select an appropriate mother wavelet for
different signal analysis purposes: qualitative approach and quantitative approach
[109]. The former is usually based on visual inspection of the similarity between
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the mother wavelet and the signal. The latter involves several methods such as
Maximum Relative Wavelet Energy (RWE) criterion, Energy to Shannon entropy
ratio criterion, which should be studied in detail.
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3.1 Introduction

Supervised machine learning has been widely used to learn a function that maps
an input to an output based on example input-output pairs [110]. As one sub-field
of machine learning, it helps to improve the efficiency and reduce error in problem
solving. It can be divided into regression and classification problems. The outputs
for regression are continuous values whereas for classification are discrete class labels.
The idea of machine learning-based SHM is to learn the relations between input
variables and output variables. There are several Gaussian process (GP) models for
regression problems, but in this study, a GP model for classification is employed.

A Gaussian Process for classification can be considered as a Gaussian distribution
over functions rather than over variables, and inference takes place directly in the
space of functions. The machine learning algorithm involving GP takes a measure
of the similarity between points to predict the value for an unseen point from the
training data.
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3.1.1 Gaussian process regression

Introduction of a GP model for regression problems is firstly carried out because
it is a necessary step for understanding GP model for classification problems. The
simplest regression model is a linear regression which involves the linear combination
of input variables

y = w0 + w1x1 + ...+ wnxn = w0 +
n∑
i=1

wixi (3.1)

where x = (x1, ..., xn)T is the input vector and w1, ..., wn are the corresponding
coefficients, also called weights. The parameter w0 is a bias parameter. This function
is a linear function of the coefficients wi, as well as a linear function of the input
variables xi. The application of this linear regression model is too limited. Thus, an
extension of the model is conducted by considering a linear combination of nonlinear
functions of the input variables in the form of

y = w0 +
n∑
i=1

wiφi(x) (3.2)

where φi is a basis function. It is often practical to define another function φ0(x) = 1

as an additional ’basis function’ so that Eq. (3.2) can be simplified as

y =
n∑
i=0

wiφi(x) = wTφ(x) (3.3)

where φ = (φ0(x), ..., φn(x))T and w = (w0, ..., wn)T. By introducing nonlinear
basis functions, the output y becomes a nonlinear function of the input vector x,
which is commonly encountered in solving engineering problems. Now consider
a Gaussian prior distribution over the weights w with zero mean and covariance
matrix α−1I in the form of

p(w) = N (w|0, α−1I) (3.4)

where α is hyperparameter representing the inverse variance of the distribution that
governs the distribution and I is a identity matrix. For a particular value of weights
w, Eq. (3.3) defines a particular function of x. Thus, from the Gaussian distribution
over w expressed in Eq. (3.4), one can induce a probability distribution over the
function y(x). Practically, it is expected to evaluate this function at specific data
points of x so that we can obtain the joint probability distribution of y(x1), ..., y(xN ).
We define a vector y = (y1, ..., yN ) where each element yi = y(xi) for i = 1, ..., N .
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Similar to Eq. (3.3), then this vector can be rewritten in matrix notation as

y = Φw (3.5)

where Φ is a matrix whose elements are Φij = φj(xi). Note that y is a linear
combination of w whose probability distribution is Gaussian, as expressed in Eq.
(3.4). Thus, y is also a Gaussian distribution. Based on Eq. (3.4) and Eq. (3.5),
the mean and covariance of y can be derived as:

E[y] = ΦE[w] = 0 (3.6)

cov[y] = E[yyT] = ΦE[wwT]ΦT =
1

α
ΦΦT = K (3.7)

where K is the Gram matrix whose elements are in the form of

Kij = k(xi,xj) =
1

α
φ(xi)Tφ(xj) (3.8)

here k(xi,xj) is the kernel function.

Similarly, for a Gaussian process which is defined as a probability distribution
directly over functions, given an input vector variable x with dimension D, the
corresponding output target t is related with the input vector by a nonlinear smooth
mapping function f with an additional Gaussian noise ε

t = f(x) + ε (3.9)

In the same way, for a given input training data set D = {X, t} containing input
training matrix X = [x1,x2, ...,xN ]T constituted by vectors xi and corresponding
training target vector t, in which each element is expressed as ti = f(xi) + ε,
i = 1, 2, ..., N , we are interested in making inferences about the relationship between
inputs and targets as well as making predictions for a new input xi+1. Therefore,
GP is involved by modeling the mapping function f with a zero mean and covariance
matrix K, see Eq. (3.10):

p(f |D) = N (f |0,K) (3.10)

where f = [f(x1), f(x2), ..., f(xN )]T , K is the covariance matrix, computed by co-
variance function k(xi,xj), also called kernel function, expressed by Eq. (3.11).
In the present study, a covariance function is chosen to express the property that
for similar points xi and xj, the corresponding target values ti and tj will be more
strongly correlated than for dissimilar points. Therefore, the squared exponential
with automatic relevance determination distance (SE-ARD) measure expressed by
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Eq. (3.11) is adopted:

k(xi,xj) = cov(f(xi), f(xj)) = σ2fexp(−
1

2
(xi − xj)

TM(xi − xj)) (3.11)

where M = diag(λ1, λ2, ..., λN ), with each λi corresponding to input dimension
characteristic length scale. σ2f is the signal variance. λ and σ2f are hyperparameters.
In the training step, the objective is to model an appropriate mapping function
f so that the training target ti corresponds well to the training input vector xi.
The learning task is achieved by tuning the hyperparameters denoted by Θ in the
covariance function. And the optimization is accomplished by minimizing the neg-
ative logarithmic likelihood function with respect to the hyperparameters in Eq.
(3.12), which corresponds to choosing the value of Θ for which the probability of
the observed data set is maximized.

L (Θ) = − log (p (t|X)) =
1

2
log |K|+ 1

2
tTK−1t +

N

2
log (2π) (3.12)

where |K| refers to the determinant of the matrix K.
The role of the model is to use known data X and t = [t1, t2, ..., tN ] to predict the

output target of a new input vector xN+1. As the covariance matrix K is composed
of the covariance between each of the first N input vectors, for a new input vector
xN+1, the joint probability distribution can be expressed as:

p(tN+1) = N (tN+1|0,KN+1) (3.13)

where tN+1 = [t1, t2, ..., tN+1]
T, and the covariance matrix KN+1 of dimension (N+

1)× (N + 1) is expressed as:

KN+1=

 K + σ2nI k

kT c

 (3.14)

with k a column vector with elements k(xn,xN+1) for n = 1, 2, ..., N , and c a scalar
with value c = k(xN+1,xN+1)+σ2n. It’s clear to see that the vector k and the scalar c
are both dependant on the test point input vector xN+1. The predictive conditional
distribution over tN+1 is a Gaussian distribution with mean and covariance given
by [111]:

µ (xN+1) = kTKt,

σ2 (xN+1) = c− kTKk

(3.15)

These two items are the most important for the regression because they provide both
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prediction mean value and uncertainty information. In a GP regression example, see
figure 3.1, the regression problem is resolved by making a prediction of the new target
for a new input with a predictive mean value and uncertainty information indicated
by a confidence interval based on known data. In the figure, points denoted by
(+) are training data, the blue line is the prediction generated by Gaussian process
and the grey region represents the confidence interval (mean value ± two standard
deviations: µ± 2σ ). In general, the more detailed information we know, the more
reliable the prediction will be, which means the more sparse the data, the larger
the uncertainty interval of the prediction. We can see that the lack of data in the
interval x ≤ −1.5 and 0.6 ≤ x ≤ 1.8 leads to more uncertain predictions in these
regions while in other regions the prediction generated by Gaussian process is more
reliable.

Training data and predictions of test data with specified hyperparameters
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Figure 3.1: An example of GP regression. + is training data, blue line — is predic-
tions using GP model based on training data, and the grey region is the confidence
interval (mean value ± two standard deviations)

3.1.2 Gaussian process classification

Different from Gaussian process regression, outputs of classification are discrete class
labels. For a classification problem, our goal is to model the posterior probability
distribution of the target for a new input vector, given a set of training data. The
predictive probability should be in the interval [0, 1], but the prediction result of the
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Gaussian process regression is within the entire real range, as mentioned in 3.1.1.
However, GP model can be adapted to classification problems by transforming the
output using an appropriate nonlinear activation function, such as logistic sigmoid:

σ(f) =
1

1 + exp(−f)
(3.16)

Consider a binary classification problem with target value t ∈ {−1, 1}. A Gaus-
sian process is defined over a function f(x) and then this function is transformed by
a logistic sigmoid y = σ(f), with y ∈ (0, 1). A case of 1-D input space is presented
in figure 3.2, where 3.2(a) illustrates a sample from a Gaussian process prior over
function f(x) and 3.2(b) illustrates the result of transforming the function f(x) us-
ing a logistic sigmoid function σ. The probability distribution of the target variable
is given by the Bernoulli distribution:

p(t|f) = σ(f)t(1− σ(f))1−t (3.17)
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Figure 3.2: Example of (a) a sample from a Gaussian process prior over function f(x)
and (b) Result of transforming the function f(x) using a logistic sigmoid function

Similar to the regression, the training input vectors are denoted by x1,x2, ...,xN ,
the corresponding observed targets are denoted by tN = [t1, t2, ..., tN ]T. The ob-
jective is to determine the predictive distribution of p(tN+1|tN ). In classification
problems, the Gaussian noise ε in covariance matrix no longer exists because it is
assumed that every training input vector is correctly labelled. In a two-class prob-
lem, predicting p(tN+1 = 1|t) is enough because the probability of p(tN+1 = −1|t)

is obtained by 1 − p(tN+1 = 1|t). The expected predictive distribution is obtained
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by a marginal distribution expressed as:

p(tN+1 = 1|t) =

∫
p(tN+1 = 1|fN+1)p(fN+1|t)dfN+1 (3.18)

where fN+1 = f(xN+1). However, this integral is analytically intractable. To
approximate the integral, several inference methods can be taken into account, such
as Laplace approximation [111], variational inference [112], expectation propagation
[113], etc.

3.2 Proposed Gaussian process classification

The proposed Gaussian Process includes 2 main steps: training step and testing step
for the purpose of classification using the processed signals from sensors. In the first
step, input-output pairs of known data are used to train Gaussian process model for
each case corresponding to healthy and damaged structural status. As the training
data is correctly labelled, the aim is to determine an optimal mapping function
between the inputs and outputs. In this step, the optimal mapping function should
be able to identify discriminative features that can indicate health or damage status
of the structure. In the second step, the performance of the GP model trained in
the previous step is evaluated when facing unknown features so as to determine if
damages appear in the structure or not.

3.2.1 Training phase

The inspection of the structural health status is achieved by a SHM system consisting
of several sensors permanently attached on the structure. Each sensor can be used
as an actuator to apply a pulse excitation signal or as a receiver to collect data.
In each simulation scenario, a pre-defined pulse signal is applied on the actuator,
which in turn transmits the signal to the structure in the form of vibration. The
signal interacts with elements of the structure during the propagation over the whole
structure. Sensors located at three corners are considered capable of collecting
signals that have interacted with potential damages without missing information.
These raw time series signals are considered to contain discriminative information
about damages and signal processing is then conducted. This process is achieved
by Discrete Wavelet Transform. The signal processing step can be regarded as
reduction of data dimension and feature extraction because DWT is used to extract
information in both time and frequency domains as well as discarding data that is
not dominant without any major loss of information. Data after signal processing
are further used in machine learning algorithms to learn models. In DWT, the
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Coiflet 5 is chosen as mother wavelet after comparing with other wavelets. This
wavelet is the optimal among others in terms of errors, which will be explained in
detail in section 3.3.1.

In each simulation case, one file containing signals collected by three sensors
is obtained. It should be noted that as mentioned in section 2.5, the duration of
each simulation is 0.01s and the sampling frequency depends on the input signal
frequency, thus the number of sampling points for a fixed time duration is different
for different signals.

