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Abstract

Debonding of tiles in high-rise buildings has become an increasingly critical issue due to
rapid urbanisation. Falling tiles pose a safety threat to pedestrians, vehicles, and other
equipment. Reliable non-destructive inspection (NDI) methods are essential for detecting
debonding. This study systematically investigates both contact and non-contact acoustic NDI
methods for inspecting tile debonding or loose fixings. It elaborates on the mechanisms of
these acoustic inspection methods and outlines the step-by-step procedures for defect
detection. The study also provides valuable algorithms for developing efficient inspection
procedures that can be more easily applied in practice, such as identifying loose slot wedges
in the stator of a hydropower generator.

After a brief review of recent developments in non-destructive inspection (NDI)
methods for detecting structural defects, the thesis begins by investigating tile debonding on
walls using non-contact acoustic inspection method to improve inspection efficiency and
safety. This part of the study establishes a non-contact acoustic approach that utilises a
directional sound source and a Laser Doppler Vibrometer (LDV) to inspect the debonding
areas. An effective numerical model is integrated into the study to simulate the acoustic
interaction between the sound waves and the tile. Tiles with typical debonding patterns are
characterised and analysed using this method. A full-field numerical model is then employed
to simulate and reconstruct the vibration signals generated by the tile. In both experimental
and numerical setups, a directional sound source generates acoustic waves across a sweeping
frequency band. Vibration signals at multiple inspection points on the tile surface are
recorded and processed, with the vibration amplitudes at the resonance frequency of
debonding conditions being specifically noted. The debonding area is identified by plotting
the out-of-surface velocity map based on the vibration amplitudes. The numerical
simulations align well with the experimental results, confirming the accuracy of the method.

These findings demonstrate that debonding areas of varying shapes beneath the tile can be



clearly identified, proving the effectiveness of the proposed non-contact acoustic approach.

To further enhance the inspection efficiency of the non-contact acoustic approach, a
deep learning (DL) network method is proposed. Signals from individual inspection points
are processed using continuous wavelet transform (CWT), which converts them into time-
frequency scalograms. A database is then created containing the characteristic signatures
extracted from these scalograms. This study establishes and trains two DL networks using
these signatures for all inspection points in the database. The first DL network is designed
to classify debonding types based on predefined geometries, while the second DL network
further evaluates the bonding conditions to support more specific debonding analysis. The
results show that a single time-frequency scalogram, collected from a random inspection
point, can achieve 100% classification accuracy with the first DL network. The second DL
network can effectively identify the unknown debonding shape of a tile, with errors ranging
from 1% to 31% for most typical cases. This two-stage method, utilising both DL networks,
provides a fast and effective solution for tile debonding detection, offering a novel approach
for engineering applications.

Then, the non-contact acoustic approach is extended to inspect the fixation condition of
slot wedges within a hydropower generator. During long-term operation of a hydropower
station, the loosening of any slot wedge within the generator can pose significant risks to its
safe operation. In this study, typical engineering slot wedge components are examined and
classified into three conditions: loose, intermediate, and normal, based on assessments by an
experienced technician, as commonly practised in the field. A directional sound source
generates an acoustic wave with a sweeping frequency band, which propagates to the slot
wedges. The vibration signals induced on the surface of the slot wedges by the acoustic
waves are collected and processed. The fixation conditions of the slot wedges are determined
by analysing the frequency peaks within the frequency band of 900-2100 Hz. The

classification results demonstrate that the identification accuracy for both the loose and



normal fixation conditions is 100%. With the help of a DL network, the identification
accuracy for all three conditions reaches 100%. Compared to traditional contact-based
inspection methods, this non-contact acoustic approach offers the advantage of a shorter
operation time, while maintaining accuracy that is comparable to conventional techniques.
Finally, a contact inspection method is applied to detect the tile debonding. Tile
debonding is detected by analysing vibration signals triggered by the impact force, where a
hammer excites the tile and a microphone captures the vibro-acoustic signals, mimicking
human hearing. The study finds that the debonded and undebonded areas of the tile produce
different acoustic waveforms when activated. Accordingly, a method is developed to
differentiate the debonded and normal conditions, enabling precise identification of the
debonding area. A data processing approach based on Fast Fourier Transform (FFT) is
applied to identify resonance frequencies. Bonding conditions are determined using
frequency band signatures, and the debonded area is identified through an algorithm based
on the Digital Damage Fingerprints (DDF) method. Compared to traditional methods that
rely on the trained ears of experienced workers, this approach eliminates human subjectivity,

yielding more reliable assessment results.
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Symbols and Abbreviations

a Scale factor (CWT); Constant (Energy calculation)
A Cross-sectional area

Ao Initial cross-sectional area

AMP; Amplitude of short-term energy

b Translational factor (CWT)

B Fitness function; Isentropic bulk modulus
c Sound speed in a medium

Cr Admissibility constant (CWT)

d Bias value in a neural network

Det Threshold for signal detection

E Young's Modulus (Elastic Modulus)
EEF; Energy Entropy Ratio

EL; Short-term energy (Logarithmic)

S Frequency

ft) Signal in the time domain

fo Original resonance frequency

Jo Resonance frequency with added mass
H; Short-term spectral entropy

h Thickness

m Mass

Am Added mass (e.g., of a sensor)

n Sample index

N Number of samples/signals

p Sound pressure
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Chapter 1: Introduction

The acoustic inspection method has gained widespread interests for defect detection
due to its advantages, such as high safety, portability, and short operational time. This
chapter begins with an introduction to the inspection objectives, followed by an
explanation of the importance of detecting tile debonding. A comparative analysis of
conventional non-destructive inspection (NDI) techniques is then provided,
highlighting the benefits and limitations of each. The chapter concludes with an

overview of the thesis, outlining the key topics discussed in subsequent chapters.

1.1 Background

In recent decades, the pace of urbanisation has rapidly accelerated. It is projected that
by 2050, approximately 70% of the global population will reside in cities [1]. As
urbanisation progresses, countless tall buildings have been constructed, many of which
have stood for several decades. Over time, these buildings show signs of aging,
including damage to glass, paint, and tiles. This wear and tear on these structures

increases the risk of objects falling from these structures, posing a growing threat to



public safety. Even at moderate heights, falling objects can present serious hazards to
people below [2]. For example, the impact energy of a 250-gram object falling from a
height of 30 meters could potentially be fatal [3]. In New South Wales alone, over
15,500 injuries have been reported due to falling objects since 2016, resulting in 17
deaths and 200 permanent disabilities [4]. One of the key factors contributing to this
risk is the deterioration of the adhesive layer between building decorations, such as tiles,
and the walls they cover. Over time, this can compromise the integrity of the structure
[5, 6]. Ceramic tiles, long valued for their durability and practicality, have been a
common choice for building facades [7]. Porcelain tiles, in particular, became popular
in Italy in the late 1970s [8], and since then, they have been widely used for both
decorative and protective purposes on building exteriors [9, 10]. Not only do tiles
enhance the aesthetic appeal of buildings [11, 12], but their low water absorption also
helps prevent humidity-related erosion, making them ideal for facade applications [13].
A notable example is the Sydney Opera House, whose iconic gleaming exterior is
covered with approximately 1.4 million tiles [14]. Exposed to the sea winds of Sydney
Harbour, these tiles face constant environmental stress. If tile debonding goes

undetected, the safety of the thousands of tourists who visit could be at risk.

b

Figure 1.1 Over 1,400,000 tiles on the Sydney Opera House [14]
The material components of modern ceramic tiles primarily consist of clays and

fluxes [15]. The clays can be categorised into various types, such as red-firing clay,
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white-firing clay (ball clay), and kaolin [16, 17]. The manufacturing process for these
tiles is typically divided into two categories: wet and dry routes [16]. A detailed
discussion of the manufacturing procedure is beyond the scope of this thesis. Regardless
of the manufacturing method used, tiles that meet the required quality standards are
designed to be durable and long-lasting. Tiles are typically affixed to concrete
substrates in buildings using adhesives, with mortar being the most commonly used
adhesive in construction. Compared to the tile itself, mortar is relatively fragile.
Previous studies have shown that the weakest point in the tile-adhesive-substrate
system 1is the tile-adhesive interface [18-20]. Various factors can contribute to defects
at this interface, with wear and tear, earthquakes, and strong winds being the primary
causes of adhesive failure [2, 21].

Regarding seismic activity, Australia is classified as a stable continental region
(SCR), with relatively low seismic activity compared to other parts of the world [22].
The likelihood of large, surface-rupturing earthquakes in Australia is minimal, and
earthquake-induced defects are typically insignificant [23]. While earthquakes are not
a major concern, strong winds can still pose a risk, potentially leading to tiles detaching
and falling. According to the Australian Standard AS 4055:2021, which outlines wind
load requirements for housing, all buildings in Australia must be capable of
withstanding winds with a gust speed of up to 187 km/h (Category N3), which
corresponds to non-cyclonic winds [24-27]. Additionally, several studies have reported
a global decline in wind speeds over the past few decades, primarily due to atmospheric
changes driven by climate change [28-30]. Consequently, non-damaged tiles are
generally resilient to the winds typically encountered in Australia.

The primary focus of this study is the wear-and-tear-related defects in tiles. The

tiling system in buildings can be simplified as a multilayer structure consisting of the



tile, adhesive mortar, and the concrete substrate. Each of these layers has distinct
material properties, meaning they respond differently to environmental factors such as
humidity and temperature changes. This mismatch in physical properties leads to
differential deformation, resulting in internal stresses. These stresses concentrate at the
interfaces between the layers, causing initial cracks and erosions [31-33]. Over decades
of exposure to environmental stress, delamination can occur between the tiles and the
substrate, ultimately leading to tile debonding and detachment, as illustrated in Figure
1.2. Wear-and-tear-induced defects also weaken the bond between the tiles and the

substrate, making it easier for external forces, such as wind, to dislodge the tiles.

Figure 1.2 Tiles fall off from an old residential building [34]

Therefore, to prevent tile debonding, it is essential to conduct regular inspections
and maintenance, especially for tiles on tall buildings. This thesis primarily focuses on
the detection of tile debonding, employing methods based on various physical
principles to accurately determine the shape and location of the debonding. Traditional
inspection methods often rely on the experience of skilled operators. For instance,
experienced workers can identify defects by analysing the appearance and the sound

produced when tapping the tiles. However, this method lacks the ability to quantify the



defects, and its reliability can be influenced by environmental factors and human error.
To minimise potential damage during inspections, non-destructive inspection (NDI)
techniques are typically used. Numerous NDI methods have been developed, based on
different principles, including mechanical, chemical, electrical, physical, and visual
techniques [35, 36]. NDI methods can be further categorised into two main types:
contact inspection and non-contact inspection, depending on the deployment approach.
This study aims to explore both contact and non-contact inspection techniques for
evaluating tiles on buildings. New approaches for capturing defect signals, along with
corresponding data processing methods, are systematically proposed and evaluated.
Ultimately, this thesis offers valuable insights into tile debonding detection, with the

potential for broader applications.

1.2 Overview of this thesis

The primary objective of this study is to systematically investigate appropriate non-
destructive inspection (NDI) methods for detecting tile debonding or loose fixation.
The specific goals of the study are as follows:

1. Establish a non-contact acoustic inspection approach for accurately detecting
tile debonding on walls, using a directional sound source and a Laser Doppler
Vibrometer (LDV).

2. Develop an effective numerical model to simulate the acoustic interaction
within the tiling system.

3. Build a defect database and establish a deep learning network to enhance the
efficiency of the non-contact acoustic inspection method.

4. Expand the non-contact acoustic inspection approach to assess the fixation

condition of slot wedges in a hydropower generator.



5. Develop a contact inspection method that analyses vibration signals activated
by impact. An impact hammer is used to excite the tile, and a microphone collects the
vibro-acoustic signals, mimicking the human ear’s ability to detect sound.

The following chapters outline the methodologies and findings related to these
goals.

Chapter 2 provides a brief overview of recent advancements in non-destructive
inspection methods, focusing on both contact and non-contact techniques. It also
discusses the physical principles, data processing algorithms, and machine learning
applications used in NDI methods.

Chapter 3 describes an experimental study of a non-contact acoustic method using
acoustic excitation. Here, tiles with typical debonding areas are analysed. A directional
sound source generates a multitone burst (MTNB) acoustic wave, and the vibro-
acoustic signals at different points on the tile surface are captured using a Laser Doppler
Vibrometer (LDV). These signals are processed to create a debonding map, represented
by the out-of-surface velocity at each inspection point, which characterises the
debonded areas.

Chapter 4 develops an effective numerical model to simulate the non-contact
acoustic method described in Chapter 3. It includes an in-depth analysis of the acoustic
interaction with the tiling system. The chapter also discusses the data processing of
vibration signals collected from multiple inspection points and how the debonding areas
are reconstructed from these signals. A detailed comparison between numerical
simulations and experimental results is provided, with a focus on model accuracy.

Chapter 5 introduces a deep learning network designed to improve the efficiency
of the non-contact acoustic method. Vibration signals from each inspection point are

processed using continuous wavelet transform (CWT) and converted into time-



frequency scalograms. A database of labelled and categorised scalograms is created,
and two deep learning networks are trained with this data. The first network identifies
debonding types based on predefined geometries, while the second network evaluates
bonding conditions for more specific debonding assessments. The two-stage deep
learning method shows high classification accuracy, enabling quick and effective
identification of tile debonding.

Chapter 6 extends the application of the non-contact acoustic method to inspect the
fixation condition of slot wedges within a hydropower generator. Loose slot wedges
can pose significant safety risks to the operation of the generator. This chapter classifies
typical slot wedge components into three categories: loose, middle, and normal.
Vibration signals from the slot wedge surface are analysed to determine the fixation
condition. Compared to traditional contact inspection methods, the non-contact
acoustic approach offers faster inspection times while maintaining comparable accuracy.

Chapter 7 presents a contact acoustic approach using mechanical excitation. In this
approach, an impact hammer excites the tile, and a microphone records the vibro-
acoustic signals. These signals are collected from various inspection points, processed,
and analysed to differentiate between normal and debonded areas, allowing for the
identification of the bonding condition and debonding location.

Chapter 8 concludes the systematic study presented in this thesis, summarising key

findings and offering suggestions for future research directions.



Chapter 2: Overview on non-destructive

inspection using acoustic technologies

This chapter provides an overview of non-destructive inspection (NDI) technologies,
with a particular focus on acoustic inspection methods. It highlights key challenges
associated with this specific NDI approach. First, the physical principles and
mechanisms underlying various NDI technologies are summarised. Following this, the
chapter reviews the development of acoustic inspection over the past few decades,
detailing significant advancements in the field. It then categorises and analyses both
contact and non-contact acoustic inspection methods. Efforts aimed at enhancing
inspection accuracy and efficiency are discussed, with a particular emphasis on signal
processing techniques for acoustic signals. The chapter also outlines potential future
directions for research and emphasises the promising outlook for acoustic inspection
technologies. Finally, it summarises the challenges and limitations faced by current NDI
methods, stressing the need for advanced acoustic inspection solutions to address the

detection of tile debonding in building structures.



2.1 Non-destructive inspection (NDI)

Non-destructive inspection (NDI) technology is widely employed for on-site
evaluations, enabling the detection of defects without causing any damage to the
structure. NDI uses advanced methodologies and instruments to assess defects in terms
of their types, shapes, locations, quantities, and specifications, both inside and on the
surface of structures [37-39].

The minimum achievable resolution of an NDI method is determined by the
dominant wavelength, A [40]. In a discontinuous medium, the resolution of the NDI
technique is typically A/2 [40, 41]. The relationship between wave velocity v, wave
frequency f, and wavelength A is given by the following equation:

v=AXf (2.1)

Since the wave velocity v is typically considered constant within a given medium,
a shorter wavelength A corresponds to a higher frequency f. However, as frequency
increases, so does the attenuation of the signal [42, 43]. In practice, selecting the
dominant signal involves a trade-off between accuracy and signal attenuation. Over the
years, a variety of techniques utilising different dominant signals have been applied to
NDI, including mechanical, physical, electrical, chemical, and even visual inspection
methods [35, 36]. Each of these techniques comes with its own set of advantages and
limitations.

Commercially available NDI equipment, such as impact hammers and ground-
penetrating radar, are effective but limited in their ability to inspect specimens from
long distances [44-46]. Computer vision and visual quality inspection provide intuitive
surface-level inspection, but these methods are restricted to detecting cracks and surface
damage [47, 48]. Radiographic techniques, including gamma-ray and X-ray inspection,
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can identify defects deep within materials, but exposure to radiation without proper
safety measures poses significant health risks to workers. As a result, specialised
vehicles and facilities are necessary for the transport and storage of radiographic
equipment [39, 40]. Active thermography is widely used for inspecting low-thermal-
conductivity materials. However, the large heating systems or solar heat required for
this method limit its all-weather operational capability in field-based inspections [49-
51]. The existence of shadow also limits its usage. Acoustic methods, utilising sonic or
ultrasonic waves, detect defects by analysing the reflection or transmission of
mechanical stress waves through the material [40, 45]. Compared to other NDI methods,
acoustic techniques offer the distinct advantage of being able to detect defects within
the material itself, while maintaining higher safety levels and significantly shorter
operation times. This combination of benefits makes acoustic methods particularly

well-suited for field-based inspections.

2.2 Development of acoustic inspection

NDI inspection methods can be generally classified into two categories: contact
inspection and non-contact inspection [52]. Contact inspection requires direct physical
contact between the probe and the specimen. This method typically involves using
adhesives to secure the probe to the surface, and in some cases, even drilling holes into
the structure [5, 40, 41, 53, 54]. Contact methods help minimise the interaction between
air and the solid material, thus reducing signal attenuation and providing higher
accuracy. These methods generally analyse changes in the structural response, such as
mode shape variations, natural frequency, stiffness, and other modal characteristics [55-
57]. However, in most studies, the contact inspection equipment is fixed on the
specimen surface, which results in a relatively longer operation time[40, 54]. In contrast,
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non-contact inspection methods involve remote excitation, offering quicker
deployment and the ability to maintain a safer working environment, especially in field
settings [58-60]. Non-contact inspection is highly efficient and reduces the risk to
workers. However, compared to contact-based methods, non-contact techniques
typically suffer from greater signal attenuation, which can negatively impact the
accuracy of the inspection.

Acoustic inspection systems can be either contact or non-contact methods.
Depending on the relative positioning of the actuator and sensor, acoustic methods can
be categorised into three transmission modes: direct transmission mode (also known as
pitch and catch), semi-direct transmission mode, and indirect transmission mode (also

known as pulse and echo) [40, 61, 62]. These modes are illustrated in Figure 2.1.
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Figure 2.1 Three transmission modes of acoustic method: (a) direct; (b) semi-direct; (c)
indirect [40]

The direct transmission mode cannot accurately locate the exact position and extent
of a defect, as it records the average wave velocity along the entire path. Therefore, it
is typically used for simple evaluations, such as assessing the relative condition of the
structure or estimating internal stress [63, 64]. In contrast, the semi-direct and indirect
transmission modes are capable of determining the precise location and extent of the

defect. As a result, these modes are commonly used in commercial acoustic inspection
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equipment [61]. In all three modes, the actuator and sensor can either be attached to the
surface of the specimen or positioned at a distance, depending on the specific

application scenario.

2.2.1 Contact methods

After decades of development, contact methods are now capable of determining the
position and size of defects with suitable resolution [44-46]. The traditional actuators
used in contact acoustic methods are varied and include sound probes, piezoelectric
transducers (PZT), ground-penetrating radar (GPR), and, most commonly, the impact
hammer [65, 66]. As mentioned earlier, the semi-direct and indirect transmission modes
are widely employed in commercial equipment. In these modes, the actuator and sensor
can be integrated into a compact sound probe, providing excellent portability—this
configuration is known as the pulse-and-echo system [44, 67]. Depending on the
scanning orientation, ultrasonic data collected by sound probes can be classified into
standard formats such as A-scan, B-scan, C-scan, and S-scan [67-69]. These formats
can be displayed simultaneously in modern computerised ultrasonic scanning systems
[70], which can even combine different scan formats to reconstruct a 3D model, as
shown in Figure 2.2 [71].

Due to the small size and light weight of the sound probe, multiple probes can be
deployed in various directions to improve resolution [72]. Mohammadkhani et al.[73]
used an ultrasonic phased array probe to inspect aerospace composite structures. They
applied a wavelet transform-based algorithm with a smart thresholding technique, using
the extracted statistical mean and standard deviation of structural noise to determine the
depth of defects. The depth signals gathered from different directions were then

combined to generate a 3D model of the defects within the structure. Similarly,
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Blandford and David [74] recorded the vibration amplitude at each layer of a laminated
composite structure using C-scan, creating defect profiles for each layer. These profiles

were then combined to reconstruct a 3D model of the defect.

Depth (mm)

Figure 2.2 3D reconstruction of a specimen with different ultrasonic scan formats [71]
Another widely used commercial device is ground-penetrating radar (GPR), which
also operates as a pulse-and-echo system. In this method, high-frequency
electromagnetic pulses are emitted into the specimen, and the receiving antenna
captures the reflected echoes from the selected region [58]. This technique is commonly
referred to as the impulse radar method [75, 76]. Originally, GPR was primarily used
by geophysicists for subsurface investigations [40]. However, when applied to
structural inspection, the depth of inspection is relatively shallow, and higher signal
attenuation 1is typically acceptable. To achieve better resolution in structural
applications, the frequency of the GPR is set higher than in geophysical applications,
which results in improved resolution at the cost of a shallower penetration depth.

The actuators mentioned earlier, such as sound probes, piezoelectric transducers
(PZT), and ground-penetrating radar (GPR), can directly generate mechanical waves in
the medium. In addition to these methods, mechanical waves can also be generated
through external mechanical excitation. One of the oldest non-destructive inspection

(NDI) methods in construction is the knocking technique, where a hammer is used to
13



strike a specimen [77]. Experienced operators can assess the condition of a structure by
recognising the sound produced during the knocking, which falls within the human
hearing range (20 Hz - 20 kHz). A clear sound typically indicates a solid structure, while
a muffled sound may suggest defects or voids. However, this method is subjective, and
even seasoned operators can be influenced by surrounding noise.

Since the 1980s, the impact hammer has been widely used as an actuator for
inspecting concrete elements [78, 79]. When using an impact hammer as an actuator,
inspections can be classified into two methods: the impact-echo (IE) test method and
the impact-response (IR) test method [59, 75]. The IE method uses a high-frequency,
low-amplitude source, while the IR method uses a low-frequency, high-amplitude
source. The IE method measures the frequency domain of the compression wave
between the surface and any internal defects, whereas the IR method records the global
deformation response of the structure. Both methods can be used to generate a two-
dimensional grid of vibration responses to locate defects [80]. In a traditional contact
inspection setup, an impact hammer is used as the excitation source, and accelerometers

are deployed to record the vibration properties, as illustrated in Figure 2.3.

Figure 2.3 Concrete damage inspection by impact hammer [81]

Shukla and Koo [82] used forced vibration, generated by an impact hammer, to

track changes in the net stiffness of a space shuttle’s Thermal Protection System (TPS)
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tiles in order to monitor structural integrity. While this method can detect changes in
the structure, it cannot assess the severity of the damage or pinpoint the exact location
of the defect. In contrast, Saadatmorad et al. [83] employed Pearson-based correlation
coefficients to compare the mode shapes between intact and damaged steel beams,
using one-dimensional discrete wavelet transform (1D-DWT). Their approach allows
for the identification of the damage location within the beam.

However, the contact inspection method using an impact hammer has its limitations.
This method typically involves an accelerometer to record the vibration signals. The
deployment of the accelerometer introduces mass loading on the surface of the
specimen. Although the accelerometer’s mass is relatively small, it can cause a slight
shift in the specimen’s resonance frequency, especially for lightweight or highly
damped materials, such as rubber [84]. Additionally, this added mass introduces some
uncertainty in the estimation of the modal parameters. In a one-degree-of-freedom

(DOF) system, the resonance shift Af can be determined by:

A
Af = fo— fu f—f=1— /M% (2.2)

where f, is the resonance frequency of the original specimen, f;, is the resonance
frequency of the specimen with the attached accelerometer, m is the mass of the
specimen, and Am is the mass of the accelerometer. As shown in Equation (2.2), to
correct for the resonance shift (Af), all the masses in the system must be clearly
measured, which makes the inspection process relatively simple in theory. However, in
practice, the inspection system is often more complex than a one-degree-of-freedom
(DOF) system, and measuring the mass of the structure can be challenging. To mitigate
the impact of the mass, accelerometers are becoming smaller, and alternative sensors,
along with corresponding data processing methods, are being developed. For instance,

Xie et al. [85] designed an offline detection system to inspect slot wedge loosening in

15



the stator of a hydropower generator. An inspection robot, equipped with an impact
hammer, taps the wedge, and the looseness of the wedge is assessed by analysing the
percussion sound signals. This method avoids the resonance shift caused by the

accelerometer.

2.2.2 Non-contact methods

As mentioned earlier, contact inspection methods generally experience lower
attenuation, but the deployment time for such systems is relatively long. Additionally,
the mass of the accelerometer can affect the resonance frequency of the original system.
To mitigate these uncertainties, non-contact methods have been developed. Common
non-contact acoustic inspection techniques include laser ultrasonics (LU), air-coupled
ultrasonic inspection, and the acoustic method using pressure waves in combination
with a Laser Doppler Vibrometer (LDV) [84, 86, 87].