Note that in DWT the successive subsampling is by 2, the collected signal length
should be a power of 2 or a multiple of power of 2 in order to make the scheme
efficient. Thus, the first 512 sampled points for signals whose length is more than
512 are used for DWT, while for collected signals whose length is less than 512, zeros
are added to the end of each signal until its length becomes 512. DWT is employed
for each collected signal, and the corresponding coefficients are saved as one vector
with the same length as the original signal. Since the frequency bands that are
not very prominent in the original signal will have very low amplitudes, that part
of the DWT signal can be discarded without any major loss of information. For
this reason, only the first 256 coefficients are used, as shown in figure 3.3, where
the upper figure is a vibration signal collected at sensor 2 (on the diagonal of the
actuator) while the lower figure is the corresponding DWT signal.
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Figure 3.3: Example of a DWT for a signal collected at sensor 2 (on the diagonal
of the actuator)

In each simulation, the three vectors after dimension reduction obtained by DWT
are merged into one vector which contains all features from different sensors in the
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order of the sensors. The same procedure is performed for all simulation cases. All
the vectors are finally organized in one matrix in which each row consists of one
transposed vector representing one simulation. This matrix contains all features of
the structures extracted by DWT from every simulation. As data from different
sensors are merged in one vector, and all vectors for different simulation cases are
merged in one matrix before the employment of Gaussian process, this procedure is
considered as early data fusion.

The matrix after data fusion has a dimension of I × 3K, where I is the number
of simulations, K is the number of coefficients retained after signal processing by
DWT on the signal collected from each sensor, and 3K represents the vector length
after data fusion of three sensors in one simulation. The obtained matrix is in the
form of:

X=


x111 . . . x11K
...

. . .
...

x1I1 · · · x1IK

x211 . . . x21K
...

. . .
...

x2I1 · · · x2IK

· · ·

xJ11 . . . xJ1K
...

. . .
...

xJI1 · · · xJIK

 (3.19)

where the element is denoted by xjik with i indicating the simulation number (ith

simulation), j indicating the sensor number (jth sensor) and k indicating the DWT
coefficient number (kth coefficient). Group scaling is performed on this matrix in
order to remove the mean trajectories of each sensor and to make sure that data from
any sensor have the same variance[114]. Group scaling is conducted with respect
to sensors, which means that data collected from the same sensor during every
simulation are scaled. As the matrix can be seen as composed of three sub-matrices
representing data from three sensors, the element in each sub-matrix is scaled by:

x̄jik =
xjik − µ

j
k

σj
(3.20)

where µjk is the mean of the I measurements of sensor j for the kth coefficient, in
the form of

µjk =
1

I

I∑
i=1

xjik (3.21)

σj is the standard deviation of all measurements of sensor j expressed as

σj =

√√√√ 1

IK

I∑
i=1

K∑
k=1

(
xjik − µj

)2
(3.22)
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and µj is the mean of all measurements of sensor j. This scaled matrix X̄ composed
of x̄jik is used as input to the Gaussian Process for subsequent analysis.

In GP training step, input vectors in the matrix X are correctly labelled by the
ground truth (GT) t with t = 1 indicating healthy status and t = −1 indicating
damaged status. Likelihood function together with inference method are employed.
These two functions are specified in the training step. Hyperparameters are pre-
defined randomly for the purpose of initialization. The input is then fed into the
GP model and in turn an output predicted by the model is given denoted by t̂.
During the learning process, negative logarithmic likelihood function (3.12) is used
as loss function to describe the error between the predictive output t̂ derived from
GP model and the corresponding ground truth t. As the predictive output t̂ is
a function of hyperparameters in the kernel function and likelihood function de-
noted by Θ, the negative logarithmic likelihood function is also a function of the
hyperparameters. The optimization process is achieved by minimizing the negative
logarithmic likelihood function with respect to the hyperparameters Θ over a series
of iterations, which corresponds to choosing the value of Θ for which the probability
of the observed data set is maximized. As a result, the error between the predictive
output and the ground truth is minimized. This procedure is illustrated in figure
3.4.

Figure 3.4: Gaussian Process training step

3.2.2 Testing phase

Once the hyperparameters are optimized for the training data, the validated GP
model can be used to make predictions for new inputs. In this study, the GP
model is used to predict if damages occur in the structure. The testing procedure
is the same as that of training before inserting the transformed input into the GP
model. However, in the testing phase, only the trained GP model is used. Besides,
different from the training phase where optimized hyperparameters are as output,
the trained GP model will provide a predictive mean value corresponding to the new
input and a variance of the predictive distribution based on the training data, as
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described in section 3.1.1. The predictive mean value indicates in which label class
the input is most likely distributed, that’s to say healthy or damaged class, while
the variance provides an information of confidence, which indicates the reliability of
the classification result. The predictive label from the GP model can be compared
to the corresponding ground truth so that the effectiveness of the trained GP model
can be evaluated. It should be noted that the GP model is used to predict the
appearance of damages, but unable to localize the probable region where damages
occur. The procedure of the testing step is presented in figure 3.5.

Figure 3.5: Gaussian Process testing step

For the six sandwich models with cracks, simulations are conducted with exci-
tation signals of three different frequencies successively. 30 data sets for each model
are collected. For the damage-free sandwich model, same simulations are conducted
with excitation signals of three different frequencies successively as for the damage
models. 90 data sets are obtained. Thus a data base is constructed with a total
number of 270 data sets, in which 90 data for healthy model labelled by ’1’ and
180 data for damaged models labeled by ’-1’. 70% of the data base is used for
training the GP model and the rest 30% is used for testing. The testing step is
a step for evaluating the GP model for damage predictions in composite sandwich
plates. In both training and testing step, several factors will affect the results, such
as the type of mother wavelet for the DWT, the amount of data discarded by DWT,
the selection of likelihood function and inference method for GP, and the number
of function evaluations to optimize hyperparameters during the training step, etc.
The influence of these factors will be evaluated successively. It is worth mentioning
that although discarding the coefficients that have low amplitude in DWT may not
lead to major loss of information, as has been mentioned in the section 2.6.4, it will
slightly reduce the accuracy of the results, but the effect is negligible.

3.3 Results and discussions

In this section, the influence of previously mentioned factors on the classification
results is discussed. In binary classification case, 1 represents healthy status while
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-1 represents damaged status. It is expected that the predictive mean value is as
close to 1 as possible for the case whose ground truth is healthy, while the predictive
mean value is as close to -1 as possible for the case whose ground truth is damaged.
However, in GP classification model, the predictive mean value is not necessarily 1
or -1. Therefore, it is necessary to define a threshold to determine if the prediction
from the GP model is correct or not. In the testing step, an overall predictive mean
value for each class can be calculated, µd for damaged class and µh for healthy
class. The threshold to separate two classes is defined as the mean value of µd and
µh. The distance from overall mean value to the threshold is called class distance,
indicating how far the two classes are separated, which is considered as a measure
of the quality of the classifier. If the predictive mean value for a case whose ground
truth is damaged is less than the threshold, the prediction is considered as correct,
indicating a damaged status. The same, if the predictive mean value for a case
whose ground truth is healthy is greater than the threshold, then it means that
the status of the structure is predicted as healthy by GP model, which is correct.
Otherwise, it is considered that the GP model misclassifies the case.

3.3.1 Classification with three sensors

Firstly, the influence of the selection of mother wavelet is investigated. As mentioned
in 2.6.4, the selection of mother wavelet has an important impact on the results
because the highpass and lowpass filters used during the discrete wavelet transform
are determined by the mother wavelet. Different filters will perform differently in
filtering, thus will affect the transform results, which in turn will affect the result of
Gaussian process classification.

In the current study, control variate method is employed, that’s to say in each
analysis, only one factor is considered as a variable while others are invariant.
Daubechies 8 (D8) wavelet, Coiflet 5 (C5) wavelet, Haar wavelet and Symlet 10
(S10) wavelet are compared with 512 saved coefficients in DWT, logistic function as
likelihood function, Variational Bayesian (VB) as inference method. 40 iterations
are adopted in the optimization step. Results are shown in figure 3.6. The abbrevia-
tion of mother wavelet, saved amount of data in DWT, likelihood function, inference
method and iteration numbers are successively listed in the title of each sub-figure,
followed by the predictive mean values for two classes, e.g., ‘D8-512-Logistic-VB-40,
µh = 0.697, µd = −0.858’ in figure 3.6(a). It should be noted that in all the fol-
lowing classification figures in this section, the first 54 testing points (denoted by
�) along the x-axis are with ground truth ’Damage’ while the last 27 testing points
(denoted by ∗) are with ground truth ’Health’. The global mean value of predictive
mean value for all testing damaged cases and that for healthy cases are expressed
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Figure 3.6: Influence of the selection of mother wavelet on the classification accuracy.
(a) Daubechies 8, (b) Coiflet 5, (c) Haar, (d) Symlet 10

as

µd =
1

n

n∑
i=1

µdi (3.23)

µh =
1

m

m∑
i=1

µhi (3.24)

where the subscripts d and h represent Damage and Health, respectively. The global
mean value of predictive mean value for all testing damaged cases and that for
healthy cases are −0.885 and 0.775 using Coiflet 5 wavelet, while the results using
Daubechies 8 wavelet are −0.858 and 0.697, Haar −0.857 and 0.698, Symlet 10
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−0.917 and 0.731, respectively, as shown in figure 3.6(a-d). The class distance using
Coiflet 5 is 0.830, larger than that using D8 0.778, Haar 0.777 and S10 0.8244.
Meanwhile, the mean square error for Coiflet 5 is 0.019, much smaller than 0.067

for D8, 0.044 for Haar and 0.030 for S10. In addition, every single case is correctly
classified using Coiflet 5 wavelet, which suggests that Coiflet 5 is more powerful in
extracting features.

It should be noted that some other mother wavelets are also evaluated but have
poorer performance and the corresponding results are listed in Table 3.1. The
classification accuracy of GP model using Haar wavelet and D8 wavelet are 96.30%
and 98.77%, respectively. By contrast, the accuracy using other wavelets are 100%.
However, among all wavelets, the class distance using Coiflet 5 is larger than others
while the mean square error (MSE), which measures the average squared difference
between the estimated values and the actual value, is lower, indicating that using
Coiflet 5 wavelet can make the distinction between the two classes more obvious,
and the samples of each category are more concentrated. Therefore, the GP model
performs better in the classification for both healthy and damaged structures using
Coiflet 5 wavelet.

Table 3.1: Performance of different wavelets in GP classification.

Haar Beylkin Coiflet5 Coiflet3 Coiflet1

Class distance 0.5261 0.8344 0.8803 0.8161 0.8697
MSE 0.0799 0.0374 0.0087 0.0214 0.0135

Accuracy 96.30% 100% 100% 100% 100%

D20 D16 D12 D8 D4

Class distance 0.8397 0.8380 0.8408 0.8363 0.8268
MSE 0.0172 0.0140 0.0133 0.0354 0.0251

Accuracy 100% 100% 100% 98.77% 100%

Symlet10 Symlet8 Symlet6 Symlet4 Vaidyanathan

Class distance 0.8738 0.8323 0.8575 0.8578 0.8320
MSE 0.0145 0.0329 0.0121 0.0172 0.0162

Accuracy 100% 100% 100% 100% 100%

Secondly, the influence of the amount of data discarded by DWT on the clas-
sification accuracy is discussed. According to the previous study, Coiflet 5 mother
wavelet, Logistic likelihood function, Variational Bayesian inference method and 40
iterations are used due to the outstanding performance. An example of DWT coef-
ficients for a signal collected at sensor 2 (on the diagonal of the actuator) together
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with the original signal is illustrated in figure 3.3. The length of the DWT coeffi-
cients is the same as the signal. It is shown that the first 256 coefficients are more
dominant in amplitude than the last 256 ones. Therefore, all 512 coefficients and
the first 256 coefficients are separately used for GP model to study the influence
of the amount of data discarded by DWT on the classification accuracy. The class
distance of classification result with all 512 coefficients and that with the last 256
coefficients discarded are almost equal, with a value of 0.830 and 0.835, while the
former MSE is 0.019, smaller than the latter 0.038. Result shows that without dis-
carding coefficients, GP performs slightly better than that discarding the last 256
coefficients that have low amplitude as shown in figure 3.7, which is reasonable and
easy to understand, because although discarding the coefficients that have low am-
plitude in DWT may not lead to major loss of information, it will slightly reduce
the accuracy of the results, but the effect is negligible.
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Figure 3.7: Influence of the amount of data saved by DWT on the classification
accuracy. (a) 256 coefficients, (b) 512 coefficients