Laser ultrasonics (LU), including femtosecond and picosecond LU, utilises
modulated lasers to induce ultrasound by irradiating the specimen, causing rapid

thermal expansion [88], as illustrated in Figure 2.4.
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Figure 2.4 Schematic diagram of laser ultrasonic inspection [88]

The wavelength of the induced ultrasound in Laser Ultrasonics (LU) is ultrashort,
making it a powerful NDI tool for detecting minor defects in small specimens, such as
defects in integrated circuits (ICs) and cracks in metal boards or weld seams [89-92].
Additionally, the LU method can excite the specimen remotely, making it suitable for
extreme environments such as high temperatures, high corrosion, and radiation
exposure [93]. Masserey et al. [94] used a heterodyne laser interferometer to detect
surface cracks with complex geometries. The interferometer measures the out-of-plane
displacement of the surface generated by a laser beam. The time delay between cracked
and non-cracked specimens is then calculated to characterise the crack’s shape, with
good agreement achieved between the numerical model and experimental results.
Hernandez-Valle et al. [95] used laser-based ultrasonic generation and detection of
Rayleigh waves to measure surface defects with varied branched geometries. The

geometry of the defect is characterised by analysing the reflection and transmission of
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ultrasonic surface waves. Zarubin [96] developed a refraction-corrected tomographic
algorithm for immersion laser-ultrasonic imaging, resulting in reconstructed ultrasonic
images with better resolution than those obtained through X-ray imaging. Pei et al. [97]
developed a phased array laser ultrasonic testing system that uses a compact optical
fiber array bundle and a laser interferometer to inspect inner cracks in thick metal
specimens. Li et al. [98] analysed the interactions between laser-generated surface
acoustic waves (SAWs) and different cracks, measuring crack depth using an optimised
algorithm that selects key features from the transmission and reflection acoustic signals.

However, the LU method is more suited for inspecting small defects, typically at
the millimeter or even micron level [86]. To avoid damaging the specimen, the laser
energy must be kept below the ablation threshold, which results in weaker signals.
Consequently, the inspection depth is also limited [88, 89]. As a result, the LU method
is not ideal for tile inspection, where larger defects and deeper penetrations are typically
encountered.

Air-coupled ultrasonic inspection is another widely used commercial NDI method.
This technique does not require any coupling media, such as glue, grease, or water [99].
The probes used in air-coupled ultrasonic inspection typically consist of classical
piezoelectric transducers with additional transitional layers and a critical final matching
layer on the piezoelectric element to improve the transfer of acoustic energy in the air,
or capacitive devices, which are vibrating membranes [100]. The primary limitations
of this method are the reflection loss between air and solid media, as well as the
attenuation of high-frequency ultrasound in air. Consequently, this method often
requires two-sided access—such as through-transmission mode, guided wave mode, or
Rayleigh wave mode— to gather sufficient signal amplitudes for accurate measurement

[101-104] , as shown in Figure 2.5. In these modes, two or more capacitive film
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transducers operate as reciprocal devices, detecting waves transmitted through or

reflected from the specimen. These modes also help reduce interface losses.
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Figure 2.5 Through transmission mode of air-coupled ultrasonic inspection [104]

Rommeler et al. [105] utilised an air-coupled ultrasonic setup with Lamb wave
mode conversion to detect and localise small defects in thin polymer plates. Their study
demonstrated that mounting the transducer close to the surface is advantageous, as it
increases the inspection window for Lamb wave detection and allows multiple
reflections of the excitation pulse between the transmitter and the plate surface.
Additionally, performing multiple measurements along the direction of Lamb wave
propagation is crucial for thorough signal analysis and visualising mode conversion.
Kazys et al. [106] proposed a one-sided access air-coupled ultrasonic measurement
technique that successfully detected and visualised inhomogeneities in composite
materials. In this method, both the transmitter and receiver are placed on the same side
of the specimen. However, the technique is sensitive to specular reflections and edge
waves, and the distance between the transducers must be kept short to maintain spatial
resolution. Han et al. [107] optimised an air-coupled ultrasonic signal processing and
imaging program based on time-frequency analysis, which can adaptively reconstruct

the feature signal and effectively suppress noise interference. This approach offers a
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flexible and cost-effective solution for air-coupled ultrasonic inspection.

However, in practice, the use of air-coupled ultrasonic inspection is limited. As
previously mentioned, air-coupled transducers are typically placed on both sides of the
specimen to gather sufficient signal amplitude [87, 108]. However, the signal amplitude
generated by air-coupled ultrasonic equipment is relatively low, leading to a low signal-
to-noise ratio (SNR) [109]. Additionally, the multi-modal and dispersive response of
the structure being inspected can also affect the ultrasonic guided wave generated by
the equipment, making signal processing more complex [110]. The inspection results
are further influenced by discontinuous media, making this method unsuitable for
inspecting complex multilayer systems, such as the tile-adhesive-substrate system [111].
In these systems, extracting damage information becomes particularly challenging.
Moreover, the distance between the air-coupled ultrasonic probe and the specimen must
be limited to just a few centimetres [112-114] , and the method requires high-altitude
operation when inspecting tiles on tall buildings due to the short inspection range.

Current studies have demonstrated that a relatively large area of defective
specimens on concrete can be detected from a long distance using a small, directional
acoustic transducer [60, 115]. Building on this, an acoustic method using pressure
waves and a Laser Doppler Vibrometer (LDV) has been developed. In this method, the
acoustic transducer generates a specific pressure wave to excite the tiles, while the LDV
provides high spatial resolution measurements without physical contact with the

specimen. This approach allows for the remote measurement of the specimen’s

vibration signals from distances of up to 30 meters [84].
Katakura et al. [116] analysed the influence of different defect sizes and depths
using both impact hammer inspection and the acoustic method with pressure waves and

LDV. Their study demonstrated that the acoustic method using pressure waves and
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LDV provides comparable detection accuracy to impact hammer inspection. They also

found that the resonance frequency of the defect was proportional to the defect’s depth,
while being inversely proportional to the square of the defect’s diameter. Sugimoto et

al. [117-119] developed an acoustic inspection system to inspect the debonding of large
tiles on walls, using a directional sound speaker mounted on an unmanned aerial vehicle
(UAV) alongside an LDV. The defects were identified by discriminating between the
signal and noise produced by the resonance of the defective parts. This method
successfully measured the sizes of predefined circular debonding areas. Nakagawa et
al. [120] enhanced the accuracy of defect localisation by analysing signals gathered
through the acoustic method using pressure waves and a scanning laser Doppler
vibrometer (SLDV). They incorporated a resonance judgment process into the
conventional time- and frequency-gating technique, improving the localisation
accuracy.

However, current studies focus on regular shapes, such as circles. While the
position and severity of the debonding area can be localized and measured, the profiles
of these areas are not typically plotted. In real-world applications, debonding areas may
have different geometries, and the sizes of the debonding tiles may be relatively small,
requiring high resolution to accurately detail their profiles. Moreover, most of the
current research has been based on experimental studies with limited numerical analysis

[121].

2.3 Methods of signal processing for acoustic signals

In practice, the accuracy of the NDI technique may not be sufficient to identify the
specific profile of the debonding area. Some NDI techniques may also require multiple

inspection points, which reduces their efficiency [115, 117, 122]. An increase in the
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number of inspection points leads to a corresponding rise in the number of signals.
Furthermore, signals collected by different techniques may contain noise and irrelevant
data. Therefore, effective data processing approaches are crucial for improving the
accuracy and efficiency of the NDI technique.

With the growth of computational power, machine learning has become integral to
inspection data processing, result augmentation, and defect type classification [123-
126]. In most cases, traditional algorithms cannot capture the underlying relationships.
The goal of training a machine learning model is to achieve high-quality classification
by identifying the connections between inputs and outputs [127, 128]. Through machine
learning, computer systems can extract valuable information from example signals,

enabling them to learn specific tasks and improve performance [129].

Machine learning has two main types of learning: supervised and unsupervised
[129, 130]. In supervised learning, each sample signal is assigned a label, as illustrated
in Figure 2.6. The label defines the outcome of the learning process, representing the
true value. The two main types of supervised learning tasks are classification and
regression. Classification aims to group samples into predefined classes, and the
learned classifier is then used to predict the class of new samples. In contrast, regression
predicts a numerical value rather than assigning samples to a specific class. For instance,
regression could estimate weight based on features like shape, height, and width.

Unsupervised learning, on the other hand, does not require labeling. It focuses on
identifying patterns in the sample signals without a predefined goal. Unsupervised
learning is commonly used for preprocessing and understanding sample signals. In this

study, both supervised and unsupervised learning techniques are employed.
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Figure 2.6 Label the NDI techniques by their contact type

Since the mid-1980s, machine learning has been applied to NDI (Non-Destructive
Inspection) applications. Early efforts primarily focused on automated testing systems
that used simple decision algorithms [131, 132]. Early machine learning algorithms,
such as the perceptron, single-hidden-layer neural networks (NN), and support vector
machines, significantly enhanced the effectiveness of NDI techniques [133-135].
Hornik [136, 137] demonstrated that multilayer feedforward networks, even with just a
single hidden layer and sufficiently many hidden units, can serve as universal
approximators when using arbitrary bounded and non-constant activation functions. A
universal approximator can approximate any Borel-measurable function between finite-
dimensional spaces with any desired level of accuracy. This theoretical result confirmed
the practical feasibility of neural networks.

The perceptron is the simplest type of neural network and can be viewed as a basic
classifier [138]. It produces a single output based on multiple inputs, where a linear
transformation of the inputs (weighted by a set of input weights) determines the result.
The perceptron performs a weighted sum of the DDD input features, along with an
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additional constant input, and then outputs "yes" or "no" based on whether the weighted
sum exceeds a given threshold TTT [139]. The perceptron classifier separates data
points in the feature space in a linear fashion. The DDD-dimensional feature space is
divided into "yes" and "no" regions by a line, plane, or hyperplane, depending on the
number of dimensions, which is determined by the perceptron classifier. The class CCC
corresponds to the linear separation rule. In a neural network, the hidden layer is
situated between the input layer and the output perceptron(s).

An input layer, hidden layers, and output layer combine into a common structure
called Multi-Layer Perceptron (MLP), which is also known as the artificial neural
network (ANN) [140-142]. An MLP with two hidden layers, an input layer, and an
output layer is plotted in Figure 2.7 [143]. As shown in the figure, there are n input
variables X = {x;, x5, ..., x, } and m output variables Y = {y;,ys, ..., ¥, } in the input

layer and the output layer, respectively.
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Figure 2.7 The structure of an ANN with two hidden layers [143]
The combination of hidden layers and non-linear activation functions allows

artificial neural networks (ANNs) with this architecture to solve complex input-output
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mapping problems. The choice of neural architecture, including the number of hidden
layers and neurons in each layer, is crucial for network design, particularly when
identifying influential parameters [143, 144]. These parameters play a key role in
shaping the structure of the ANN.

Support vector machines (SVMs) are considered one of the most effective techniques
for optimizing expected solutions [145]. They are powerful and robust algorithms for
both classification and regression, with applications across various fields [145]. The
core principle of SVM is to use a hyperplane (or surface) that maximizes the margin
between different classes in the training set, thereby enhancing the model's
generalization ability.

With the advancement of computing power, numerous machine learning methods
have been developed for defect detection, building upon early algorithms. As shown in
Figure 2.8, modern machine learning can be divided into three main categories:
supervised learning, unsupervised learning, and ensemble methods [146]. Supervised
learning encompasses seven sub-categories: artificial neural networks (ANN), fuzzy
logic, SVM, linear regression, decision trees, random forests, deep learning (DL), and
optimization techniques, with a focus on genetic algorithms (GA). Ensemble learning
methods include bagging, boosting, and ensemble fuzzy models. Unsupervised learning
is further divided into self-organizing maps (SOMs) and clustering methods, which
include principal component analysis (PCA), Gaussian mixture models (GMM), and

K-means clustering.
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Figure 2.8 Working process of convolutional architecture [146]

In a study by Thobiani et al. [147], artificial neural networks (ANNs) were used to
predict the length of cracks in a damaged plate. The ANN parameters were optimized
using Grey Wolf Optimization (GWO) and an improved version of GWO, combined
with Particle Swarm Optimization (PSO) (IGWO). Based on the mode shape-based
damage index (MSDBDI) recorded at different inspection points, Ho et al. [148]
determined the damage location in a bridge deck. Their study also analyzed changes in
displacement mode shapes and frequency shifts at these points using an Antlion
Optimizer artificial neural network (ALOANN) to assess the damage level. Finite
element (FE) models were used to evaluate the accuracy of this two-step method.
Czarnecki [149] trained an ANN using pull-off adhesion values obtained from five
traditional NDI methods (optical method, three acoustic methods, and precise survey),
alongside a pull-off method. His study demonstrated that a five-technique NDI method

can match the accuracy of the destructive pull-off method when aided by an ANN.
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Bonagura and Nobile [150] enhanced the SonReb method using ANN to measure
compressive strengths. The SonReb method, an NDI technique that combines the
rebound hammer and ultrasonic pulse velocity methods, can achieve the same accuracy
as destructive core drilling tests with the aid of ANN. The Root Mean Square Error
(RMSE) was only 0.00013 MPa. Minh et al. [151] addressed the structural damage
identification (SDI) problem using a K-means Optimizer (KO). Barros et al. [152]
developed a model-based decision tree algorithm to predict damage in a riveted steel
truss bridge. A Finite Element (FE) model was created based on data gathered from
Terrestrial Laser Scanning (TLS) and Ambient Vibration Testing (AVT), and nineteen
potential damage cases were simulated. This calibrated FE model was used to train the
decision tree algorithm, which proved to be an economically efficient and routine
method for bridge inspection, capable of detecting and locating potential damage based
on the bridge's actual modal characteristics. Prakash et al. [153] used water-coupled
ultrasound scans, processed by a histogram of oriented gradients (HoG) and SVM, to
analyze components of the A380 aircraft. Features, including the region area size and
centroids of scan images, were extracted. As shown in Figure 2.9, Maximally Stable
Extremal Regions (MSER) defects were highlighted in colored regions, defect sizes
were circled with ellipses, and centroids were marked with black dots. The features
were then analyzed using SVM, yielding good results and improving defect

identification efficiency for A380 aircraft components.
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Figure 2.9 Feature extraction of ultrasonic scan [153]

However, in the supervised learning algorithms mentioned above, features within the
signal were manually extracted and then imported into machine learning models for
classification. This traditional feature extraction process largely depends on manually
designed features, which limits their representational capabilities. As a result, it
becomes challenging to capture more comprehensive semantic information, and the
detection accuracy for complex scenes and targets may not be sufficient [154].
Additionally, the training effort required for this process may be limited. Ayman et al.
[155] explored different feature-learning methods, incorporating both shallow and deep
learning approaches for bearing prognostics. Shallow feature-learning methods can be
further categorized into signal decomposition approaches and feature extraction
techniques. Common signal decomposition methods include empirical mode
decomposition (EMD), variational mode decomposition (VMD), and wavelet transform
(WT). In contrast, deep learning (DL) algorithms can automatically capture the

necessary features without manual intervention
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The early attempts at deep learning (DL) were essentially based on traditional machine
learning algorithms. In 2006, Hinton et al. [156] first proposed the principle of deep
learning. The motivation behind this approach was to construct neural networks that
simulate the human brain, enabling analytical learning. This method can also be applied
to process various types of data, such as text, sound, and images. In 2014, Girshick et
al. [157] developed the first deep learning algorithm for object detection, known as the
Regions with CNN Features (R-CNN) method. Tao and Li [154] summarized the key
differences between deep learning and traditional image defect detection methods in

Table 2.1.

Table 2.1. Comparison of object detection algorithms: on traditional image processing

and DL [154].
Object d;tectlon Based on tradltlpnal image Based on DL
algorithm processing
Feature extraction Manual design feature Deep network
methods
Detection proposal Sliding window or Image Proposal or Direct
methods pyramid regression
Classification Traditional classifier Deep network
Training process Multiple steps End to end

As shown in Table 2.1, the advantages of the deep learning-based object detection

method are as follows:
1. Hierarchical Feature Learning: DL algorithms, utilizing deep neural networks,
can learn hierarchical features directly from the data. This allows higher-level

features to be extracted from the original image. Compared to traditional

29



algorithms, deep learning offers better generalization and expressive
capabilities, minimizing the impact of complex detection environments.
Efficiency and Accuracy: The use of proposal-based or direct regression
methods in DL algorithms enhances efficiency. This approach also leads to
higher detection accuracy, especially for complex objects with varying scales
and postures.

Streamlined Training Process: Traditional methods often require a multi-step
training process, whereas DL-based methods can streamline this by employing
proposal or direct regression techniques to obtain object proposals.

Flexibility and Adaptability: Deep learning algorithms, with their deep
networks for feature extraction and object detection, provide excellent
flexibility and adaptability, making them more effective for handling diverse

tasks.

Cai et al. [158] summarized the use of deep learning (DL) for defect identification

in hydraulic structures. The DL-based image enhancement techniques they reviewed

include Convolutional Neural Networks (CNNs), transformer architectures, and

Generative Adversarial Networks (GANs). These algorithms were shown to effectively

improve underwater imaging by reducing chromatic distortion, blurring, and low

contrast.

Automatic feature extraction from the signal relies on convolutional architecture,

which has the capacity to learn complex relationships among patterns extracted from

raw data [155, 159]. This architecture was developed specifically to automatically

gather features.

The convolutional architecture slides a predefined window across the feature map

30



at each channel, extracting adjacent feature tiles at different positions. This process
automatically gathers features using the learned weight matrix and convolution kernel,
as shown in Figure 2.10 [160]. The resulting kernels are then filtered and reassembled

into a new map that contains all the features from the raw images.
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Figure 2.10 Working process of convolutional architecture [160]

Consider image classification as an example. The input image x at each layer in the
CNN architecture has three dimensions: height, width, and depth. In practice, the height
m 1s equal to the width, and the depth is also referred to as the number of channels 7.
For an RGB image, the depth r equals three, so the input dimensions are m xm xr. The
kernels in each convolutional layer are denoted by k and also have three dimensions,
which can be written as n x n x ¢ just like the input image. The » in the kernels is
smaller than the input m, while the q is less than or equal to the input ». What’s more,
the kernels are the foundation of the local connections. These kernels share similar
parameters, including bias b* and weight W*. The kernels are convolved with the input

to generate k feature maps 4¥, with a size of m-n-1, as shown in Equation (2.3).
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hk = f(W* x x + b¥) (2.3)

As shown in Equation (2.3), the input and weights in the convolutional layer are
computed using a dot product, similar to techniques in natural language processing
(NLP). However, in convolutional layers, the inputs correspond to smaller regions of
the initial image. After this, a nonlinearity, typically an activation function, is applied
to the output of the convolutional layer.

Thanks to advancements in computer technology, more complex machine learning
models based on convolutional architectures, such as CNNs and other deep learning
algorithms like the spatial pyramid pooling (SPP) network, have been applied to image
analysis [131, 161, 162]. These convolutional architectures can learn optimal features
for the desired classification, eliminating the need for manual feature extraction. As a
result, CNNs have become the most widely used type of deep learning network [163].

The CNN architecture is inspired by neurons in the human or animal brain,
specifically simulating the structure of the visual cortex in a cat’s brain [164]. It mimics
the complex arrangement of cells in the visual cortex. The CNN offers three key
benefits: parameter sharing, sparse interactions, and equivalent representations [163].
By employing shared weights and local connections, the CNN efficiently leverages the
2D structure of input data, such as image signals. Compared to conventional fully
connected (FC) networks, CNNs use fewer parameters, simplifying the training process
and accelerating network performance. Like the cells in the visual cortex, CNN neurons
only sense small regions of the entire scene. Following this principle, the input is locally
filtered, and the local correlations are extracted from the whole input.

Take an image classification CNN as an example; its architecture is shown in

Figure 2.11. The system is used to classify different animal species.
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Figure 2.11 A CNN architecture for image classification [165]

As shown in Figure 2.11, the architecture of a commonly used CNN is similar to
that of an ANN. It consists of multiple convolutional layers to extract features, which
are then passed through a rectified linear unit (ReLU) layer to map the linear output
from the convolutional layer to a non-linear one. Following this, sub-sampling (pooling)
layers are used to down-sample each feature map, reducing the size of the data. This
process decreases the time required for training and helps mitigate overfitting. In the
pooling layer, functions such as max pooling or average pooling are typically applied
which can be used to reduce the area to the size of the kernel (p x p). Finally, the last
layers are fully connected (FC) layers that define the output size. These layers receive
low-level and medium-level features and generate high-level abstract information,
similar to the final layer in a typical neural network. The classification score is
computed in the output layer, which can use methods such as a support vector machine
(SVM) or a softmax function. For each instance, the probability of a specific class is
represented by the corresponding score.

Many researchers have combined the DL network with NDI. Yuan et al. [166]
developed a wide-band Lamb-wave-based active monitoring technology to inspect

thin-walled composite structures. A neural network was adopted to analyse the collected
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signal and determine the damage mode. Sung et al. [167] monitored the impact damage
within smart composite laminates by piezoelectric transducers. In their study, the
wavelet transform (WT) was used to measure the features of the acoustic emission
waves. A neural network was designed to analyse these features. Then the defects within
the structure can be located, and the damage caused by the impact can be estimated.
Similarly, Sikdar et al. [168] deployed a piezoelectric acoustic emission (AE) sensor
network to monitor the influence of the impact on a composite panel. The continuous
wavelet transform (CWT) is introduced in their study to extract features from the AE
signal. Then, the damage source is classified by a trained DL network. Ma et al. [169]
monitored the running state of a substation power transformer by analysing the AE
signal generated by the operation of the transformer. Then, a CNN was used to identify
the defective sound signal from the collected AE signal. Wang et al. [170] identified the
bearing fault with the sound signal collected by the microphone. In this acoustical-based
fault diagnosis method, acoustic images were generated by the collected sound signal,
and then a CNN was trained to analyse the acoustic images and define the conditions
of bearing fault. Ghafoor et al. [171] used non-contact laser ultrasonic technology to
detect railhead defects. In their study, a CNN was built to classify railhead surface and
subsurface flaws and ensure automatic detection.

Although the deep learning (DL) technique has proven to be an effective approach
for NDI applications, research on inspecting tile debonding using DL is still limited. As
discussed in Chapter 2.2, traditional NDI methods can identify the debonding status
and position of building tiles, but their accuracy is insufficient for fully profiling the
specific geometries of the debonding area [118]. While it is possible to improve the
accuracy of traditional methods by increasing the number of inspection points, this

approach is time-consuming and not practical for real-world engineering applications.
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2.4 Summary of the challenges in NDI methods

This chapter provides an overview of the NDI technique, with a particular focus on
the principles of inspections based on acoustic technologies and corresponding data
processing methods, such as ANN and deep learning (DL). It then summarizes the key
advancements made to address a major challenge in NDI technologies: the relatively
low inspection accuracy, which limits the application of acoustic technologies in on-
site inspections. After presenting the physical mechanisms and principles behind
different NDI techniques, the chapter highlights the significant progress made in
improving the effectiveness of acoustic inspection methods. Additionally, the efforts in
signal processing aimed at enhancing both the accuracy and efficiency of NDI
inspections are discussed, along with a summary of the commonly used machine
learning techniques in NDI.

Generally speaking, the NDI method should provide three key pieces of
information: whether the specimen is damaged, the location of the damage, and the
profile of the damage. Despite the advancements discussed in Chapter 2, there remains
a knowledge gap in understanding the accuracy-efficiency relationship of both contact
and non-contact acoustic NDI techniques. This gap can be summarized in the following
aspects:

1. Compared with NDI techniques based on other physical principles, the
accuracy of the acoustic technique is not high enough to plot the profile of the
debonding area.

2. Asmentioned, the acoustic technique can define the debonding condition of the
tiles, but due to the relatively low accuracy, the acoustic inspection requires
multiple inspection points, resulting in a low accuracy.
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3. Current machine learning methods cannot achieve an acceptable classification

accuracy, and the features in the raw acoustic signal are not fully used.

Hence, this PhD thesis aims to explore both contact and non-contact inspection
methods for building tiles, focusing on optimization measures to improve the accuracy
and efficiency of acoustic inspections. This is achieved through detailed investigations
of new signal gathering techniques and corresponding signal processing approaches,
such as ANN and deep learning (DL). Additionally, the thesis provides systematic
examinations and valuable insights into the inspection of building tile debonding and

its extended applications.
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Chapter 3: Experimental study of non-
contact detection of tile debonding using

acoustic excitation

As mentioned in Chapter 1, the falling tiles from high altitudes constantly threaten
citizens. Regular inspection for tile debonding is essential to avoid tile falls. The non-
contact method can avoid working at height, ensuring the workers' safety. The non-
contact acoustic method utilised in this chapter uses a directional sound speaker to
generate a sound wave and excite the tile specimen, then uses a laser Doppler

vibrometer (LDV) to record the signal at each inspection point.

3.1 Principle of inspection based on acoustic excitation

The principle of this inspection method is similar to the contact inspection method. If
the specimen is "knocked", the different bonding conditions will result in different

responses. As a non-contact inspection method, a directional acoustic transducer is used
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as a sound source and an LDV is employed to record the vibration signal. At a point on
a surface, the sketch-up of this method is summarised in Figure 3.1. The tile is attached
to the concrete wall via a tile construction adhesive. Some part of the adhesive layer is
removed to simulate the debonding area. The distance between the sound source and
the tile is 1 m. When the pressure wave generated by the sound source reaches the
surface of the tile, the vibration signal of the tile is excited, which can be detected and

recorded via the LDV equipment.

LDV
ol)le=I:N adhesive layer 0_/} ‘
tile ‘

__________________ ,,(f-/’(' ( ( ( Speaker

pressure wave

debonding
area

m

Figure 3.1 Setup of the acoustic inspection method used in this work

When the adhesive layer between the tile and wall is damaged, debonding occurs.
The resulting cavity exists in the adhesive layer and weakens the bending rigidity,
resulting in a different flexural vibration behaviour. In the debonding area, even a weak
excitation can generate a relatively large vibration amplitude, and the resonance
frequency of this area also changes. Based on these differences, this method can be used
to analyse the vibration induced by acoustic irradiation and then identify a cavity within
the adhesive layer, which means detecting the debonding areas.