Thirdly, the influence of likelihood function and inference method is investigated
simultaneously because there is an issue of compatibility among different likelihood
functions and inference methods. Four combinations of likelihood function and in-
ference method are presented in figure 3.8, including Logistic-VB in figure 3.8(a),
Logistic-Expectation Propagation (EP) in figure 3.8(b), Logistic-Laplace in figure
3.8(c) and Error function (Erf)-EP in figure 3.8(d). The class distance for the com-
bination from (a) to (d) are 0.779, 0.630, 0.251 and 0.684, respectively. The combi-
nation of Logistic-VB performs better in distinguishing two classes than others. The
corresponding mean square error are 0.047, 0.100, 0.017 and 0.114, respectively. Al-
though the MSE for Logistic-Laplace is the lowest, the corresponding class distance
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Figure 3.8: Influence of likelihood function and inference method on the classifi-
cation accuracy. (a) Logistic-Variational Bayesian (VB), (b) Logistic-Expectation
Propagation (EP), (c) Logistic-Laplace and (d) Error function (Erf)-Expectation
Propagation

is the smallest, with global predictive mean value for healthy and damaged cases
0.281 and −0.22 respectively, around 0 and far from 1 or -1, indicating that this com-
bination has the worst performance in classifying different samples. The Logistic-EP
combination and Erf-EP combination perform better than Logistic-Laplace, with a
global mean value µh = 0.714, µd = −0.546 and µh = 0.745, µd = −0.622, respec-
tively. However, 3 cases are misclassified with Logistic-EP combination and 3 cases
are misclassified with Erf-EP combination. A better result is achieved by Logistic-
VB combination with global mean value µh = 0.667, µd = −0.891 where the class
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distance is 0.779, larger than others, with a smaller MSE 0.047, indicating a better
classification quality, and only 1 case is misclassified.
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Figure 3.9: Influence of iteration numbers to optimize hyperparameters during the
training step on the classification accuracy. (a) 40 iterations, (b) 30 iterations, (c)
20 iterations, (d) 10 iterations

Finally, the influence of iteration numbers on the accuracy of the classification
results is discussed. The iteration number represents the number of optimization
cycles in the training step of GP model. Normally, the more iterations there are, the
more accurate the result should be. Finding an appropriate number of iterations can
not only ensure the quality of the results but also avoid wasting computing time.
The result is presented in figure 3.9, where the vertical axis indicates intervals of
the predictive mean value µ and the horizontal axis indicates the number of testing
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data. A comparison of 40, 30, 20 and 10 iterations is carried out. Here the Coiflet 5
(C5) mother wavelet is chosen in the DWT and the first 512 coefficients are saved to
be used as input for GP. Logistic function is chosen as the likelihood function and
Variational Bayesian (VB) is selected as the inference method. The global mean
value of predictive mean value for all testing damaged cases and that for healthy

cases µg = 1
n

n∑
i=1

µi are −0.885 and 0.775 for 40 iterations, while the results for 30

iterations are −0.838 and 0.714, for 20 iterations −0.891 and 0.667, for 10 iterations
−0.622 and 0.296, respectively. Besides, 1 case with ground truth (GT) ’healthy’
is misclassified in the ’damaged’ class for 20 iterations and 3 cases misclassified for
10 iterations, while every case is correctly classified with 40 iterations and 30 cases.
In addition, the class distance for 40 iterations is 0.830, larger than that for 30, 20
and 10 iterations. Moreover, the MSE is 0.019 for 40 iterations, smaller than 0.022,
0.047, 0.084 for 30, 20 and 10 iterations. It shows that with more iterations, the
result is slightly better than with less iterations, which is consistent with common
sense. 40 iterations are enough to obtain an acceptable classification result.
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Figure 3.10: Comparison of classification result based on (a) noise-free data and (b)
data with noise.

It should be noted that the current research is based on simulation, and there is
no doubt that there will always be differences between simulation and experiments.
In real experimental data the impact of environmental noise should be taken into
consideration. Therefore, it is necessary to add noise to the simulation data to sim-
ulate the influence of environmental noise, so as to approximate experiments and
verify the stability of the proposed method. White Gaussian noise is added into
the raw vibration data that are collected from sensors. Signal-noise ratio (SNR) is
set as 20dB. Then the same procedure of signal processing with DWT and Gaus-
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sian Process classification mentioned in Section 3.2 is conducted. A comparison of
classification result based on noise-free data and data with noise is illustrated in
figure 3.10. Despite the added noise, the class distance has only slightly decreased
from 0.835 to 0.798, and all data can be correctly classified. This proves that the
proposed Gaussian process-based method is still practical under simulated environ-
mental noise.

3.3.2 Classification with one sensor

Reducing the number of sensors used can not only save equipment costs, but also
reduce the computational cost of data processing and training machine learning
models. Now that an acceptable classification result has been obtained with a
certain setup of the GP model using the data from 3 sensors in Section 3.3.1, a
discussion concerning the reduction of the number of sensors while ensuring the
classification result is conducted in this section.

Based on the results obtained in 3.3.1, the model configuration with mother
wavelet C5, 256 DWT coefficients, Logistic likelihood function, VB inference method
and 40 iterations is maintained. The pertinence of data from three sensors at differ-
ent locations to the classification result is investigated. Data from three sensors are
processed and used for training and testing of the GP model independently. Hence
three GP models are constructed. Classification results from the three GP models
are compared between each other and also with the results with all data from sensor
1, 2 and 3, as shown in figure 3.11. It shows that with data from all three sensors
the GP model achieves the best result in the current study. However, with data
only from sensor 1, the classification accuracy can be 100%, but it should be noted
that as there exist several testing points so close to the threshold in both classes,
they could probably be misclassified. With data only from sensor 3 , at least 2
point among 81 are misclassified, but with data only from sensor 2 located at the
diagonal of the actuator, the result is much worse where at least 6 testing points are
misclassified.

In this section, Gaussian Process is evaluated by the data base collected through
sensors attached on the sandwich plate. 70% of the database is used for training
and the rest 30% is used for testing. Several factors are evaluated successively and
it is found that: to optimize hyperparameters during the training step, the more
iterations, the better the results; during the signal processing and feature extraction,
the mother wavelet Coiflet 5 in DWT is outperforming other mother wavelets; in the
whole GP, the combination of Logistic function and Variational Bayesian inference
method is outstanding compared to other combinations; Reducing the amount of
data by DWT will result in a slight loss of accuracy of the predictive mean value,
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Figure 3.11: Investigation of the pertinence of three different sensors to the classi-
fication result. Classification using (a) data only from sensor 1, (b) data only from
sensor 2, (c) data only from sensor 3 and (d) data from sensor 1-3

but it can greatly reduce the computation time while ensuring the accuracy of
classification, which is worthwhile for processing big data. Therefore, a GP model
with mother wavelet C5, 256 DWT coefficients, Logistic likelihood function, VB
inference method and 40 iterations is adopted. The corresponding predictive mean
values for healthy and damaged structure are 0.800 and -0.870, respectively. As for
the impact of the number of sensors, the result shows that data from sensor 1 and
sensor 3 are more pertinent than that from sensor 2. It shows also that reducing of
the number of sensors in the current study will lead to worse results.



3.4. Conclusions 75

3.4 Conclusions

This section addresses the difficulty in constructing a database for structural health
monitoring of real composite structures and the inconvenience in conventional
expertise-based SHM approaches. A data-driven approach GP for damage detection
in a composite sandwich plate by simulation approach is presented. Several factors
that have impact on classification accuracy are investigated, including the selection
of mother wavelet during the signal processing and feature extraction by DWT, the
amount of data discarded by DWT, the likelihood function and inference method
that are used to make predictions, as well as iteration numbers in the training step
of GP model. Based on the present results, some conclusions can be drawn as below:

• The proposed method is proven effective for crack-type damage detection in
the studied composite sandwich plate.

• The selection of mother wavelet in discrete wavelet transform has an important
impact on the classification accuracy. Coiflet 5 performs better than others
for the classification of both healthy and damaged structure.

• Discarding the coefficients that have low amplitude in DWT can speed up the
computation time and may not lead to major loss of information. The resulted
reduction of classification accuracy is negligible.

• The likelihood function Logistic function and inference method Variational
Bayesian perform better than other combinations in the present study.

• With more iterations, the classification is slightly better than with less itera-
tions, which is consistent with common sense.

• Data from sensor 1 and sensor 3 are more pertinent than that from sensor 2.
Reducing the number of sensors in the current study will lead to worse results.

• The effectiveness of the proposed method is verified under simulated environ-
mental noise.

Although the proposed approach was achieved based on simulation results, it is
applicable for real experimental data. The same procedure of data collection, signal
processing and the use of GP model can be conducted as for simulation data for the
purpose of damage detection. This proposed method is capable to detect crack-type
damages for a composite sandwich panel. It is expected to be suitable for damage
detection of other kind of damages and for more complex structures.
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4.1 Introduction

For an ANN, with the increase of hidden layers and neurons in each layer, the number
of hyperparameters will increase dramatically, which results in high computational
and memory requirements. Convolutional Neural Networks (CNN) have emerged
with distinct advantages such as high efficiency and low computation cost compared
to ANN.

A CNN is a deep learning algorithm which can take in an input image, assign
importance by adjustable weights and biases to various contents in the image and
be able to distinct one from the other. In computer vision, an image is nothing but
a matrix of pixel values. A CNN interprets an input as hierarchical representations
by convolving it with multiple filters. CNN has been well developed in computer
vision and has brought breakthroughs in processing images, video and speech [115].
In CNN, there are basically three types of layers:

• Convolution layer

• Pooling layer

• Fully connected layer

4.1.1 Convolution layer

Convolution layer is used to extract key features in the input images by sliding
a filter from left to right, from top to bottom by small steps called stride, until
it covers the whole image through a convolution operation. Suppose we have a
gray scale image with dimension 4 × 4 and a filter of dimension 3 × 3. When this
image convolves with the filter, we get a 2× 2 image. The convolution operation is
computed as follows: by multiplying the first 3× 3 matrix of the 4× 4 matrix with
the filter, the output is the sum of the element-wise product of these values. This is
the first element of the 2 × 2 matrix. To calculate the second element of the 2 × 2

output, the filter is shifted one step towards the right and again get the sum of the
element-wise product, as shown in figure 4.1. Two simple and commonly used filters
for detecting vertical edges and horizontal edges are illustrated in 4.2(a) and 4.2(b),
respectively. In the filter, higher pixel values represent the brighter portion of the
image and lower values represent darker portions.

4.1.2 Stride and padding

Stride denotes the number of steps we are moving in each step in convolution. In
the above example the stride is 1. We denote the stride with s. It is observed that
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(a)

(b)

(c)

(d)

Figure 4.1: Illustration of the convolution operation of an input image with a filter
of dimension 3 by 3. stride = 1, padding = 0

the size of the output image is smaller than the input image after convolution in
figure 4.1. In addition, pixels in the corner of the image are used less often than
the central pixels during the convolution, which may result in information loss. In
some cases it is necessary to maintain the size of the output as input, padding is
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(a) (b)

Figure 4.2: Two commonly used filters for detecting (a) vertical edges and (b)
horizontal edges in images

used. Padding is an operation to add zeros to the borders of the input matrix
symmetrically so that output and input will have the same dimension. We denote
padding as p, input size as n × n, filter size as f × f . Then the size of output can
be obtained as (n+ 2p− f + 1)× (n+ 2p− f + 1). The size of output is the same
as the input if p = (f − 1)/2.

4.1.3 Pooling layer

Similar to convolution layer, the pooling layer is used to reduce the spatial size of
width and height of the output after convolution. It is used between two convolution
layers. Another purpose of using pooling layer is to extract dominant features. From
a mathematical point of view, it picks the dominant value from a certain size of
window and discard other values in the same window.

There are two types of pooling: max pooling and average pooling. Max pooling,
as the name suggests, is to extract the maximum value from the portion of the
image covered by the window (filter), while average pooling extracts the mean value
of all elements in the portion covered by the filter, as illustrated in figure 4.3(a)
and 4.3(b). Max pooling is widely used to suppress noise along with dimensionality
reduction.

4.1.4 Fully connected layer

A fully connected (FC) layer is similar to a layer in ANN, where each neuron in the
layer is connected to all neurons in the previous layer. The FC layer is employed
to classify images between different categories by training as it learns the high-level



4.1. Introduction 81

(a)

(b)

Figure 4.3: Two types of pooling: (a) Max pooling, (b) Average pooling

features represented by the output of the convolution layer. The output of the last
pooling layer is flattened into a column vector which in turn is fed as input to the FC
layer for learning. Over a series of forward and backward propagation of training,
the CNN model is able to distinguish high-level and low-level features and classify
the image in a corresponding class, as illustrated in figure 4.4.

Figure 4.4: Flattening an output of the last pooling layer and passing it to a fully
connected layer before classification

Figure 4.5 illustrates an example of a classic CNN architecture LeNet-5 for the
recognition of a handwritten number. In the first convolution layer, a filter of
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dimension 5×5 is applied with a stride 1. The output is in turn transformed with an
average pooling with filer size 2×2 and stride 2. The output of pooling layer is again
fed into the second convolution layer and pooling layer. The output of the second
pooling layer is flattened into a 400× 1 vector, which is passed successively through
two FC layers until the final classification of the image. During the training process,
filters in each layer together with the bias item constitute the hyperparameters
denoted by Θ, which will be tuned such that the prediction label can match the
ground truth.

Figure 4.5: Architecture of a classic CNN: LeNet-5

CNN is widely used in computer vision due to its powerful feature extraction
and classification capabilities, especially in classification of images of dimension 2D
for gray scale images or 3D for RGB images. Although CNN has been approved
capable of classifying raw 1D time series signals in several works, it is recommended
to perform a pre-processing of signals in order to take advantage of CNN in image
classification. Time series signal can be transformed into images using CWT. The
image obtained by CWT is thought of as transformed information of the original
signal and representing time-frequency information. The representation in the form
of images allows the CNN to get high-level features.

4.2 One-stage CNN

In the first attempt, a one-stage CNN is employed to detect and localize crack
damage in the composite sandwich structure. After collecting the vibration re-
sponses from three sensors attached on the structure, data processing is carried out
by CWT which transforms 1-dimensional vibration responses of the intact structure
and cracked structures from transient analysis into a 2-dimensional matrix, in which
the x-axis represents time, y-axis represents frequency and the value represents the
amplitude. The matrix is then visualized as a 2-dimensional image, as shown in
figure 4.6. The mother wavelet of CWT is by default, Morse wavelet in Matlab.
The frequency band of CWT is between 2000Hz and 14000Hz, which is the vertical
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axis interval of the 2-D image in figure 4.6, covering the frequencies of input sig-
nals, and the horizontal axis represents time. It should be pointed out that axes in
the CWT image have the same scale for all cases and that the axes are hidden in
the employment of CNN. The first reason of representing the data by CWT is to
maintain the information in both time and frequency domains. The second is that
it can take advantage of the image classification capability by CNN. All these 2-D
images constitute the database, which will be used for the training and testing of
the proposed CNN model.

Figure 4.6: Transformation of transient vibration response into time-frequency im-
age by CWT

4.2.1 Training and validation

The proposed CNN architecture is introduced as follows. It contains five convo-
lution layers and pooling layers that are employed to extract key features from
time-frequency plane images of the vibration responses of the composite sandwich
structure with and without cracks. A fully connected layer and a Softmax classifier
are employed to classify the extracted discriminant features through convolution
layers and pooling layers into corresponding classes. Detail of the CNN architecture
is summarized in Table 4.1.

As described in section 2.4, one healthy model and six crack models are created.
CNN is proposed for damage detection as well as damage localization. Therefore, the
2-D images from healthy structure are labelled as "health", while others from crack
structures are labelled with corresponding crack number indicating its location:
crack 1, crack 2, crack 3, crack 4, crack 5, crack 6. In order to visualize different
damages and make the relevant position of each damage clear at a glance, all six
damages are illustrated in one diagram, as shown in figure 4.7.

The CNN is used to detect if damages occur in the structure and predict the
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Table 4.1: One-stage CNN configuration

Layer Description

Input 656× 656× 3 CWT images

Conv1, Pool1 Convolution filter 5× 5, stride 1,
Filter number = 16, Batch normalization, ReLU,
Max Pooling filter 2× 2, strides 2

Conv2, Pool2 Convolution filter 3× 3, stride 1,
Filter number = 32, Batch normalization, ReLU,
Max Pooling filter 2× 2, strides 2

Conv3, Pool3 Convolution filter 3× 3, stride 1,
Filter number = 64, Batch normalization, ReLU,
Max Pooling filter 2× 2, strides 2

Conv4, Pool4 Convolution filter 3× 3, stride 1,
Filter number = 96, Batch normalization, ReLU,
Max Pooling filter 2× 2, strides 2

Conv5, Pool5 Convolution filter 3× 3, stride 1,
Filter number = 128, Batch normalization, ReLU,
Max Pooling filter 2× 2, strides 2

Fully connected Output = 7, WeightLearnRateFactor = 10,
softmax BiasLearnRateFactor = 10

Figure 4.7: Crack damage 1-6 for CNN training, damage 7 for testing CNN

location of the damage at the same time. Therefore, there are 7 classes in the output
layer: healthy, crack 1, crack 2, crack 3, crack 4, crack 5, crack 6. A simplified
process is shown in figure 4.8. An image with ground truth is fed into the CNN
model in which hyperparameters in hidden layers are denoted by Θ. The CNN will
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give a predictive label of the input image depending on the hyperparameters. A loss
function L(Θ) is defined as a measure of the error between the ground truth and the
prediction label, which is a function of the hyperparameters Θ in CNN. The aim is
to minimize the error, i.e. the loss function. The loss function is minimized through
the optimization process, which is achieved by updating the hyperparameters Θ over
a series of epochs until the CNN model is able to classify the image in the correct
class.

Figure 4.8: CNN training phase

In the training step, we would like to evaluate the model skill after training, but
the evaluation on the training dataset may lead to a biased score. Therefore, the
database is split into two parts: one part for training, the other part for validation.
90% of the data in the database is randomly selected to train the CNN model, and
the rest 10% of the data is for validation. It should be noted that data used for
training and validation covers all categories. Adam optimizer is adopted to speed
up the calculation, a mini-batch size of 32 is set to train CNN models. The initial
learning rate is 0.00001. The training is not stopped until it reaches the max epoch
number.

4.2.2 Testing on unseen cases

After training the proposed CNN model with training dataset, the trained CNN
model is considered to be capable of accurate classification based on extracted dis-
criminant features. One approach to verify the effectiveness of the trained model
is to test it with unseen cases, which means the samples for testing are never used
during the training phase. In the current study, an unseen case crack 7 is created
between crack 5 and crack 6, as shown in figure 4.7. It is utilized to test the trained
CNN model.

In order to understand how CNN extracts low level and high level features
through hidden layers, some features are shown in figure 4.9. It can be seen that
from convolution layer 1 to convolution layer 5, the extracted features become more
and more complex, which means that as the number of hidden layers increases,
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higher level features can be extracted from the input images.

4.2.3 Results and discussions

In the training and validation step, 90% of the data in the database is randomly
selected to train the CNN model, and the rest 10% of the data is for validation. It
should be noted that data used for training and validation covers all categories. After
training, the CNN model is evaluated by the validation samples. Each sample for
each category will be given one prediction label by the CNN model. Each prediction
label may be either "healthy" or any crack position. A confusion matrix is obtained
based on the validation result, as shown in figure 4.10. The row corresponds to
the predicted label and the columns correspond to the ground truth (target class).
Diagonal cells correspond to correctly classified observations (samples). The off-
diagonal cells correspond to observations that are misclassified. The number and
percentage in each cell correspond to the number of observations and the percentage
of the total number of observations. The rightmost column shows the percentages
of all the examples predicted by the CNN model to belong to each class that are
correctly and incorrectly classified. The row at the bottom of the matrix shows the
proportion of the labels that the network correctly and incorrectly predicts. The
cell in the bottom right of the plot shows the overall accuracy. An overall validation
accuracy of 91.4% is obtained. The training progress is plotted in figure 4.11. The
figure marks each training epoch using a shaded background. An epoch is a full pass
through the entire data set. The maximum number of epoch is set as 30. It can be
seen that the loss function and training accuracy are both approaching convergence.

The unseen case crack 7 is used to test the pre-trained one-stage CNN model
to verify its effectiveness. The CNN will give a prediction label for every sample of
crack 7. A summary of the prediction result is listed in table 4.2. 43.33% instances
of crack 7 are classified as "healthy", which occupies the largest portion. 2.22%
instances are classified as crack 1, 1.11% instances are classified as crack 2, 2.22%
instances are classified as crack 3, 2.22% instances are classified as crack 4. 7.78%
instances are classified as crack 5 and 41.11% instances are classified as crack 6,
occupying the second largest portion. It should be noted that crack 7 should be
classified as crack 5 or crack 6, since the dynamic characteristics of crack 7 should
be similar to either 5 or 6 crack case from the physics point of view. As crack 7
is not at the exact middle position between crack 5 and 6, slightly closer to crack
6, more instances are classified as crack 6 than crack 5. The instances that are
classified as crack 2 and 3 may help to localize the crack damage area. However, the
problem that cannot be ignored is that most of the instances corresponding crack 7
are misclassified as "healthy", which is not acceptable.
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(a) Features extracted by convolution layer 1

(b) Features extracted by convolution layer 2

(c) Features extracted by convolution layer 3

(d) Features extracted by convolution layer 4

(e) Features extracted by convolution layer 5

Figure 4.9: Samples of features extracted from low level to high level through dif-
ferent convolution layers
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Figure 4.10: Confusion matrix from validation result of the one-stage CNN

Figure 4.11: Training progress of one-stage CNN for detection and localization of
crack damage

If the instances that are misclassified as "healthy" are not taken into account,



4.2. One-stage CNN 89

Table 4.2: Labels predicted by pre-trained CNN model for unseen cases of crack
damage in the one-stage CNN method

Ground truth Predicted label Percentage

Crack 7 Healthy 43.33%
Crack 7 Crack 1 2.22%
Crack 7 Crack 2 1.11%
Crack 7 Crack 3 2.22%
Crack 7 Crack 4 2.22%
Crack 7 Crack 5 7.78%
Crack 7 Crack 6 41.11%

the classification accuracy might be much better. With this assumption, the clas-
sification accuracy is recalculated only based on the predictions whose labels are
"crack". Thus, the classification result can be redisplayed in table 4.3.

Table 4.3: Redisplayed result based on Table 4.2 by discarding predicted "healthy"
labels

Ground truth Predicted label Percentage

Crack 7 Crack 1 3.92%
Crack 7 Crack 2 1.96%
Crack 7 Crack 3 3.92%
Crack 7 Crack 4 3.92%
Crack 7 Crack 5 13.73%
Crack 7 Crack 6 72.56%

Although processing data in this way is not scientific and rigorous, it provides a
feasible idea to solve the problem. It is necessary to take into account the "healthy"
classification labels and meanwhile, improve the classification accuracy. A feasible
method is to divide the one-step classification method into two steps. That is to
say, in the first step, the database is split into two classes: healthy and damaged.
They can be used to train a CNN model to have an output with only two classes:
healthy and crack. This is to detect the occurrence of crack in the structure. Once
data for testing is classified as "crack", we proceed to the second step: remove
the health label data in the database, and split the remaining data into different
categories according to their corresponding crack positions, i.e. 6 crack cases in
the present study. Train another CNN model with these data that do not contain
any samples representing healthy case. Thus, the classification output will have 6
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classes: crack 1, crack 2, ..., crack 6. Therefore, the classification output in the
second step will not include "healthy" label and the impact of healthy data can be
eliminated. A possible approach to realize this idea is to build a two-stage CNN-
based crack detection model: coarse to fine classification, which will be explained
in next section.

4.3 Two-stage CNN: coarse to fine classification

In this study, a two-stage CNN is proposed to detect the occurrence and localization
of the crack damage. The basic idea behind the two-stage CNN is that, a first CNN
is constructed and dedicated to detecting whether crack damage occurs in the struc-
ture. This step is named as coarse classification. After fault-pattern recognition, a
second CNN with the same architecture as the first one is constructed to predict the
location of the crack damage. In this step, data for training the CNN model contain
those corresponding to different crack cases. An overview of data pre-processing
and the proposed two-stage CNN-based crack detection algorithm is illustrated in
figure 4.12.

Figure 4.12: Overview of data pre-processing and the proposed two-stage CNN-
based crack detection algorithm

4.3.1 Coarse classification

In the first step of the two-stage CNN-based crack detection algorithm: coarse
classification, damage cases are the same as those in section 4.2. The same database
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as in section 4.2 is used for training and testing the CNN-1 model. However, it
should be mentioned that in coarse classification, the aim is to determine if crack
damage occurs in the structure. Thus, the database is split into two categories:
healthy and crack, where the crack category contains all data corresponding to the
six crack cases. In consequence, the output of the classifier in CNN-1 has only two
classes: healthy and crack. The architecture of CNN-1 is the same as the one used in
Table 4.1 except that the number of classes in the output layer is 2 instead of 7. An
appropriate value of maximum epoch number in the training process allows to save
computing time while ensuring the convergence of the results. In coarse classification
it is set as 25. An iteration corresponds to a mini-batch. The validation frequency
value corresponds to the number of iterations between evaluations of validation
metrics.