In practice, the flexural resonance frequency of the debonding area is unknown.
Therefore, the exciting signal should include a corresponding frequency band to actuate
resonance. As a result, the exciting signal is selected as a multitone burst (MTNB) wave
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to reduce the inspection time [115, 117] This signal is widely used in high-speed
measurement [ 117]. Using the MTNB signal, the sweep signal can be divided into sub-
intervals, where the significant signal with a large magnitude of resonance can be easily
captured, i.e., when the frequency moves close to the resonance frequency, the
magnitude significantly increases. Then, the resonance frequency can be clearly
identified after using the Fast Fourier Transform (FFT) in the large amplitude interval.
The waveform of the signal is shown in Figure 3.2. The frequency range of the signal
is 400~4200 Hz which can cover the first mode of the resonance frequency. As shown
in Figure 3.2, the frequency range of this signal is 400~4200Hz. The frequency
modulation interval is 200Hz, corresponding to 20 different frequencies. These
frequencies are labelled as f1 to f20. The signal contains four pulses, and each pulse
contains five frequencies. The first five frequencies are in the first pulse, with the last
five frequencies in the second pulse. The length of each pulse is 3ms. The time interval
between each pulse is 50ms. When the frequency is close to the resonance frequency,

the amplitude of the vibration will be more significant.
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Figure 3.2 Waveform of an MTNB signal
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The velocity at each inspection point can be collected by LDV equipment. This
equipment measures the velocity component along the laser line of sight, as shown in
Figure 3.3. In practice, the vibration velocity may not occur in the same direction as the
laser line. As a result, the angle between the normal line of the surface and the laser
beam will generate velocity components along the laser beam. Then, uncertainty will
also appear in the result, especially for the in-plane velocity [84]. In this study, the
velocity of the vibration is out-of-plane. Therefore, the uncertainty can be corrected by
a cosine correction. Therefore, the angle between the LDV equipment and the normal

line of the surface measured will not influence the measurement result in this study.

Vibrating
surface
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(a) (b)
Figure 3.3 Velocity component for (a) out-of-plane vibration and (b) in-plane vibration
[84]

The velocity signals at all inspection points are collected and compared.
Specifically, using this method, the debonding area and the normal area can be
determined by comparing the amplitude of the peak resonance frequency at the
inspection point. Signals with relatively higher amplitudes indicate the debonding area.
The resonance frequencies in the inspection points with debonding may vary within a

very narrow frequency, but can be clearly distinguished from inspection points without
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debonding.

The frequencies at the maximum resonance peak in inspection points with
debonding are determined, and the out-of-surface velocity amplitudes at this frequency
in the frequency domain for all inspection points are then obtained. These amplitudes
are plotted using a contour map. In this contour map, the different amplitudes will have
different colours (or grey scale), resulting in different colours at the debonding area and
the normal area, as shown in Figure 3.4. In this way, the debonding area is clearly
identified.
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Figure 3.4 Out-of-surface velocity contour map of a tile with square debonding based

on experimental measurement

3.2 Experiment setting

The experiment setting should simulate the actual condition of the tile on a high
building. The tile is attached to the building surface with adhesive, which can be
considered as a tile-adhesive-substrate system. A concrete board is used as a building
substrate, and then the tile is attached to the concrete with adhesive. The shape of the

adhesive is controlled to simulate different debonding shapes.
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3.2.1 Ordinary tile fixing model

Before the experiment, several moulds built by a 3D printer were used to control the
debonding area’s size and shape. The adhesive layer is set to the recommended
thickness, which is 3 mm [172, 173]. The location and the shape of each debonding
area are summarised in Figure 3.5. For the square debonding area, the size is set as 67
x 67 mm. Since the size of the tile is 97 x 97 mm, the distance between the edge of the
debonding area and the edge of the tile is limited to 15 mm. A tile without a debonding

area is also attached to the board as a reference, as shown in Figure 3.5(f).

)

Figure 3.5 Geometries of adhesive layer to simulate (a) square debonding (b) triangle
debonding (c) corner debonding (d) half debonding (e) circle debonding (f) no

debonding
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3.2.2 Excitation system: directional sound speaker

Figure 3.6 shows an external view of the experiment setup. In this experiment, a
directional acoustic transducer (Meyer MM-4XP) is used as the sound source, and an
LDV (Polytec VibroGo VGO-200) is selected as a laser sensor which is used to record
the velocity signal on a selected point. The waveform of the signal is mentioned above
in Figure 3.2. The distance between the tiles and the acoustic transducer is 1.0 m. The
ceramic tile has a size of 97 mm in both width and height, and 5 mm in thickness. A
concrete board (0.9 x 1.8 x 0.02 m) is selected as the outer wall specimen. The short
side of the concrete board is placed vertically to the ground, and the tile is fixed on this
board’s surface. The vibration signal is first generated by a signal generator, a DC
source provides the direct current to the acoustic transducer, and the acoustic transducer
generates an acoustic wave which can excite the tile on the concrete wall. The signal is
an MTNB signal mentioned in Chapter 3.1, the frequency range of this signal is
400~4200Hz. The vibration signal on the tile can be collected by the LDV remotely and

synchronised with the measurement software on the laptop. A

Figure 3.6 Experiment setup with an LDV

36 inspection points are selected on the surface of the tile to identify the debonding

area, as shown in Figure 3.7.
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Figure 3.7 Select 36 inspection points on the tile’s surface to identify the debonding

arca

3.3 Data processing

The data processing procedure is essential for the inspection. The signal gathered by
the LDV contains background noise. In the meantime, the time-domain signal is hard
to analyse. This chapter contains noise reduction and time domain to frequency domain

transfer, and then a contour map is used to plot the debonding area.

3.3.1 Reduce noise

In this chapter, seven tiles with different debonding shapes are inspected. As mentioned
in Chapter 3.1, the MTNB signal with a maximum frequency of 4200 Hz is used to
excite the whole surface of a tile on a wall. The velocity signal induced by the acoustic
wave at every 36 points is recorded with corresponding coordinates and then processed.
In practice, noise will appear during the experiment. According to the previous studies
[60, 115, 122], the natural frequency of the circular-shaped debonding model varies
from 1500 Hz to 5000 Hz. This study considers a wide range of engineering debonding
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shapes, so the frequency range can be correspondingly expanded as 0~6000 Hz to cover
more information. Additionally, the directional sound source used in this study is Meyer
MM-4XP, and the frequency range of this speaker is 135 Hz~17 kHz, thus the frequency
range is finally defined as 200~6000 Hz. A low-pass filter and a high-pass filter are
used to limit the frequency of the signal to 200~6000 Hz. Figure 4 shows the captured
signal of an inspection point with tile debonding. After the filter, the time-domain
vibration signal is clear (Figure 3.8(a)), but the raw signal contains a long period
without an exciting signal. Therefore, a time gate is set to limit the signal during the
exciting period in Figure 3.8(b). With these methods, a higher signal-to-noise ratio can

be achieved.
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Figure 3.8 Signals collected from inspection point 21 in debonding area: (a) original

signal collected by LDV, (b) signal after a low-pass filter and a high-pass filter

3.3.2 Time domain to frequency domain

In data recording stages, the signal amplitude is expressed as a time function, known as
the time domain signal. However, the key information of the signal is in the frequency,
phase, and amplitude of the component sinusoids. The shape of the time domain

waveform is noisy and conveys little information. The frequency distribution of the
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signal cannot be described.

In complex notation, the time and frequency domains each contain one signal of N
complex points. In the time domain, the N points are repeated over and over from
negative to positive infinity. These complex points are composed of two numbers, the
real part and the imaginary part, as shown in Equation (4.1).

F(X) = Re(X) + Im(X) (4.1)

The Fast Fourier Transform (FFT) is a common method used in data processing.
The FFT is an efficient algorithm that digitally computes a discrete signal's Discrete
Fourier transform (DFT) [174].

The DFT converts a time-domain sequence x(n) of N complex points to a

frequency-domain sequence X(k), as shown in Equation (4.2):
N-1
- 'Z—Hkn
x(k) = Z x(n)-e N (k= 0,1,.. N —1) (4.2)
n=0
The computational complexity of DFT is O(N2).
In 1965, Cooley and Tukey [175] developed the FFT to reduce computational

complexity. The FFT can split the sequence into even and odd subsequences recursively:

N1
2 —jZTnkm

X(k) = Z x2m)-e z +

m=0
Even Subscquence

L
2 - jZTT[km

2T
o Ik z x@m+1)-e 2 (k=01,..,N—1) (4.3)

m=0

0dd Subscquence

The recursion layers are log2N. The computational complexity of FFT is O(NlogN),
which is much less than DFT.

In the frequency domain, the frequency is only considered to be from 0 to positive

infinity. Therefore, N/2+1 sample frequency domains are produced.
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Using the FFT, every input signal can be represented as a group of cosine waves,

each with a specified amplitude and phase shift.

As several peaks are found in the frequency domain, the highest peak in Figure

3.9(a) is chosen as the resonance peak. This resonance peak denotes the first mode

natural frequency of the debonding. Similarly, the frequency domain for a point without

debonding is shown in Figure 3.9(b). Compared with the signal with debonding, the

amplitude of the signal without debonding is much smaller.
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Figure 3.9 Signals collected from inspection points after FFT: (a) in the debonding

area, (b) in the normal area

3.3.3 Plot debonding map

The maximum peak resonance frequencies in the FFT at all inspection points of each

tile are summarised in Table 3.1.

Table 3.1 Maximum peak resonance frequencies of different tiles

Debonding shape Experience resonance Simulation resonance
frequency (Hz) frequency (Hz)

Normal 3138 3198

Square 3771 3869

Triangle 3321 3308
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Circle 3671 3629
Half 3829 4010

Corner 3213 2999

Then, the velocity amplitudes of the maximum resonance frequency at all 36
inspection points are collected, and the corresponding amplitudes are plotted on a map.
In practice, the situation is more complex. Noise, including the noise of the LDV and
the workplace, will also be collected by the LDV equipment. Figure 3.10 shows the
debonding maps of all six debonding shapes in Figure 3.5. Different debonding shapes
result in different shapes of the debonding map. The debonding map with a shape of

corner debonding and half debonding has a relatively clear profile.
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Figure 3.10 Debonding map of different debonding shapes: (a) square debonding (b)
triangle debonding (c¢) corner debonding (d) half debonding (e) circle debonding (f) no

debonding
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3.4 Non-contact inspection of thick tile debonding

The designer of the Sydney Opera House, Jorn Utzon, expected to present a roof with
a smooth curve and a glittering surface to the visitors [176]. Therefore, he entrusted a
Swedish tile manufacturer, Hoganés, to produce specially designed tiles. In the
meantime, Jorn Utzon didn't want the workers to attach the tile directly to the roof since
this stage may create an uneven surface. As a result, the ribs of the roof shells on the
Sydney Opera House are covered by precast concrete lids. According to the official
conservation management plan written by Alan Croker [177], the tiles are directly fixed
on the concrete lids with cement, as shown in Figure 3.11(a). After the cement set, the
concrete lids are assembled in a factory, then transferred to the Sydney Opera House
construction site. Finally, these concrete lids are fixed on the roof ribs with screws, as

shown in Figure 3.11 (c¢).

Figure 3.11 Precast concrete lid in (a) tile assembling process (b) factory

(c)construction site of the Sydney Opera House [177]
The tile used on the tile lid is made by a Swedish tile manufacturer Hoganéds. The
size of the tile is 120 x 120 x 14 mm. The pre-debonding areas are formed in four

different shapes, as shown in Figure 3.12.
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(d)

Figure 3.12 Geometries of the PI film to simulate (a) corner debonding (b) half
debonding (c) long corner debonding (d) no debonding

Figure 3.13(a) shows that a very thin Polyimide (PI) film is attached to the back of
the tile as a pre-debonding. Then, the tile is inserted into a mould made of acrylic board
to form the lid to simulate the tile assembly process for the precast concrete lid, as
shown in Figure 3.13(b). Finally, the cement was added and solidified in the mould,
and the roof lid is shown in Figure 3.13(c). As mentioned in the official conservation
management plan [144], the thickness of the precast concrete lid is 120 mm. As a result,
the cement layer in the specimens is also determined to be 120 mm. The size of the tile

lid specimen is 120 x 120 x 134 mm.
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Figure 3.13 Roof lid manufacturing (a) attach a very thin PI film to the tile (b) insert
tile into the acrylic board (c) add cement into the mould (d) roof lid specimen produced

The size of the tile is larger than the commonly used 97 x 97 x 3 mm tile. Therefore,

49 inspection points were placed on the surface of the tile lid to identify the debonding

area, as shown in Figure 3.14.
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Figure 3.14 49 inspection points on a tile
The different debonding shapes of the specimens used in this study are mentioned
in Figure 3.12. The instruments used in this part are the same as mentioned in Chapter
3.2. The experiment setup is shown in Figure 3.15. A tile lid is placed on the ground, a
directional acoustic transducer is used as a sound source, and an LDV is used to record

the pressure wave at each inspection point.

Speaker

Tile lid

Figure 3.15 Experiment setup for inspecting thick tile

The debonding map of each specimen is shown in Figure 3.16. Compared with
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Figure 3.10, though the tile thickness increases, the profile can still be recognised. The
debonding with a long corner shape has the clearest profile. In the meantime, other

debonding shapes can also be identified.
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Figure 3.16 Velocity map of the tile lid with (a) corner debonding (b) half debonding

(c) long corner debonding (d) no debonding

3.5 Summary

In this chapter, a non-contact inspection method is developed to inspect the debonding
of tiles on a wall, using an LDV and an acoustic wave of a sweeping frequency band
based on the activated vibration behaviour of the tiles with and without debonding. The
velocity amplitudes in the frequency domain at multiple points are plotted to construct

a velocity contour map to identify the debonding area. Based on the experiments, the
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velocity contour maps correlate well with the actual debonding areas, demonstrating
the method's capability for quantitatively detecting tile debonding. The experiment also
shows that the increase in tile thickness does not affect the inspection accuracy.