A confusion matrix is obtained based on the validation results as shown in figure
4.13. It is shown that all samples with ground truth label "healthy" are correctly
classified as "healthy" and all samples with ground truth label "crack" are also
correctly classified, which suggests that the trained network performs well enough
to be further used for testing with unseen cases. The training progress is plotted in
figure 4.14. The validation loss gradually decreases and tends to converge while the
validation accuracy gradually grows and tends to converge.

The unseen case crack 7 is then used as testing sample to verify the effectiveness
of the pre-trained CNN-1 model. The prediction results are listed in table 4.4,
where every single sample is correctly predicted with a label "crack". The result
suggests that in the present condition, CNN-1 model is capable of predicting the
occurrence of crack damages in the structure. Then we can proceed to the second
step, fine classification by CNN-2 model for the localization of the crack damage in
the structure.

Table 4.4: Labels predicted by pre-trained CNN-1 for unseen cases of crack damage
in the coarse classification of the two-stage CNN method

Ground truth Predicted label Percentage

Crack 7 Healthy 0%
Crack 7 Crack 100%

4.3.2 Fine classification

Following the fault-pattern recognition in coarse classification which is dedicated
to detecting the occurrence of crack damage in the composite sandwich structure,
another CNN model denoted by CNN-2 is proposed to localize the crack damage
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Figure 4.13: Confusion matrix from validation result of CNN-1 in the two-stage
CNN

Figure 4.14: Training progress of CNN-1 in the two-stage CNN for crack damage
detection

in the structure. In this step, data in the database corresponding to crack 1, crack
2, ..., and crack 6 are used to train the CNN-2 model, while data corresponding
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to healthy structure is excluded. In consequence, the output layer has six classes
corresponding to different positions, instead of two classes "healthy" and "crack" in
the coarse classification. The rest of the architecture of CNN-2 is the same as the
previous CNN-1.
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Figure 4.15: Confusion matrix from validation result of CNN-2 in the two-stage
CNN

In fine classification training phase, the maximum epoch number is set as 30. The
validation frequency is 6 iterations, the same as in coarse classification. A confusion
matrix based on the validation result is obtained, as shown in figure 4.15. The
classification accuracy of crack 1, ... and crack 6 in data for validation are 74.1%,
88.9%, 100%, 88.9%, 85.2%, 92.6%, respectively. An overall validation accuracy of
88.3% is obtained. The training process is plotted in figure 4.16. The loss function
and training accuracy together with validation accuracy tend to converge.

After model validation, the unseen case 7 is used to test the performance of
CNN-2 model in reality. A summary of the prediction result is listed in table 4.5.
3.33% instances of crack 7 are classified as crack 1, 3.33% instances are classified as
crack 2, 20.00% instances are classified as crack 3, and 10.00% instances are classified
as crack 4. 36.67% instances are classified as crack 5, occupying the largest portion
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Figure 4.16: Training progress of CNN-2 in the two-stage CNN for crack damage
localization

in the prediction result, and 26.67% instances are classified as crack 6, the second
largest portion in the prediction result.

Table 4.5: Labels predicted by pre-trained CNN-2 for unseen cases of crack damage
in the fine classification of the two-stage CNN method

Ground truth Predicted label Percentage

Crack 7 Crack 1 3.33%
Crack 7 Crack 2 3.33%
Crack 7 Crack 3 20.00%
Crack 7 Crack 4 10.00%
Crack 7 Crack 5 36.67%
Crack 7 Crack 6 26.67%

4.3.3 Discussions

For the coarse classification by CNN-1, it can correctly predict an unseen case to
be damaged or not with a classification accuracy of 100%. It is clear that CNN-1
has the capability of distinguishing crack and healthy cases, although it cannot yet
predict the damage area. Therefore, it is supposed to be able to detect if crack
damage occurs in the structure for other unseen cases.

As for CNN-2, which is dedicated to localizing the crack damage, the predic-
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tion portion of crack 5 and crack 6 for the unseen case 7 are 36.67% and 26.67%,
respectively, occupying the largest and second largest portion among others. As
mentioned in section 4.2.3, the case of crack 7 being classified as crack 5 and 6 is
consistent with the physics of the problem because the dynamic characteristics of
crack 7 should be similar to either crack 5 or crack 6 case in a location near crack 7.

The analysis of the testing result of CNN-2 can be viewed from two aspects:
physics and machine learning aspects. From a physics point of view, a total of
63.34% samples classified as crack 5 and crack 6 can directly provide a clear guidance
to determine the approximate location of the crack damage in the structure, which
outperforms the one-stage CNN-based crack detection model in section 4.2 that
misclassifies most of the unseen crack 7 samples as "healthy". It is a significant
result and can provide a useful reference for future decision-making, such as using
traditional methods to scan and detect the damaged area more precisely, repair the
damaged component, or replace the damaged part with healthy component, etc.
However, from a machine learning point of view, although the results can provide a
useful reference, the accuracy of 63.34% is not satisfying. It should be understood
that in the health monitoring of structures, especially for structures that play an
important role in a system, the reliability of the testing result is crucial. Therefore,
improving the classification accuracy is always the constant pursuit.

It should also be noted that in the current database that is used to train the
network, the number of crack cases is too limited. It is expected that the database
can cover as many cases as possible so that the CNN model can still provide reliable
prediction results when dealing with more unknown cases. Accordingly, the enrich-
ment of the database is proposed by enriching crack cases in the structure. It will
be discussed in detail in the next section.

4.4 Two-stage CNN with enriched database

The enrichment of the database is achieved by creating more crack damages which
can cover the entire composite sandwich structure instead of limited and unevenly
distributed zones in figure 4.7. The added crack cases are shown in figure 4.17.
In this figure, the number of each crack is rearranged for the sake of description.
Compared to the precedent section, four crack cases are added, i.e. crack 1, crack
2, crack 6 and crack 9. Cracks 1-9 are almost evenly distributed in the structure.
Two other crack cases, crack 12 and crack 13, are created between crack 5 and crack
8, crack 6 and crack 9, respectively. Raw vibration response signals corresponding
to different crack cases are pre-processed by CWT in the same way as previously.
Data corresponding to crack 1 to crack 13 together with healthy data constitute the
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enriched database. All data except crack 11, crack 12 and crack 13 in the enriched
database are used as training cases, while data corresponding to crack 11 to crack
13 are used as test cases.

Figure 4.17: Crack damage 1-10 for CNN training, damage 11-13 for testing CNN

4.4.1 Coarse classification

In the first step, coarse classification, data corresponding to crack 1 to crack 10 are
combined with only one label "crack". Data corresponding to healthy case together
with crack data from crack 1 to 10 are used to train CNN-1 model where 90% are
training samples and the other 10% are validation samples. It should be pointed
out that the CNN-1 model has the same architecture as that in section 4.3.1 but it
is not the pre-trained model. The number of maximum epochs is set as 25 so that
the training and validation accuracy together with the loss function can converge.
The validation frequency is set as 6 iterations. A confusion matrix is obtained
based on the validation result, as shown in figure 4.18. 99.3% validation samples
with ground truth label "crack" are correctly classified by the trained CNN-1 and
all validation samples with ground truth label "health" are correctly classified. An
overall classification accuracy of 99.4% is obtained. The training process is plotted
in figure 4.19.

After model validation, data corresponding to unseen cases crack 11, 12 and 13
are combined with only one label "crack" to test the effectiveness of the pre-trained
CNN-1 model. The output of CNN-1 has two classes: healthy and crack. The pre-
diction results are listed in table 4.6. 94.81% of the samples are correctly classified
as crack, although 5.19% are misclassified as "healthy" case. The classification accu-
racy is slightly lower than that before database enrichment in the previous section,
but it is still convincing enough to predict the occurrence of crack damage in the
composite sandwich structure. Then we proceed to the next step, fine classification
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to predict the location of unseen crack damages.
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Figure 4.18: Confusion matrix from validation result of CNN-1 in the two-stage
CNN with enriched database

Figure 4.19: Training progress of CNN-1 in the two-stage CNN for crack damage
detection with enriched database
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Table 4.6: Labels predicted by pre-trained CNN-1 for unseen cases of crack damage
in the coarse classification of the two-stage CNN method with enriched database

Ground truth Predicted label Percentage

Crack Healthy 5.19%
Crack Crack 94.81%

4.4.2 Fine classification

After fault-pattern recognition in the coarse classification with CNN-1 for detecting
the occurrence of crack damage, another CNN model denoted by CNN-2 with the
same architecture as CNN-1 is proposed to predict the location of unseen crack dam-
ages. In this step, data for training CNN-2 model include only data corresponding
to crack 1 to crack 10. Thus, the output of CNN-2 has 10 classes, representing crack
1, crack 2, ... and crack 10, respectively. In fine classification, 70% data are used to
train the CNN-2 model while the other 30% are used for validation. The maximum
epoch number is set as 40 so that the training and validation accuracy together with
loss function can converge.
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Figure 4.20: Confusion matrix from validation result of CNN-2 in the two-stage
CNN with enriched database
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A confusion matrix is obtained based on the validation result, as shown in figure
4.20. The classification accuracy of crack 1, crack 2, crack 3, crack 4, crack 6,
crack 7 and crack 9 in the validation phase are 100%. The classification accuracy of
crack 5, crack 8 and crack 10 are 76.9%, 92.3% and 76.9%, respectively. An overall
validation accuracy of 94.6% is obtained. The training process is plotted in figure
4.21. The loss function and training accuracy together with validation accuracy
tend to converge.

Figure 4.21: Training progress of CNN-2 in the two-stage CNN for crack damage
detection with enriched database

After model validation, the pre-trained CNN-2 classifier is employed to predict
labels for unseen cases of crack 11, 12 and 13 indicating their locations. As the
unseen case crack 11 is designed between crack 4 and crack 7, it should have similar
dynamic characteristics either to crack 4 or crack 7. Thus, it is expected that the
predicted label for the unseen crack 11 is crack 4 or crack 7. It should be the same
for the other two unseen cases crack 12 and crack 13. Samples for crack 11, 12 and 13
are labelled with the corresponding crack locations and are fed into the pre-trained
CNN-2 classifier. Predictions given by CNN-2 are listed in table 4.7, 4.8 and 4.9.

For crack 11 in table 4.7, 37.78% samples are classified as crack 7, which occupied
the largest portion in the predicted labels, and 5.56% samples are classified as crack
4. Crack 7 and crack 4 are located around the unseen case crack 11. 24.44% and
21.11% samples are classified as crack 6 and crack 1, respectively. The percentage
of samples classified as crack 8, crack 9 and crack 10 are relatively small, 3.33% ,
5.56% and 2.22%, respectively.

For crack 12 in table 4.8, the percentage of samples classified as crack 5, crack
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Table 4.7: Labels predicted by pre-trained CNN-2 for unseen case of crack 11 in the
fine classification of the two-stage CNN method with enriched database

Ground truth Predicted label Percentage

Crack 11 Crack 1 21.11%
Crack 11 Crack 2 0.00%
Crack 11 Crack 3 0.00%
Crack 11 Crack 4 5.56%
Crack 11 Crack 5 0.00%
Crack 11 Crack 6 24.44%
Crack 11 Crack 7 37.78%
Crack 11 Crack 8 3.33%
Crack 11 Crack 9 5.56%
Crack 11 Crack 10 2.22%

Table 4.8: Labels predicted by pre-trained CNN-2 for unseen case of crack 12 in the
fine classification of the two-stage CNN method with enriched database

Ground truth Predicted label Percentage

Crack 12 Crack 1 3.33%
Crack 12 Crack 2 18.89%
Crack 12 Crack 3 12.22%
Crack 12 Crack 4 5.56%
Crack 12 Crack 5 21.11%
Crack 12 Crack 6 0.00%
Crack 12 Crack 7 11.11%
Crack 12 Crack 8 20.00%
Crack 12 Crack 9 7.78%
Crack 12 Crack 10 0.00%

8 are 21.11% and 20.00% respectively, which occupy the first largest portions in
all samples. They are the cases nearest to the unseen case. 18.89% samples are
classified as crack 2, 12.22% samples are classified as crack 3, 11.11% samples are
classified as crack 7, 7.78% samples are classified as crack 9, 5.56% samples are
classified as crack 4 and 3.33% samples are classified as crack 1.

For crack 13 in table 4.9, there are 34.44% samples classified as crack 6 and 30%
samples classified as crack 9. From figure 4.17, the unseen case crack 13 is located
between crack 6 and crack 9. The percentage of samples classified as crack 3 and
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Table 4.9: Labels predicted by pre-trained CNN-2 for unseen case of crack 13 in the
fine classification of the two-stage CNN method with enriched database

Ground truth Predicted label Percentage

Crack 13 Crack 1 4.44%
Crack 13 Crack 2 0.00%
Crack 13 Crack 3 13.33%
Crack 13 Crack 4 0.00%
Crack 13 Crack 5 2.22%
Crack 13 Crack 6 34.44%
Crack 13 Crack 7 10.00%
Crack 13 Crack 8 5.56%
Crack 13 Crack 9 30.00%
Crack 13 Crack 10 0.00%

crack 7 are 13.33% and 10.00%. Predicted labels as crack 1, crack 5 and crack 8
occupy 4.44%, 2.22% and 5.56%, respectively.

4.4.3 Discussions

The classification accuracy of unseen cases crack 11, 12 and 13 can reach 94.81%
by classifier CNN-1 in the proposed two-stage CNN-based method for crack damage
detection in the composite sandwich structure with enriched database. This result
shows the damage detection capability of the classifier.

On the contrary, the classifier CNN-2 performs much worse after database en-
richment. Compared to the result in section 4.3.2, where the total percentage of
samples classified as crack 4 and crack 7 is 63.34% for the unseen case crack 11,
the classification accuracy after database enrichment is only 43.34% in this section,
which decreases dramatically. Although the result for crack 13 can reach 64.44%, it
can’t be ignored that the accuracy of crack 12 is only 41.11%.

On the one hand, these classification accuracy rates such as 43.34%, 64.44%
and 41.11% can provide a certain reference for future decision-making; but on the
other hand, for some cases, the percentage of samples that are correctly classified
is not much different from the percentage of samples that are incorrectly classified,
which may mislead decision-making. Especially if the damage approximate location
information is not known in advance, the crack location cannot be determined re-
liably. In addition, the performance of CNN-2 classifier is not stable according to
the classification accuracy for crack 11, crack 12 and crack 13, as the classification
accuracy fluctuates from around 40% to around 60%.



102
Chapter 4. Convolutional Neural Networks based structural health

monitoring at mid-high frequencies

In deep learning algorithms, the classification performance on simulation-based
dataset is essential for further applications. The robustness of the classifier should
be guaranteed since when deployed in real environments, small perturbations on the
samples should not cause significant loss of performance.

The performance of the classifier CNN-2 on unseen cases suggests that when
perturbations are applied on the test samples, the classifier cannot make stable
predictions accordingly. However, when the database is not enriched in section 4.3,
the performance of the classifier CNN-2 is much better. This can be explained by
the fact that when there are few cases in the database, the distribution of crack
damage is more scattered, and the number of predictable classification labels is also
small, the classifier is more inclined to classify the test samples into a category that
is more similar to it, that is, the crack cases near it. When the number of cases in
the database is appropriately increased, there are more classification labels. At this
time, the variability of the database is more important, because the classifier needs
to identify the matching test sample among many categories. If a small disturbance
is applied to the test sample, the classifier cannot distinguish which category the
sample should be classified into, then the variability of the database is not sufficient.
Therefore, it is very important to increase the variability of the database so as to
improve the performance and robustness of the classifier.
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4.5 Two-stage CNN with further enriched database

To address the previously mentioned issue, namely the lack of variability of the
database, we try to increase the database variability by further enrichment of the
database based on the database in section 4.4. The enrichment is achieved by
creating more damage cases that are more densely distributed in the structure. In
this section, the structure is divided into nine zones, each of which represents one
location of crack damages. We enrich crack cases in each zone, and cases in the
same zone have a same label that indicates the crack location, as shown in figure
4.22. The enriched crack cases in each zone have the same size and are equidistantly
distributed in the vertical direction, approximately 17.32 mm between two adjacent
cracks. In this way, the variability of the database can be increased.

Figure 4.22: Further enriched crack damage cases. Damage denoted by blue solid
line for CNN training, damage denoted by red dash line for CNN testing

After database enrichment, 4/5 crack cases in each zone are used to train the
proposed two-stage CNN model and the rest 1/5 cases are used as test sample to
evaluate the effectiveness of the two-stage CNN model in crack damage detection
and localization.

4.5.1 Coarse classification

In the first stage of the two-stage CNN-based crack damage detection and localiza-
tion algorithm, coarse classification, crack cases that are used as training samples are
combined and labelled as "crack", while the healthy case is labelled as "health". A
first neural network CNN-1 is constructed to detect the occurrence of crack damage.
The output layer has two classes: health and crack. The maximum epoch number is
set as 15 with a validation frequency of 6 iterations. Based on the validation result,
a confusion matrix is obtained showing the effectiveness of the trained CNN-1 on
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validation samples, as shown in figure 4.23. 99.1% samples with ground truth label
"crack" are correctly classified and the classification accuracy for all samples with
ground truth "health" is 100%. The training process is plotted in figure 4.24.
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Figure 4.23: Confusion matrix from validation result of CNN-1 in the two-stage
CNN with further enriched database

Figure 4.24: Training progress of CNN-1 in the two-stage CNN for crack damage
detection with further enriched database
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After CNN-1 model validation, unseen crack cases in each zone are combined as
test samples to evaluate the effectiveness of the pre-trained model on detecting the
occurrence of crack damage in the structure. It is expected that labels predicted by
CNN-1 for test samples are the same as the ground truth of test samples: "crack".
Prediction results are listed in table 4.10. All test samples can be correctly pre-
dicted as "crack" as expected, which shows the capability of CNN-1 in detecting the
occurrence of crack damage in the structure. Then we proceed to the next step to
determine the location of the unseen crack.

Table 4.10: Labels predicted by pre-trained CNN-1 for unseen cases of crack damage
in the coarse classification of the two-stage CNN method with further enriched
database

Ground truth Predicted label Percentage

Crack Healthy 0%
Crack Crack 100%

4.5.2 Fine classification

After fault-pattern recognition by CNN-1 in coarse classification to detect the oc-
currence of crack damage in the structure, a second CNN model denoted by CNN-2
with the same architecture as CNN-1 except the output layer is constructed to lo-
calize the crack damage. Datasets representing nine crack locations are used to
train the CNN-2 and test its effectiveness, given that with this enriched database
the variability of the database should be increased. The output layer of CNN-2 has
nine classes, i.e., crack 1, crack 2, ..., crack 9.

In the fine classification training phase, the maximum epoch number is set as
15 such that the training process can converge. The validation frequency is set as 6
iterations, the same as before. A confusion matrix based on the validation result is
obtained indicating the performance of CNN-2 on the validation samples, as shown
in figure 4.25. The lowest classification accuracy is 84.7%, corresponding to crack
3, but an overall average accuracy is obtained as 90.7%. The training process is
plotted in figure 4.26.

After model validation, the pre-trained CNN-2 classifier is employed to predict
labels for unseen cases in each zone. Nine cases at nine different positions are used
separately as input to CNN-2, and the output will have nine classes for each unseen
case, indicating the portion of samples that are classified in different classes. Results
are summarized in table 4.11. The row corresponds to the predicted label and the
columns correspond to the target class (ground truth). Highlighted diagonal cells
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Figure 4.25: Confusion matrix from validation result of CNN-2 in the two-stage
CNN with further enriched database

Figure 4.26: Training progress of CNN-2 in the two-stage CNN for crack damage
detection with further enriched database
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correspond to correctly classified observations. The off-diagonal cells correspond
to incorrectly classified observations. The percentage in each cell indicates what
percentage of samples belonging to that column class are classified as the label of
the row of the cell.

In the first column which shows the classification result of testing samples with
ground truth "Crack 1". 63.33% samples are correctly classified while 18.33% sam-
ples are incorrectly classified as "Crack 3", 16.67% samples are incorrectly classified
as "Crack 7" and 1.67% samples are incorrectly classified as "Crack 6". The clas-
sification accuracy is dominant among all predicted labels. In the second column,
73.33% samples with ground truth label "Crack 2" are correctly classified, while
10.00% samples are misclassified as "Crack 1", 13.33% samples are misclassified as
"Crack 8" and 3.33% samples are misclassified as "Crack 3". The percentage of cor-
rectly classified samples is much higher than incorrectly classified ones. For testing
samples with ground truth label "Crack 3" in the third column, 91.67% predictions
are correct, with only 6.67% and 1.67% samples incorrectly classified as "Crack 1"
and "Crack 9", respectively. In the forth column which shows the classification re-
sult for samples with ground truth label "Crack 4", 48.33% samples are correctly
classified, larger than any other predicted labels. However, in the last five columns
which that contain the results for crack 5, crack 6, ..., and crack 9, only 28.33%,
38.33%, 20.00%, 31.67% and 26.67% samples are correctly classified in the corre-
sponding class, respectively. The classification accuracy for the last five cases are
lower than misclassified portion.

Nevertheless, it has been verified that by increasing the variability of the
database, the classification accuracy of the proposed two-stage CNN-based crack
damage detection and localization model can be improved, especially for the crack
cases 1, 2, 3 and 4. But it can’t be ignored that the localization accuracy of crack
damage in other locations still needs to be improved.
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4.6 Conclusions

In this section, a CNN-based structural health monitoring system is proposed due
to the advantages of the deep learning algorithm Convolutional Neural Network in
image recognition and classification. One-stage CNN model and two-stage CNN
model are proposed successively.

In the first attempt, a one-stage CNN model is employed to detect and local-
ize crack damage in the composite sandwich structure in section 4.2. Vibration
responses of the structure are collected and pre-processed by Continuous Wavelet
Transform to obtain time-frequency plane 2-D images that can be used as input to
the CNN. One healthy case and six crack cases are used to train the model and
an unseen case crack 7 is used to evaluate the effectiveness of the network in crack
damage detection and localization at the same time. The largest portion of pre-
dicted label is "Healthy", which is not correct. The second largest portion is "Crack
6" which is expected since crack 6 is close to the unseen case and their dynamic
characteristics should be similar from the physics point of view.

Based on the current results, an idea emerged, which is to divide the one-step
classification method into two steps where the first step is used to distinguish healthy
case and crack cases while the second step is used to localize the crack damage among
crack cases. In this way the prediction accuracy of crack location could be improved.
Therefore, a two-stage CNN model is proposed in section 4.3. In the first step, coarse
classification, the model is capable of detecting the occurrence of crack damage in
the structure. In the second step, fine classification, the portion of testing samples
that are correctly classified is 62.34% and is dominant among all predicted labels.

It should be noted that the number of crack cases is too limited in the current
database. It is expected that the CNN model can still provide reliable prediction
results when dealing with more unknown cases. Accordingly, the two-stage CNN
model is evaluated with enriched database in section 4.4. The performance of the
coarse classification to detect the occurrence of crack damage is still excellent with
an accuracy of 94.81%, but in the fine classification to localize the crack damage, the
performance of CNN-2 is not stable, which may be caused by the lack of variability
of the database. Therefore, it is very important to increase the variability of the
database so as to improve the performance and robustness of the classifier. Thus,
the effectiveness of the two-stage CNN model is evaluated with further enriched
database in section 4.5.

The structure is divided into nine zones, each of which represents one location
of crack damages. Each zone is enriched with new crack cases that have the same
label. 4/5 cases are used to train the two-stage CNN model and the rest 1/5 are
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used as testing samples. The performance of CNN-1 is perfect with an accuracy
100%. In the fine classification, it is verified that the classification accuracy of the
proposed two-stage CNN-based crack damage detection and localization model can
be improved by increasing the variability of the database, especially for the crack
cases 1, 2, 3 and 4. But it can’t be ignored that the localization accuracy of crack
damage in other locations still needs to be improved. In addition, the two-stage
CNN model has advantages in both crack detection and localization compared to
the one-stage CNN model.
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5.1 Introduction

Modal parameters are functions of the physical properties of the structure, such as
natural frequencies, mode shapes and modal damping. Therefore, changes to the
material or structure will adversely cause detectable changes in modal properties and
affect the structure performance. One method of structural health monitoring is to
extract damage-related information from the wave that propagates in the structure
and interacts with the damage site, provided that it is assumed that the propagated
waves contain information related to damage. This method was used in Chapter
3 and Chapter 4. Another method is to directly detect the physical parameter
abnormality of the structure caused by the damage, such as mode shape, stress,
strain that may be sometimes more sensitive to damage than displacement from a
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signal point. Meanwhile, the issues that need to be studied also include the need to
select appropriate data to achieve SHM according to different situations.