This method can be further developed for future applications to inspect defects
within other structures at a distance. Specifically, this method eliminates the need to
deploy sensors directly onto the tiles. In contrast to contact-based inspection techniques
such as impact hammer testing, which require workers to operate at high altitude and
manually strike each tile, the proposed approach significantly reduces labour costs and
enhances safety. Furthermore, for structures with complex curved surfaces, such as the
Sydney Opera House, the construction of scaffolding would be extremely time-
consuming. Another advantage of the proposed acoustic method is its portability. The
entire inspection system can be mounted on an unmanned aerial vehicle (UAV),
enabling fully automated inspection without direct human intervention. This
configuration constitutes a round-the-clock inspection system capable of examining
tiles both during the day and at night, thereby substantially reducing the total inspection
duration. The high efficiency and rapid assessment offered by this acoustic detection
method are particularly advantageous for large-scale buildings. In addition, the current
method can be extended with the aid of deep learning to improve its efficiency. Signals
collected in this study can be used to build a database where different debonding shapes
can be accordingly classified, as different vibration signals measured by the LDV can
be related to various debonding shapes. Then, the deep learning model can be trained
based on this database. After the model has been well trained, one single signal
collected at one single inspection point may be enough for the prediction of any

unknown debonding shape.
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Chapter 4: Numerical study of non-contact
detection of tile debonding using acoustic

excitation

This chapter presents the development and validation of a numerical model designed to
simulate the propagation of acoustic waves and their interaction with tiled structures
for the purpose of detecting debonding defects. The model is constructed to replicate
the experimental setup, incorporating three key components: the wave propagation
medium (air), the tile, and the adhesive layer. A sound wave is generated at a predefined
reference point and propagates through the air toward the tile surface. The tile is affixed
to an adhesive layer, and the interactions between the incident acoustic wave and the
tile are numerically analysed. Vibration signals are collected at 36 inspection points
distributed across the tile surface, and a debonding map is subsequently generated. A
comparative analysis reveals that the numerical model yields a more distinctly resolved

debonding profile compared to the experimental results.
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4.1 Tile fixing model building

Numerical modelling requires calculating the velocity at each inspection point. For a
rectangular plate, the plate equation at each inspection point can be summarised in
Equation (4.1) [178]:

o*w o 0*w N 0*w N 12p(1-0%)d°w _ 0 1)
dx* T 0x20y? = 0y* Egh?  oat2 '

where p is the density, o is Poisson’s ratio, E is Young’s modulus, h is the thickness
of the plate, and w is the displacement at the point (x,y) at time t. The displacement w
can be described as:
w = Wsinwt = A8(x)¢p(y)sinwt, (4.2)
where A is the component amplitude coefficient, 8 (x) and ¢(y) are characteristic
beam functions, and w = 27f is the circular frequency. In general, W can be assumed
to be an infinite series. Then the out-of-surface velocity can be defined as:
v=w= A(é(x)gb(y)sinwt + 0(x)p(y)sinwt + 9(x)¢(y)a)coswt) (4.3)
Each term of the series satisfies a specific boundary condition and Equation (4.1),
corresponding to different vibration modes [179]. In practice, the vibration equations
of a plate with complex boundary conditions are hard to define by theoretical
calculation. As a result, finite element analysis (FEA) is used in simulation to solve
Equation (4.1) under different boundary conditions and different debonding conditions.
The simulation is conducted using FEA software to model a tile specimen and the
sound source in a wave propagation model. In this simulation, the FE models of the tile,
adhesive layer, and wave propagation medium (air) are established using Abaqus/CAE.
To study the wave propagation between the sound source and the specimen in detail,

boundary conditions, geometrical relationships, and corresponding analytical
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procedures are specified in this simulation, as summarised in Table 4.1.

Table 4.1 FE model for simulation

Geometrical ~ Wave propagation medium

models (air) Tile Adhesive laver

Model size Length: 2 m, radius: 0.5 m 97 x 97 x 5 mm 97 x 97 x 3 mm
Bouqqary Tied to the tile Tied to the adhesive Fixe to the wall
condition layer

The constitutive parameters, including debonding area, medium properties, sound
pressure, and sound boundary, are taken into consideration systematically to simulate
the response of the tile after being excited by the sound wave. 36 measurement points
are selected on the surface of the tile. The vibration signals collected from these
measurement points are filtered and processed using MATLAB. The time-domain
signals are transferred into frequency domain signals, and the amplitudes of the
resonance frequency of the debonding area at each measuring point are collected.
Following this, the vibration map of the tile is plotted using the same procedure as
articulated in the previous section.

In this simulation, the FE model contains three parts: the wave propagation medium
(air), the tile, and the adhesive layer. To simplify the FE model, the concrete wall that
holds the tile is not included in this simulation.

First, the medium (air) is modelled in Abaqus/CAE as an acoustic medium to
simulate wave propagation. To simplify the simulation, the medium is designed as a
capsule shape. In this medium, the propagation model is set as acoustic, the speed of
sound in the air is set as 340 m/s, and the air density is set as 1.25 kg/m>. The tile and
adhesive layer are placed within the medium based on the experimental setting. Two
reference points are placed within the medium, as shown in Figure 4.1. Reference Point

1 (RP-1) represents the sound source, which is 1 m away from the tile’s surface in the
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experimental setting. In the experimental setting, a sound level meter is used to present
the sound pressure level (SPL) of the signal, which is 112.4 dB. The SPL can be defined

by Equation (4.4) [180]:

SPL = 201log X (4.4)
Po

where p, is the reference sound pressure in the air, which is 2 x 10 Pa. Therefore,
the sound pressure at the RP-1 is 8.3373 Pa, which corresponds to the amplitude of the
exciting signal. As mentioned above, the waveform of the exciting signal is shown in
Figure 3.2.

Reference Point 2 (RP-2) represents the stand-off point. For an incident wave like
this simulation, the stand-off point should be located as close to the structure as possible
[181]. In the model, the stand-off point is where the analysis begins. As a result, RP-2

is placed at the tile's surface, opposite the sound source (RP-1), as shown in Figure 4.1.

o
=

Adhesive layer Tile Adh;esivel

100mm Medium (air) *

Figure 4.1 Geometric models in simulation for a tile with square debonding
To plot the vibration map, 36 measure points are deployed equally on the surface
of the tile (in accordance with Figure 4.8). Then, to establish an FE model to fix the tile,

the adhesive layer is modelled as a deformable component in Abaqus/CAE. Different
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shapes of debonding areas are also modelled, as shown in Figure 4.2.

(b) (c)

(d)

Figure 4.2 Geometric models of adhesive layers: (a) square debonding, (b) triangle

debonding, (c) circle debonding, (d) half debonding, and (e) corner debonding

4.2 Model boundary conditions

In the actual construction, the back of the tile is fixed stably to the concrete wall through
the adhesive layer, and the concrete wall is relatively large compared with the tile and
the adhesive layer. Therefore, all six freedoms of the adhesive layer are limited in order
to fix all the displacements and rotations on the adhesive layer. The tile is attached to
the adhesive layer by “tie” contact so that the tile and the adhesive layer have the same
DOF on the contact surface, so as to simulate the interface of the solid surface (tile and
adhesive layer) and the gas surface (air). Additionally, the sound area of the simulation
is limited within the capsule-shaped air medium to simplify the simulation. The sound
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boundary is set as the outer surfaces of the medium, as shown in Figure 4.1. These
interactions are set as “acoustic impedance”. To simulate the infinite sound medium,
the boundary is set as “nonreflecting”. These nonreflecting types of surfaces are set as
“circular” for the middle part and “sphere” for the two ends to fit the shape of the

medium. The boundary conditions of the models are diagrammatically presented in

Figure 4.3.
Adhesive layer Tile Wave

i O propagation
pti+ - medium (air)
pH
PR
pitr - Tied (tile to
:"-ﬁﬁ: adhesive layer)

Fixed pR=|[T

SO Tied
will#1 (air to tile)
M
g - 100
b--.__—.
P |
>"‘———o
’ Hr .
o

v P 10mm

B

Figure 4.3 Boundary conditions of tile in FEM simulation

The mesh size of FE models influences the efficiency and accuracy of the
simulation. A large mesh size may result in low accuracy but high efficiency, and vice
versa. Therefore, different mesh sizes are evaluated in mesh-convergence analyses to
reduce the computational time without lowering the numerical accuracy. As a result,
the element sizes of the tile and adhesive layer are 2 mm, and the element size of the
medium (air) is 50 mm for the analysis in this study. Besides, the element size of the
contact surface in the medium is 2 mm.

The shapes of the tile and adhesive are regular, therefore the element shape of the

tile and adhesive is set as a cube (“Hex”) to reduce computational resources, while the
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element shape of the air is set as a tetrahedron (“Tet”) since the air model contains
curved boundaries. The element types for both the tile and adhesive are set as solid
(“C3D8R”) to simulate tile vibration, and the element type of the air is formatted as
acoustic (“AC3D4”) to simulate acoustic wave propagation. The mesh of FE models is

shown in Figure 4.4.

Adhesive layer

Figure 4.4 Mesh of FE models with square debonding

Based on the experimental setting, the tile used in this experiment is a Johnson 97
x 97 mm white gloss spectrum wall tile, and the adhesive used in this experiment is
Dunlop premixed Resaflex tile adhesive. Their related material properties are not
available in the reference provided by the manufacturers. Therefore, related
experiments are also conducted, as shown in Figure 4.5. The densities of the tile and
adhesive are measured, as well as their elastic behaviours. For the tile, a 3-point bending
test is undertaken using a specimen (160 x 41 x 5 mm). A compression experiment is
also conducted for the adhesive. The specimen of the adhesive is a cylinder with a 13.5

mm diameter and 9 mm thickness.
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(b)

Figure 4.5 (a) 3-point bending test for the tile (b) compression experiment for the
adhesive
In this simulation, the sound speed within the propagation model should be
determined. In the material properties, the sound speed is defined by Equation (4.5)

[180]:

B
c= |— (4.5)
p

Where c is the sound speed in the medium, B is the isentropic bulk modulus of the
medium, and p is the density of the medium. After checking the reference and
conducting the experiment, the material properties of the tile and adhesive are
summarised in Table 4.2 [180].

Table 4.2 Material properties for FEM simulation [180]

Material Density(kg/m®)  Isentropic bulk Young’s modulus  Poisson’s
modulus (MPa) (GPa) ratio

Tile 2209.7 / 19.55 0.24

Adhesive 1458.1 / 1.1 0.3

Air 1.21 0.143 / /

4.3 Comparison between simulation and experiment

As the control group, the out-of-surface velocity map of the normal tile is plotted in
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Figure 4.6. As shown in the simulation result (Figure 4.6(b)), the differences between
each inspection point are very small. For the experimental result (Figure 4.6(a)), though
there is no debonding in this tile, the amplitudes at each inspection point still vary. This
situation may be caused by the small cavities within the adhesive layer while tiling in

practice, resulting in noise signals.

@ ®)

Figure 4.6 Velocity map of the tile without debonding: (a) experiment (b) simulation
result

The debonding area of the tile with a square debonding area is plotted in Figure
4.7(a). Similarly, a repetitive experiment of a tile with the same shape of debonding
area is also generated. The velocity map of another tile with the same square debonding
area is shown in Figure 4.7(b). Figure 4.7 indicates that this method is consistent with
the two results, showing a similar trend. The frequency of the first mode in the second
tile is a little higher, while the amplitude in the second tile is a little higher. Compared
with the experimental results as illustrated in Figures 4.7(a) and (b), the simulation

result shows a good agreement, as in Figure 4.7(c).
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Figure 4.7 Velocity map of the tile with a square debonding area: (a) Experiment 1 (b)

Experiment 2 (c¢) simulation
Then, using the same method, the simulation and experiment results of the tile with
a triangle debonding area (shown in Figure 3.5(b)) and a circle debonding area (shown
in Figure 3.5(e)) are plotted in Figure 4.8 and Figure 4.9, respectively. The simulation
results and these two experiments show good consistency in shapes, and the velocity
maps of the simulation results are more apparent for both shapes. The results show that
this method can identify the debonding, but the shape of the debonding area is not clear

enough to be recognised.

Velocity (m/s)

Figure 4.8 Velocity map of the tile with a triangle debonding area: (a) experiment and
(b) simulation
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Figure 4.9 Velocity map of the tile with a circle debonding area: (a) experiment and (b)
simulation

Compared with the square debonding area mentioned in Figure 4.7, the amplitudes
of the triangle and circle are also smaller. This difference may be caused by the sizes of
the different debonding areas: 4489 mm? for the square, 1943.79 mm? for the triangle,
and 3525.65 mm? for the circle. The larger debonding area may result in a larger
amplitude of vibration, causing the mapping to be clearer.

Similarly, the results for the tiles with half and corner debonding (shown in Figures
3.5(c) and (d)) are plotted in Figure 4.10 and Figure 4.11, respectively. These kinds of
debonding have a substantial amplitude, with a relatively clear edge being plotted
between the debonding and normal areas. The simulation results have better resolution
compared with the experimental results. As mentioned above, these two kinds of
debonding can be simplified into cantilever plates, which account for this distinction.
The amplitude of this kind of model is more significant compared with the simply

supported plate. Therefore, the debonding area in the velocity map is more apparent.

65



4 %107
5 3
4 25
2 7
3 E
>
> 15.*5
/ £
1 >
1 0.5
0 0
0 1

Figure 4.10 Velocity map of the tile with half debonding area: (a) experiment and (b)
simulation
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Figure 4.11 Velocity map of the tile with corner debonding area: (a) experiment (b)
simulation
Generally, the simulation results have a better resolution than the experimental ones.
This is because the numerical model is ideal, while the experimental model is not. For
example, for the corner debonding as shown in Figure 4.11, six inspection points are
found within the debonding area. As compared with the normal area, the resonance
velocities in the debonding area are much larger in both the modelling and the
experiment. By evaluation, the resonance velocities of all points in the debonding area
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are larger than 1.2x107° m/s. Therefore, 1.2x10° m/s is defined as a threshold to
evaluate the inspection accuracy in both the experiment and the simulation. In this way,
as shown in Figure 4.9, the debonding areas of the experimental result and the
simulation result are defined as 1375.83 mm? and 972.31 mm?, respectively, while the
actual debonding area is 1176.13 mm?. Therefore, the errors of the experiment and
simulation results are -16.98 % and 17.33 % respectively. The errors are summarised in
Table 4.3.

Table 4.3 Quantitative analysis of the accuracy

Debonding shape  Experiment error  Simulation error

Square 26.65% 16.41%
Triangle 48.36% 36.36%
Circle 25.16% 25.86%
Half 32.17% 10.51%
Corner -16.98% 17.33%

As shown in Table 4.3, this study's experimental error varies from -16.98 % to
48.36 % for all debonding cases, while the simulation error varies from 10.51 % to

36.36 %.

4.4 Summary

In this chapter, an effective numerical model is developed to model the inspection
process, which can identify the predefined debonding areas well. The finite element
models of the tile, adhesive layer, and wave propagation medium (air) are established
to simulate the activated vibration signals of tiles with different debonding areas, as in
the experimental studies. The simulation results show a better inspection accuracy

compared with experimental results, proving the effectiveness of the numerical model.
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This numerical can be further developed to analyse other specimens, and powerfully
improve the debonding signal database. The vibration signal generated by the numerical

model can be used in deep learning networks to achieve a higher accuracy.
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Chapter 5: Deep learning networks in non-

contact inspection

In this chapter, a two-stage debonding shape-identifying method is established based
on deep learning. The first step of this chapter is to build a vibration database. The
database contains the debonding and normal signals collected from tiles with different
debonding shapes. The deep learning (DL) networks can be trained with this database.
Three deep learning (DL) networks are built and trained based on the database. In stage
I, the 1st DL network is to identify debonding types from predefined geometries. In
stage II, the extra DL network is used to determine whether the debonding shape in the
tile to be inspected belongs to a known shape, while the 2nd DL network is used to
screen out unknown debonding types for subsequent specific debonding evaluation.
The results show that the two-stage method using the three networks is fast and effective
in evaluating tile debonding with detailed information, providing a novel and practical
approach for engineering applications. After recognising the unknown shape with the

two-stage method, the unknown debonding shapes can also be added to the raw
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database to improve the accuracy of the prediction.

5.1 Methods and procedures

The inspection method for this chapter is as exact as shown in Chapter 3 and 4. Moulds
are used to form the adhesive layers to control the sizes and shapes of the debonding
areas, as shown in Figure 5.1(a)~(f). The size of the ceramic tile is the same as the tile
shown in Figure 3.5. The outer wall specimen is selected as a concrete board
(0.9x1.8x0.02m). The long side of the concrete board is placed on the ground. Then,

these tiles are tiled onto the concrete board to simulate the actual condition.

Figure 5.1 Tiles with different adhesive layer shapes and experiment setup
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After the tiling procedure, the tile is inspected by an acoustic inspection method.
The experimental setup of this method is shown in Figure 5.1(g). In this work, the sound
source is selected as the Meyer MM-4XP, which is a directional acoustic transducer.
The sound source is placed 1 m away from the tile. The tile is excited by the acoustic
wave generated by the sound source. Then the velocity signals at each inspection point
are recorded by an LDV (Polytec VibroGo VGO-200) remotely. A signal generator is
used to generate vibration, and a direct current (D.C.) source is used to provide the
direct current for the sound source.

The data are collected from an acoustic inspection experiment. The adhesive fixes
the tile on a concrete wall. During the inspection, the speaker generates a pressure wave
which is a burst acoustic signal, and then the pressure wave excites the tile. LDV
equipment is used to record the vibration signal excited by the pressure wave on the
surface of the tile. This method uses the widely used multitone burst (MTNB) signal to
excite the whole surface of the tile[115, 117, 122].

Then, 36 inspection points are selected on the surface of the tile, as shown in Figure
3.7. An LDV is used to measure the velocity signals at these inspection points. Five
experiments are conducted on each tile, and 1080 velocity signals are collected in total.

The velocity signal induced by the acoustic wave on every 36 points is recorded
with corresponding coordinates and then processed. The signal collected by the LDV
equipment is a time-domain signal. In practice, the equipment will also collect the noise
during the experiment, and the recorded signal will also contain the signal before and
after the exciting signal. As a result, filters on signals are required. The resonance
frequency of the LDV equipment is very low [116], and the maximum frequency of the
exciting signal is 4200Hz, so a low-pass filter and a high-pass filter are used to limit

the signal frequency to 200~6000Hz. In the meantime, a time gate is used to limit the
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signal during the exciting period. The time domain signal after the filter and time gate
is shown in Figure 3.8(a). The time domain signal can only describe the vibration in the
time period. The frequency behaviour of the signal cannot be shown in the time domain.
Therefore, the continuous wavelet transform (CWT) is used to plot the time-frequency
scalogram image, describing the time and frequency distribution [170]. Finally, all 1080
CWT images are imported into the database.

Then, the DL networks are designed and trained. All the DL networks in this study
have the same structure. They contain an input layer, five convolution layers, one
dropout layer, three fully connected (FC) layers, one softmax layer, one classification
layer, and an output layer. The inputs of these DL networks are the CWT images in the
database, while the outputs of these networks are different. The outputs of the 1st DL
network are debonding shapes and the classification probabilities. The outputs of the
extra DL network also include debonding shapes and classification probabilities. By
comparing the classification probabilities of the 1st and extra DL networks, the known
and unknown debonding shapes are determined. The outputs of the 2nd DL network are
debonding and normal. By assembling the debonding/normal conditions at each
inspection point, the debonding maps are plotted. In the DL setup, the initial learning
rate is used to control the divergence and convergence of the DL learning result. A larger
initial learning rate can reduce the training time and the number of epochs of the DL
network, but the result may also be divergent. This study determines the initial learning

rate as 0.01 to balance the convergence and the efficiency.

5.2 Database building: CWT image

This study uses the continuous wavelet transform (CWT) to plot the time-frequency
scalogram that shows the time and frequency signal distribution. The CWT of a signal
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f(t) can be defined as [182-185]:
CWT; = j F(®) . (t) dt, a>0beR (5.1)

The number a is the scale factor that dilates or compresses the signal, and the
number b is the translational factor that translates the times. The CWT is a convolution
of the original signal with a scaled and translated version of the mother wavelet. The
convolution automatically defines the scale factor a and the translational factor [186].

{ap(t) is the complex conjugate of the mother wavelet {, , (), which can be written

as:
1 t—»b
Gan(® =—¢ (—) (5:2)
|lal2
If the CWT respects the condition of the admissibility shown in Equation (5.3), the
CWT is invertible:
“|E(w
C; = f Ifl(vl)l dv < o (5.3)

Where ¢ is the Fourier transform of ¢, and

foo{(x)dx =0 (5.4)

The CWT can produce a maximum value at the natural frequency of the original
signal, which corresponds to the natural frequency's time zone. As a result, the CWT
can isolate the natural frequency from the frequency domain and identify the time when
the signal reaches the natural frequency in the time domain. Then the time and
frequency features of the signal after CWT can be determined by drawing a time-
frequency scalogram, as shown in Figure 5.2(b). The x-axis shows the time, the y-axis
shows the frequency, and the different colours correspond to different velocity

magnitudes.
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Figure 5.2 A representative to show (a) the time-domain signal and (b) the time-
frequency scalogram at the inspection point (3,2)
During the CWT transform, the size of the scalogram image is set as 1280 x 1080
x 3 pixels (1280 pixels high, 1080 pixels wide, colour channel: RGB) to ensure the
resolution. However, this size is too large for machine learning. The scalogram images

are resized to 700 x 700 x 3 pixels so that computation resources can be reduced.

5.3 Two-stage debonding area identification method

The structure of this inspection method using DL is shown in Figure 5.3. In this method,
thousands of vibration signals are transferred to time-frequency scalograms by CWT,
then the scalograms collected from tiles with different debonding shapes are used to
build a database. After that, in stage I, the 1st DL network is designed and trained to
identify debonding types (different shapes). Then, in stage II, an extra DL network is
trained to determine the classification probabilities of each shape. The scalograms
collected from the inspection points on a tile to be inspected are set as the test group,
and then the test group is input into the trained 1% DL network. The scalograms in the
test group are classified into known/unknown groups based on the classification

probabilities provided by the extra DL network. The classification procedure ends if the
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test scalogram is classified into the known shape. If the test scalogram is classified into
an unknown shape, the 2nd DL network is designed and trained to identify conditions
(debonding/normal). Then, 36 inspection points are deployed to the new tile to identify
the debonding area. The number of inspection points is determined by balancing the
inspection efficiency and inspection accuracy. The vibration signals are also transferred
to the time-frequency scalograms by CWT. The scalograms collected at each point are
defined as the test group of the 2nd DL network. Finally, each point is classified into
debonding/normal, and the debonding area of this tile can be plotted. The newly
identified debonding shape can also be added to the database to extend it and increase

the prediction accuracy.
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Figure 5.3 Flowchart for the fast non-contact inspection of tile debonding based on

tuned acoustic wave and DL network

After resizing, the CWT scalograms are imported into the 1st DL network. The

current database contains 1080 CWT scalograms. The proposed DL network is trained,

then validated and tested. The scalograms are divided into training, validation, and
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testing groups. During the training, the validation keeps modifying the training
character. 10% of 1080 scalograms are selected as the validation group to achieve stable
performance, and 90% of 1080 scalograms are selected as the training group. The
training group contains 972 scalograms, while the validation group contains 108
scalograms.

The tile can be considered as a symmetry object. Therefore, to reduce the inspection
points and improve efficiency, the inspection points selected in the tile are inspection

points 1, 2, 3, 8, 9, and 15, as shown in Figure 5.4, corresponding to 1/8 of the tile.

Figure 5.4 Inspection points selected for building the test group

In the 2nd DL network, the test group contains 36 scalograms collected at 36
inspection points on the tile with an unknown debonding shape.

In this study, one of the debonding groups is selected as an unknown shape. For
example, the corner debonding group is moved out of the database and defined as an
unknown shape, as shown in Figure 5.5. The test group contains two known shapes and
one unknown shape, including circle debonding/normal, half debonding/normal, and

corner debonding/normal. Eighteen time-frequency scalograms are selected as the test
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group in the 1st DL network. The three DL networks used in this study have different
classification layers. For the 1st DL network and the extra DL network, the scalograms
inputted will be classified into ten categories (square normal/debonding, triangle
normal/debonding, half normal/debonding, circle normal/debonding, normal,
unknown), including five known different debonding shapes (square, triangle, half,
circle, normal) and one unknown debonding shape. For the 2nd DL network, the

scalograms are divided into debonding and normal.

| Classification |
« probabilities defined *—— -7~ T"" i .
! by extra network

Figure 5.5 Schematic diagram of the specific inspection procedure
If a scalogram in the test group is defined as unknown in the 1st DL network, 36

inspection points should be deployed on the surface of the unknown tile. The

scalograms collected from these inspection points are imported into the 2nd DL network.

The 2nd DL network has exactly the same structure as the previous one. The only
difference is the classification layer. In the classification layer, the scalograms on 36
inspection points are classified into two groups: debonding/normal. Then the debonding
points are defined as 1, and the normal points are defined as 0, and the debonding shape
can be plotted on a debonding map. After defining the debonding shape of the unknown

tile, the signal can be classified and added to the database to extend it.
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5.4 Structure of the deep learning network
The DL networks used in this study have the same structure. The structure of these DL

networks is shown in Figure 5.6.

Input (CWT scalogram)

e m e m e —————
/ I 15t ~4t convolution 1 \
| (Same structure as 1t 1
" convolution) I
—————— 1— -——— = omm o

I Dropout layer !