In this chapter, it is proposed to use modal parameters for structural health
monitoring under low frequencies, different from the previous two chapters where
wave propagation is used for structural health monitoring at high frequencies. At
the same time, the wide applicability of the proposed CNN-based method for dam-
age detection can be verified, e.g. for different structures and different types of
data. The aim is to detect crack damage and predict the damage size in a simply-
supported beam based on mode shapes and stress distribution in the beam instead
of the vibration data used in the sandwich structure. Mode shapes and stress corre-
sponding to different vibration modes of the beam are used successively to train the
CNN. The position of the crack as well as its size are predicted by the CNN model.

5.2 Beam modeling and simulation

A simply-supported beam is considered as the research target. The beam is made
of isotropic and homogeneous steel. The length of the beam is 1200mm, and the
cross section is 50 × 50mm. For steel material, the density is ρ = 7850kg/m3, the
Young’s Modulus is E = 2 · 1011Pa and the Poisson’s ratio is γ = 0.3. A simplified
illustration of the beam is referred to figure 5.1. Solid 185 element is used to build
the structure in ANSYS. The structure is meshed with square elements with size of
10mm.

Figure 5.1: Simply-supported beam made of steel of dimensions 1200× 50× 50mm

The intact structure is used as baseline model. Crack damage is designed at
four locations, x1 = 140mm, x2 = 270mm, x3 = 450mm and x4 = 550mm, respec-
tively. In addition, four levels of crack damage is implemented for each location.
Crack depth varying from 10mm to 40mm with 10mm increment is considered to
investigate the damage severity, as shown in table 5.1. Crack severity index is the
ratio of crack depth to the beam height where H represents the beam height and h
represents crack depth. Therefore, there are a total of 17 models, one of which is
an intact model, and each of the 4 crack sites has 4 models with different levels of
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severity.

Table 5.1: Crack severity index

Crack size Damage Index (Di)
(mm) (h/H)

10 0.2
20 0.4
30 0.6
40 0.8

As the cross section of the beam is square, only the vibration modes in the
x-z plane are considered. Modal analysis is firstly carried out to extract the first
ten natural frequencies of each model. Figure 5.2 illustrates the first ten natural
frequencies of all the four models with different damage size but at the same location
x = 550mm together with those of the healthy structure. It is observed that natural
frequencies will decrease with the extension of the crack damage. Similar phenomena
have been found in other cases.
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Figure 5.2: Comparison of the first ten natural frequencies of different damage
severity of crack at x = 550mm

The first ten natural frequencies for all damage cases and the intact one is listed
in table 5.2. Numbers in the first column of the table indicate the damage location
in the structure with unit meter and Di in the second column indicates the damage
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index. The unit of frequencies in the table is Hz.

(a)

(b)

(c)

Figure 5.3: First vibration mode for the case where crack is located at x = 140mm
with damage index Di=0.4. (a) Mode shape, (b) Reconstructed mode shape from
sampling points with z-component displacement, (c) Gray image converted from the
reconstructed mode shape curve

It is assumed that the changes in the physical properties of the structure caused
by the structural discontinuity due to the damage will be reflected in mode shapes.
Therefore, mode shapes will be extracted in each damage scenario in the modal
analysis and will be used in this section to train the two-stage CNN model. 61
sampling points are selected equidistantly from the beginning to the end on the
upper surface of the beam model along the x direction. The mode shape can be
reconstructed by the displacement along z direction of all sampling points. The first
mode shape of crack at x = 140mm with damage index Di=0.4 is illustrated in figure
5.3(a), which plots the z-component displacement of the beam. A vector constituted
of z-component displacement from sampling points is normalized and projected to
the interval 0-255, then it is used to reconstruct the mode shape as shown in figure
5.3(b). In order to take advantage of image processing capabilities of CNN, the mode
shape curve is converted into a gray image, as shown in figure 5.3(c), where the x
axis indicates the direction of the beam and bright color indicates high vibration
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amplitude while black color indicates low vibration amplitude corresponding to the
curve in figure 5.3(b).

Similarly, the second vibration mode of the same case where crack is located
at x = 140mm with damage index Di=0.4 is illustrated in figure 5.4. In this case,
singularity caused by structural discontinuity due to the crack can be observed in
the reconstructed curve and the gray image as shown in figure 5.4(b) and 5.4(c),
corresponding to the crack damage in figure 5.4(a). Mode shapes in grey image
for each crack model and the healthy model are extracted to constitute the mode
shape-based database.

(a)

(b)

(c)

Figure 5.4: Second vibration mode for the case where crack is located at x = 140mm
with damage index Di=0.4. (a) Mode shape, (b) Reconstructed mode shape from
sampling points with z-component displacement, (c) Gray image converted from the
reconstructed mode shape curve

Stress distribution in the beam, as an alternative to mode shapes based on dis-
placement, can also be extracted to represent another kind of features that describe
the status of the structure. In order to obtain stress distribution on the beam,
harmonic analysis is carried out. An external force F = −100 is applied to nodes
located on the bottom surface at x = 100mm, as illustrated in figure 5.5. The fre-
quency range of the harmonic analysis is within the first ten natural frequencies of
each beam model obtained in table 5.2. Ten sub-steps are set, In ten substeps, the
frequency of each substep load corresponds to a natural frequency. Consequently,
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stress distribution corresponding to the first ten vibration modes of the beam is
obtained.

Figure 5.5: Harmonic analysis of the simply-supported beam with external load

121 sampling point are selected equidistantly from the beginning to the end at
the height z = 30mm in the beam along the x direction. Six stress components are
extracted for each mode, i.e., σxx, σyy, σzz, σxy, σxz, σyz. A comparison of the stress
distribution of component σzz with the corresponding mode shape is illustrated in
figure 5.6 and figure 5.7. It can be observed that the zz-component stress distribution
in figure 5.6(c) is different from the mode shape based on z-direction displacement
in figure 5.6(a), where the singularity at the crack position x = 140mm in stress is
more dominant than in mode shape. It can be verified from the reconstructed stress
distribution in figure 5.6(d) and the reconstructed mode shape in figure 5.6(b).

(a) (b)

(c) (d)

Figure 5.6: First vibration mode for the case where crack is located at x = 140mm
with damage index Di=0.4. (a) Mode shape, (b) Reconstructed mode shape from
sampling points with z-component displacement, (c) Stress component σzz distribu-
tion, (d) Reconstructed stress distribution from sampling points with σzz component

The singularity at the peak indicates that the stress here is very large, which
is consistent with the phenomenon of stress concentration on the damage position.
The same phenomenon can be found in the second mode in figure 5.7.
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(a) (b)

(c) (d)

Figure 5.7: Second vibration mode for the case where crack is located at x =
140mm with damage index Di=0.4. (a) Mode shape, (b) Reconstructed mode shape
from sampling points with z-component displacement, (c) Stress component σzz
distribution, (d) Reconstructed stress distribution from sampling points with σzz
component

(a)

(b)

(c)

(d)

(e)

(f)

Figure 5.8: Stress component σzz distribution corresponding to the first two modes
for crack at x = 140mm with damage index Di=0.4. (a) σzz distribution in mode
1, (b) Reconstructed stress distribution in mode 1, (c) converted Grey image from
curve 1, (d) σzz distribution in mode 2, (b) Reconstructed stress distribution in
mode 2, (c) converted Grey image from curve 2

Similar to mode shapes, reconstructed stress distribution curves should be con-
verted into grey images in order to take advantage of image processing capabilities
of CNN. Figure 5.8 illustrates the stress distribution of σzz in the first mode and
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the second mode. The reconstructed stress distribution curve for the first mode in
figure 5.8(b) is converted into a grey image in figure 5.8(c) and the reconstructed
stress distribution curve for the second mode in figure 5.8(e) is converted into a grey
image in figure 5.8(f). In fact, the six stress components in all the first ten vibration
modes of each model are extracted and converted into grey images. The pertinence
of different stress components in CNN will be investigated in the next section.

5.3 Two-stage CNN using mode shapes

The two-stage CNN-based crack detection model: coarse to fine classification used
in Chapter 4, is proposed in this section for damage detection in a beam using mode
shapes. The first stage is employed to predict the crack location on the beam. After
fault-pattern recognition, the second stage is employed to predict the crack damage
size. An overview of data pre-processing and the proposed two-stage CNN-based
crack detection algorithm is presented in figure 5.9.

Figure 5.9: Overview of data pre-processing and the proposed two-stage CNN-based
crack detection algorithm using mode shapes

5.3.1 Coarse classification

In the first step of the two-stage CNN-based crack detection algorithm, the aim
is to predict the crack location. The database contains 5 cases (i.e., healthy and
4 crack cases at different locations), each crack case includes four levels of crack
severity. The first ten mode shapes of each cases are extracted and transformed
into grey images. Some samples from the database are illustrated in figure 5.10,
where mode shapes in grey images for all crack locations are with damage index
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Di=0.4. The database is split into five classes: healthy, 0.14m, 0.27m, 0.45m and
0.55m, indicating "healthy" status and four damage locations respectively. Thus
the output layer of the CNN-1 model has five classes corresponding to those in the
database. 60%, 20% and 20% of the database are randomly selected as training data,
validation data and testing data, respectively. In this way, none of the samples in
validation data and testing data appear in the training phase. It is expected that the
CNN-1 model can distinguish features of the samples belonging to different classes
after training. The mini-batch size is set as 32 and the maximum epoch number is
set as 40.

Figure 5.10: Mode shapes in grey images corresponding to different classes. Samples
of crack cases are with damage index Di=0.4.

A confusion matrix can be obtained from the validation results as shown in figure
5.11. It can be observed that none of samples with ground truth label "Healthy"
are correctly classified. For samples with ground truth label "0.14m", the classifica-
tion accuracy is 75%. For samples with ground truth label "0.27m", "0.45m" and
"0.55m", the corresponding classification accuracy is 75%, 87.5% and 25%, respec-
tively. An overall average validation accuracy is obtained as 61.8%. The training
process is plotted in figure 5.12. It can be seen that the validation accuracy doesn’t
converge to a stable value but it remains at a relative level around 60%. Meanwhile,
the value of validation loss function is kept at a level, around 1.5.

In the testing phase, the result is slightly better. As summarized in the confusion
matrix in figure 5.13, an overall test accuracy of 64.7% is obtained: all samples
belonging to the case 0.14m are correctly classified, but healthy samples are all
misclassified. 50% samples belonging to the case 0.27m are correctly classified with
2 samples classified as 0.45m and 1 sample classified as 0.14m and 0.55m respectively.
For the case 0.45m, 75% samples are correctly classified while one sample classified
as "healthy" and one classified as 0.27m. The classification accuracy for the case
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Figure 5.11: Confusion matrix from validation result of CNN-1 in the two-stage
CNN for crack localization in a beam

Figure 5.12: Training process of CNN-1 for crack localization in the beam
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0.55m is 50%, but 37.5% samples are classified as 0.45m, which is the case next
to the location 0.55m. It should be mentioned that the false alarm may lead to
interference in decision-making of practitioners.
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Figure 5.13: Confusion matrix from testing result of CNN-1 for crack localization
in the beam

5.3.2 Fine classification

In fine classification which is dedicated to predicting the crack size, data with
"Healthy" label are eliminated and data corresponding to crack cases "0.14m",
"0.27m", "0.45m" and "0.55m" are kept, but are rearranged with respect to damage
size indicated by damage index Di. Accordingly, data are split into four classes: 0.2,
0.4, 0.6 and 0.8, which are also the classes of the output layer of CNN-2.

In the database, 60% are used as training data, while data used for verification
and testing each account for 20% of the database. The maximum epoch number is
set as 40 and validation frequency is set as 2 iterations. The training and validation
process is plotted in figure 5.14. The validation accuracy is at a low level between
10% and 20%, and the loss function continues to increase, indicating that the pre-
trained CNN model cannot properly distinguish features between different crack
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sizes from the mode shape grey images.

Figure 5.14: Training process of CNN-2 for crack size prediction in the beam
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Figure 5.15: (a) Confusion matrix of validation result, (b) Confusion matrix of
testing result of CNN-2 for crack size prediction in the beam

A confusion matrix based on the validation result and testing result can be
obtained in figure 5.15(a) and figure 5.15(b), respectively. In the validation phase,
an overall classification accuracy of 18.8% is obtained, in which 50% for Di=0.2,
12.5% for Di=0.4 and 0.8, 0% for Di=0.6. In the testing phase, the overall accuracy
is only 9.4%, in which 25% for Di=0.2, 0% for Di=0.4 and 0.6, 12.5% for Di=0.8.
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Compared to the result in the first stage CNN-1 where the validation and testing
classification accuracy is 61.8% and 64.7%, the CNN-2 is not capable of predicting
the crack size with an acceptable accuracy.

The results obtained by the two-stage CNN method using mode shapes in this
section indicate that, mode shapes or displacements of the structure may not be as
sensitive to damages as expected. Therefore, it is necessary to use alternative types
of data that are more sensitive to damage in crack localization and size prediction
in the beam. A two-stage CNN using stress data will be discussed in section 5.4.

5.4 Two-stage CNN using stress in each mode

From harmonic analysis in section 5.2, stress distribution corresponding to the
first ten vibration modes of the beam is obtained, including six stress components:
σxx, σyy, σzz, σxy, σxz, σyz. Some stress distribution samples in grey images in the
beam corresponding to different cases of mode 1 with Di=0.2 are illustrated in figure
5.16. The rows correspond to different cases, i.e., healthy case and crack at different
locations. The columns correspond to the six stress components. It can be observed
that the color changes smoothly in the healthy case except for σxy and σyz where
the singularity is due to the external force at x = 100mm. The same singularity
is found in other crack cases in stress components σxy and σyz. In other columns
corresponding to other stress components, a sudden change in color can be observed
at a specific location, which is the location of the crack damage, indicating a sudden
change of stress that may be caused by a potential damage at that position.

Figure 5.16: Stress distribution in grey images in the beam corresponding to different
cases of mode 1 with Di=0.2

Different from previous section where the database contains mode shapes of
different cases, in this section it is composed of stress distribution grey images. The
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process of crack localization and crack size prediction remains the same as illustrated
in figure 5.9. Pertinence of different stress components will be discussed in the coarse
classification by CNN-1 and fine classification by CNN-2.

5.4.1 Coarse classification

In coarse classification, CNN-1 is employed to predict the crack location in the beam
based on stress distribution grey images. We have a total of 10×6 (10 represents the
first ten modes in the healthy case, 6 represents the six stress components in each
mode) and 4×4×10×6 (4 crack locations, 4 crack sizes at each location, 10 modes in
each case, 6 stress components in each mode) data. Since the six stress components
may contain different information representing characteristics of the structure, the
role played in SHM may also be different. In order to study the effects of differ-
ent stress components, different databases have been established to train and test
CNN-1 respectively, namely a database containing all components, 6 databases each
containing only one component, and a database without the components σxy and
σyz. It should be pointed out that each database is used to train its corresponding
CNN model. 60% of each database are used to train the CNN-1 model, 20% and
20% are used as validation data and testing data for each database.

Table 5.3: Prediction accuracy of crack location in validation and testing phase
using different databases by CNN-1

Stress component
σ∗∗

Coarse classification
Validation Testing

ZZ 100% 100%
Without XY and YZ 95.1% 91.18%

XZ 92% 64.71%
YY 88% 82.35%
XX 84% 76.47%

All components 75.16% 70.59%
XY 56% 82.35%
YZ 48% 47.06%

The prediction accuracy of crack location in validation and testing phase using
different databases is summarized in table 5.3 sorted in descending order of valida-
tion accuracy. In validation phase, the database containing only σzz has the best
performance with a prediction accuracy of 100%. Stress component σxy and σyz have
the worst performance with an accuracy of 56% and 48% respectively. In testing
phase, stress component σzz has the best performance with a prediction accuracy
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of 100% while the component σyz has the worst performance with an accuracy of
47.06%. The difference between databases suggests that features representing dif-
ferent crack locations in some stress components are more discriminative than in
others.

5.4.2 Fine classification

In fine classification, CNN-2 is employed to predict the crack size in the beam using
stress distribution grey images. The database in this section only contains data cor-
responding to crack cases. Similar to coarse classification, databases are established
to study the importance of different stress components. The difference to coarse
classification is that data in each database are split into four classes corresponding
to four crack sizes indicated by the damage index Di (0.2, 0.4, 0.6 and 0.8). In each
database, 60% data are used to train a CNN-2 model, 20% and 20% are used as
validation data and testing data.

Table 5.4: Prediction accuracy of crack size in validation and testing phase using
different databases by CNN-2

Stress component
σ∗∗

Fine classification
Validation Testing

ZZ 83.33% 62.50%
YY 75% 68.75%
XZ 70.83% 75.00%
XX 66.67% 50.00%

Without XY and YZ 64.58% 65.63%
XY 62.50% 50.00%
YZ 62.50% 50.00%

All components 58.33% 55.21%

The prediction accuracy of crack size in validation and testing phase using dif-
ferent databases is summarized in table 5.4 sorted in descending order of validation
accuracy. Stress component σzz has a prediction accuracy of 83.33%, outperforming
other components and the database containing all components performs the worst,
with an accuracy 58.33%. But in testing phase, the database of σxz and that of σyy
have the best performance with 75.00% and 68.75% respectively. The classification
accuracy of other databases is no less than 50%.
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5.5 Discussions

The results obtained from mode shapes and stress distribution in the beam have big
difference. For the prediction of the crack location, an overall accuracy of 64.7% is
obtained using mode shapes, but using stress distribution, the best performance can
have an accuracy of 100%. For the prediction of crack size, the overall accuracy with
mode shapes is at a very low level of 9.4%, indicating the incapability of prediction,
but the accuracy is no less than 50% using stress distribution, and can even reach
75%. It is clear that the classification accuracy for both crack location and crack
size using stress distribution has been improved significantly compared with the
results using mode shapes, which suggests that stress distribution may contain more
discriminative information relative to crack location and size than mode shapes.

Although high accuracy can be achieved with stress distribution, what cannot be
ignored is that the number of sampling points to reconstruct the stress distribution
on the beam is 121. This means that if it is under real experimental conditions,
it is necessary to arrange sensors at so many points to collect data, which will
greatly increase the cost of experimental equipment and will burden data storage,
processing and subsequent computation. Therefore, under the premise of ensuring
the accuracy of the results, appropriately reducing the number of sampling points
should be studied. Figure 5.17 illustrates the stress distribution in the beam with
the reduction of the number of sampling points corresponding to crack damage at
0.27m with crack size Di=0.2 of the first mode. It can be seen that with sampling
point reduction, the features indicating damage in the stress distribution grey image
become fuzzier, which may lead to poorer classification accuracy.

Figure 5.17: Stress distribution in the beam with the reduction of the number
of sampling points. Images correspond to crack damage at 0.27m with crack size
Di=0.2 of the first mode

The classification accuracy of crack location and crack size with database from
reduced sampling points predicted by the two-stage CNN model is listed in table
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5.5. It can be found that the classification accuracy decreases with the reduction
of sampling points as expected. It should be due to the fact that stress containing
important damage information near the damage area are more likely not to be
collected with less sampling points. However, the classification accuracy in the
prediction of crack location remains 82.35% at least while that in the prediction of
crack size remains 50.00% at least. Therefore, it is possible to reduce the number
of sampling points, but it is necessary to find a suitable compromise between the
accuracy of classification and the number of sampling points.

Table 5.5: Prediction accuracy of crack location and crack size with the reduction
of sampling points

Sampling points
(database σ∗∗)

Coarse classification Fine classification
Validation Testing Validation Testing

121 points (Without XY and YZ) 95.10% 91.18% 64.58% 65.63%
61 points (Without XY and YZ) 88.24% 94.12% 56.25% 51.56%
31 points (Without XY and YZ) 78.43% 82.35% 51.04% 50.00%

5.6 Conclusions

In this chapter, it is proposed to use modal parameters for structural health moni-
toring under low frequencies, different from the previous two chapters where wave
propagation is used for structural health monitoring at high frequencies. At the
same time, the wide applicability of the proposed two-stage CNN-based method for
damage detection can be verified, e.g. for different structures and different types
of data. Thus, crack localization and damage size prediction in a simply-supported
beam is conducted based on mode shapes and stress distribution in the beam instead
of the vibration data used in the sandwich structure.

The classification accuracy for both crack location and crack size using stress
distribution in the two-stage CNN model has been improved significantly compared
with the results using mode shapes, suggesting that stress distribution may con-
tain more discriminative information relative to crack location and size than mode
shapes.

In addition, the reduction of the number of sampling points to reconstruct the
stress distribution in the beam is discussed. It is found that with sampling point
reduction, the features indicating damage in the stress distribution grey image be-
come fuzzier, which has led to the decrease of classification accuracy as expected.
Therefore, it is necessary to find a suitable compromise between the accuracy of
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classification and the number of sampling points according to different situations.
The wide applicability of the proposed CNN-based method for damage detection

has be verified for a different structure (i.e., beam) and different types of data (i.e.,
modal data). Different from Chapter 3 and Chapter 4 where propagated wave at
high frequencies are used for damage detection, it has been verified in this chapter
that the utilization of modal data at low frequencies in the CNN model is effective
for damage detection.





Chapter 6

Conclusions and perspectives

6.1 Conclusions

The thesis project is a special issue of health monitoring of composite materials. This
work addresses the difficulty in constructing a database for structural health mon-
itoring (SHM) of real composite structures and the inconvenience in conventional
expertise-based SHM approaches. Crack damage detection of a thick composite
sandwich structure based on a conventional machine learning algorithm Gaussian
Process and a deep learning algorithm Convolutional Neural Networks using simula-
tion data was reported successively. The developed machine learning based damage
detection model can help detect and localize crack damages in composite sandwich
structures.

The research background of composite structures, structural health monitoring
methods, the development of machine learning and its applications are firstly re-
viewed in Chapter 1. The survey starts with the wide application of composite
structures and structure damage problems. Then a review of existing structural
health monitoring methods, including physical-based and data driven-based meth-
ods is given. The introduction of machine learning and its applications in structural
health monitoring as well as other fields is then discussed.

The implement of the numerical approach to construct a database for SHM of
composite sandwich structure has been introduced in Chapter 2. Models have been
constructed and validated by comparing the physical properties obtained numer-
ically with analytical methods. Different damage cases are modeled followed by
finite element analysis. Some commonly used feature extraction techniques through
FE simulation are then introduced, which help to construct a database for further
study.

A conventional machine learning algorithm: Gaussian Process-based method
was developed for structural health monitoring of the studied composite sandwich
structure in Chapter 3. Discrete wavelet transform (DWT) is used for feature ex-
traction, and GP is used to detect the occurrence of potential crack damages in
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the structure. Several factors that have impact on classification accuracy have been
investigated. The proposed method is proven effective for crack-type damage de-
tection in the studied structure with appropriate factors, such as mother wavelet in
DWT, likelihood function and inference method in GP and the number of iterations
in the learning process. The pertinence of data from different sampling points on the
structure is also investigated. In addition, the effectiveness of the proposed method
is verified under simulated environmental noise.

A CNN-based structural health monitoring system is proposed in Chapter 4 due
to the advantages of the deep learning algorithm Convolutional Neural Network
in image recognition and classification. One-stage CNN model and two-stage CNN
model using images processed by Continuous wavelet transform (CWT) are proposed
successively. In the one-stage CNN model, most samples with ground truth "crack"
are incorrectly classified as "healthy", leading to a poor capability of detecting and
localizing crack damage at the same time. However, a two-stage CNN model is
then proposed to address the problem, in which the first CNN is used to detect the
occurrence of crack damage while the second is used for crack localization. The
enrichment of the database is carried out. Accordingly, the lack of variability of the
database is solved and the capability of the two-stage CNN model of detecting and
localizing crack damage is improved significantly.

Chapter 5 extends the two-stage CNN-based SHM method using modal data
at low frequencies in a simply-supported beam to verify the wide applicability of
the CNN-based method to different structures and different types of data. Crack
localization and damage size prediction in a simply-supported beam is conducted
based on mode shapes and stress distribution in the beam instead of the vibration
data used in the sandwich structure in Chapter 3 and Chapter 4. Results suggest
that stress distribution may contain more discriminative information relative to
crack location and size than mode shapes. In addition, it is necessary to find a
suitable compromise between the classification accuracy and the number of sampling
points according to different situations to obtain an optimal performance.

It is proven that machine learning based health monitoring of composite struc-
tures is effective and efficient. Besides, the effectiveness of using modal parameters
under low frequencies and propagated waves in high frequencies provides more flex-
ibility and possibilities for SHM.
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6.2 Perspectives

From the results obtained in the present research, some perspectives can be planned:

• Evaluate the robustness of the CNN-based method under simulated environ-
mental noise;

• Enrich the crack damage characteristics, e.g., with different orientations, ir-
regular shapes. Extend the machine learning based SHM model to identify
more complex characteristics of the damage;

• Conduct experiments on real structures and evaluate the applicability of the
proposed damage detection method based on simulated data;

• Construct composite sandwich models with delamination damage which is also
common in composite materials. Detect and localize delamination in x-y plane
(in the face sheet of sandwich structure) and in z direction (depth).
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