1 5t convolution |
1 (Same structure as 15t ~4th
1 convolution)

Qonvolution layers /

A 4

[ Fully connected IayerJ x3

Softmax layer

[Classification Iayer]

Classification result
(e.g. half debonding)

Figure 5.6 Structure of the convolution network for tile debonding inspection using the
DL method
As shown in Figure 5.6, the DL network used in this study contains five
convolutions. The input of the DL network is the CWT scalogram. Then the scalogram
is passed to the first convolution. The structure of the convolution is shown in Figure

5.7.
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Figure 5.7 Structure of the convolution network

During the convolution, the size of the raw matrix (feature map) will be reduced.
As a result, the Convolution 2D layer in the first convolution is set as “zero-padding”
to maintain the size of the input feature map. As shown in Figure 5.7, an outer layer of
zero values is added to the input scalogram image framed by the blue box. Then the
scalogram image is divided into three channels (Red, Green, and Blue channels). Each
channel has a specific kernel matrix. The parameters in the kernel matrix vary during
the training procedure. Then the result matrix is passed to the Batch normalisation layer.
This layer can enhance the stability of the network and shorten the training time. After
the Batch normalisation layer, a non-linear activation function layer named Rectified
Linear Unit (ReLU) layer is added to the network. This layer can map the linear output
of the convolution layer to a non-linear output. Compared with linear activation, the
features of the nonlinear activation function learned can be more complex [187]. The

equation of ReLU can be written as:
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Vs>0

=1 vizo (5.5)

As shown in Equation (5.5), if the input s is positive, the output remains the
received input s. If the input s is negative, the output becomes zero. Compared with
commonly used activation functions such as sigmoid, the ReLU function can process
more gradient information across several layers deep [188].

All the convolutions ended with a max pooling layer. This layer can reduce the size
of the information, improving computing efficiency. As shown in Figure 5.7, the size
and stride of the maximum pooling window are predetermined. The maximum value
within the window is extracted and then formed into a new matrix.

Then, in the 5th convolution, a dropout layer is placed before the 2D convolution
layer, as shown in Figure 5.8. In the dropout layer, the input element is set to zero

randomly based on a predetermined probability. This layer is used to prevent overfitting.

Dropout layer
\Close some neurons to prevent overfittingj

Figure 5.8 Structure of the dropout layer
After convolution, three FC layers are set in the network. The structure of each FC

layer is shown in Figure 5.9.
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Figure 5.9 Structure of the FC layer
Every neuron in the FC layer is connected to all neurons in the previous layer [189].
A linear transformation is applied to the input through a weight matrix. The equation
can be written as:
m
vl = Z ¢ ot +d? (5.6)
j=1
where v is the output vector in the layer 1, m is the number of neurons in the layer

I-1, w%j_l is the connection weight between layer 1-1 and layer 1, ¢}~ is the ith activated

neuron value in the layer I-1, and d is the bias value in the layer I-1. In this network,
three FC layers can gather different features from different positions in the raw picture.
Feature maps generated by convolution layers are based on linear filters. Thus, the
capability of solving nonlinear problems is lacking. Therefore, multi-FC layers are used
to apply a non-linear transform to the features [190].

After the fully connected layer, a softmax layer is placed to generate the probability

of each category. The equation can be written as:

eyi

softmax(y); = N (5.7)
j=1
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Where yi1, y2, ... , yn are the n outputs of the fully connected layer. As shown in
Equation (5.7), all the probabilities are decimals between 0 and 1, and these decimal
probabilities must add up to 1.

Finally, the input picture is classified into the category with the maximum
probability in the classification layer. In the meantime, the classification layer also

calculates the cross-entropy loss for classification, as shown in Equation (5.8).

L&
loss = _Nz Z Wity Inpp; (5.8)
n=1i=1

Where N is the number of signals, K is the number of classification classes, w;j is
the weight for category i, rm; is the indicator for which the nth sample belongs to the ith
class, and pni is the probability for signal n for category i, which is the output of the
softmax layer. The cross-entropy loss describes the difference between the prediction
and the target. The accuracy of the DL network will increase with the reduction of cross-
entropy loss. The backpropagation in the DL network will reduce the cross-entropy loss

by updating weights and biases in the DL network.

5.5 Debonding identification with a trained deep learning network

In this study, the classification probability is used to identify the known and unknown
groups. As mentioned in Figure 5.6, before the classification layer, there is a softmax
layer that can generate the classification probability of each category. The classification
progress is generated based on these probabilities. The input will be classified into the
category with the maximum classification probability. In a well-trained DL network,
the maximum classification probabilities of each test input should be relatively high.
However, if a scalogram collected from the unknown debonding shape is input into the
trained network, since the features of the unknown scalogram are different from each
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known scalogram, different categories may have similar classification probabilities. As
a result, the classification probability will disperse. Hence, the maximum classification
probability will be reduced. Therefore, a probability threshold is required to distinguish
known shapes from unknown ones.

At first, an extra DL network is trained. The structure of the extra DL network is
exactly the same as the 1st DL network. The difference is in the test group. The test
group only includes the known shape in the extra DL network. 10% of the scalograms
in the database are selected as the validation group, 10% of the scalograms are selected
as the test group, and 80% of the scalograms in the database are selected as the training
group. The training result of the extra DL network is shown in Figure 5.10. The

accuracy of this network is over 95%.
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Figure 5.10 The accuracy and the loss of the DL network
After the training process, the predetermined test group is used to assess the trained
network. In the DL network, the confusion chart is commonly used to assess training

accuracy. The confusion chart of this network is shown in Figure 5.11. The left side
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corresponds to the true class, while the bottom side corresponds to the predicted class.

As shown in Figure 5.11, scalograms are seldom misclassified.
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Figure 5.11 Confusion chart

In practice, the debonding shape may be various and different from the predefined
typical types as the known shape in this study. Therefore, it is also very necessary to
identify the unknown debonding shape when subjected to practical applications. As
shown in Figure 5.12(a), all the 120 maximum classification probabilities in the test
group are over 98% in the extra DL network. Therefore, 98% is defined as a threshold
to evaluate the known and unknown of the input scalogram. All the 20 classification
probabilities in the test group in the 1st DL network are compared with the threshold.
As shown in Figure 5.12(b), after setting the threshold, the test scalograms in the 1st
DL network can be classified into the known group and the unknown group. Most of
the corner debonding scalograms are defined as the unknown group, but one corner
debonding scalogram is misclassified into the known group as well. The accuracy of

the prediction is 94.4%.
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Figure 5.12 Classification probabilities versus test scalograms based on (a) the extra
DL network and (b) 1st DL network

After defining the unknown group, 36 inspection points are deployed on the surface
of the tile. These time-frequency scalograms collected at 36 inspection points on the
tile with a corner debonding area are selected as the test group. Then the 2nd DL
network is used to predict the signals collected from the tile with a corner debonding.
The data processing progress is exactly the same as the previous method in the 1st DL
network. The result of the simulation network is shown in Figure 5.13(a). The accuracy
of this network is over 95%. The confusion chart of this network is shown in Figure

5.13(b). Only two points are misclassified.
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After training, the scalograms collected from the tile with the corner debonding

area are classified into different types. The debonding point is defined as 1, and the

normal point is defined as 0. Then the debonding conditions of 36 inspection points are

plotted on a debonding map, which is shown in Figure 5.14.

X
(a) (b)

Figure 5.14 Debonding map of the tile with a corner debonding area between (a) the

inspection result and (b) ideal result
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Figure 5.14(b) is the expected ideal result. The debonding area is clearly shown.
However, Figure 5.14(a) is the predicted result. Though the accuracy of the model is
over 95%, the predicted result is still not clear enough, but this method can generally
inspect the shape of the debonding area. In Figure 5.14, the debonding area of the ideal
result is 1606.49 mm?, while the debonding area of the predicted result is 1533.46 mm?.
Therefore, the prediction error is -4.857%.

Then the tile with half debonding area is also set as the test group to prove the
effectiveness of this method. The accuracy is also over 95%, as shown in Figure 5.15(a).
The confusion chart of this network is shown in Figure 5.15(b). Seven points are

misclassified.
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Figure 5.15 (a)The accuracy and the loss of the network (half) (b) confusion chart (half)
After training, the scalograms collected from the tile with half debonding area are
classified into different types. Similar to the corner debonding, the debonding point is
defined as 1, and the normal point is defined as 0. The debonding conditions of 36
inspection points are plotted on a debonding map. The results are shown in Figure 5.16.
As shown in Figure 5.16, though 7 points are misclassified, the profile of the debonding

shape can still be plotted. In Figure 5.16, the debonding area of the ideal result is 4704.5
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mm?, while the debonding area of the predicted result is 4629.82 mm?. Therefore, the

prediction error is 1.588%.

A A

(a) (g)
Figure 5.16 Debonding map of the tile with a half debonding area (a) predicted result
(b) ideal result
Similarly, the circle debonding area, the triangle debonding area and the square
debonding area are also set as unknown groups to test the feasibility of inspecting
different debonding shapes with this method. The errors of these predictions are
calculated by debonding area as mentioned above. The errors of the predictions in
different debonding shapes are summarised in Table 5.1.

Table 5.1 Error analysis of different debonding shapes

Debonding shape  Prediction error

Square 30.38%
Triangle 29.75%
Circle 21.26%
Half 1.588%
Corner -4.857%

As summarised in Table 5.1, the half-debonding area has the lowest predicted error.
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5.6 Summary

In this chapter, a novel method for fast non-contact inspection of tile debonding based
on tuned acoustic wave and a deep learning network is designed to identify the tiles'
debonding, improving the inspection procedure's efficiency.

The vibration is excited by an acoustic wave of a sweeping frequency band, and a
laser Doppler vibrometer collects the vibration signal. The databases are built by using
time-frequency scalograms transferred from these vibration signals. A two-stage
debonding shape-identifying method is established to identify the debonding type of
the tile step by step. The 1st DL network and the extra DL network are developed to
determine the known/unknown shape of the debonding area. The identifying accuracy
is 100%. 36 inspection points will be deployed to the tiles identified as unknown
debonding shapes, and the 2nd DL network will be developed to identify each
inspection point's debonding/normal condition. Then the debonding area of the tile can
be constructed into a contour map. The prediction error of the unknown debonding with
different shapes is about 1%~31%. Based on the experiment, the classification result of
this two-stage debonding shape-identifying method correlates well with the actual
condition, proving the effectiveness of this method. The database can also be extended
to decrease prediction errors.

This method is suitable and efficient for inspecting debonding tiles. Tiles with
known shapes only require one inspection point. With more tiles to be inspected, the
database can also be extended. These additional data can subsequently be used to train
deep learning networks, enabling the two-stage method to progressively improve its
detection accuracy during practical deployment. Nevertheless, it should be noted that a
larger database inevitably requires more data samples, and the accuracy of the deep

learning model remains contingent upon the size and diversity of the database. This
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method can be uploaded to an unmanned aerial vehicle (UAV) to inspect dozens of tiles

at a time, which will be more efficient in monitoring tile debonding.
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Chapter 6: Inspecting the loose slot wedge

on the stator of a hydro-generator

As mentioned in previous chapters, the feasibility of the non-contact acoustic method
has been demonstrated in inspecting tile debonding. The debonding area can be
considered as a void within the adhesive layer, which means the approach can be
extended to similar practical inspection tasks, such as the inspection of fittings or other
bonded interfaces. As a result, the looseness of the slot wedge within the hydropower
generator is extended to judge the feasibility of the non-contact acoustic method.

With the increasing public awareness of environmental issues, more and more research
and applications are being conducted in the field of green energy. Hydropower
generation represents the world's largest source of green energy, fulfilling nearly 16%
of global electricity demand [191, 192]. The International Renewable Energy Agency
suggests that 850 GW more energy generation capacity should be fulfilled by
hydropower to limit global temperature increase below 2 °C [193]. Hydropower
generation units (HGUs) convert the potential energy of flowing water into electrical
energy [194]. The hydroelectric generator is the core component of all HGUs, and its
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operating condition directly determines the power supply capability of the hydropower
station [195, 196].

Many hydro-generators have been in operation for decades, and their operating
conditions have significantly deviated from the original design specifications [197].
These changes in operating conditions will result in defects within the generator. During
operation, the alternating electromagnetic force induces vibration in the stator winding
bars beneath the slot wedges. Continuous vibration can cause the stator slot wedges to
gradually loosen. If the wedges do not remain tight within the stator slots, the coils and
bars may also shift [198]. As a result, regular inspection and timely maintenance of the
generator are indispensable. Previous studies have identified winding looseness as a
primary cause of stator winding failures [85, 199, 200]. Looseness exacerbates
vibration, accelerating the corrosion and wear of the insulation material on the winding
bars, which can lead to serious accidents [201]. Many hydropower stations have
incurred substantial maintenance costs and downtime for generator repairs, resulting in
significant economic losses [202]. Thus, ensuring the tightness of stator wedges is
critical for maintaining stable long-term operation. The timely detection of the stator
wedge loosening is imperative [203].

Currently, the loosening detection primarily relies on contact-based methods.
Experienced operators assess the severity of loosening by tapping the wedge with a
hammer and interpreting the resulting sound [204]. However, this approach is
subjective and depends heavily on the operator's skill. Consequently, automated
inspection methods are being developed. Pistone et al. [205] designed an automated
robotic vehicle that can move on ferromagnetic surfaces. Multiple plug-and-play
sensors can be added to the vehicle to proceed with the inspection. Jeon et al. [206]

developed a robotic vehicle with a robotic arm that loaded a wedge tightness test
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module. However, this method requires the rotor to be removed, as the robotic arm
needs ample space to operate. Ekkachai et al.[207] proposed an inspection method
using a robot that does not require rotor removal. Their robot employs a tapper head
and an accelerometer sensor to detect loosening, with the acceleration signal amplitudes
used for evaluation. Xie et al. [85] designed an offline detection system for inspecting
wedge loosening when the generator is stopped, eliminating the need to disassemble
the stator or rotor. An inspection robot taps the wedge, and the loosening condition is
assessed by analysing the percussion sound signal.

Nevertheless, deploying contact inspection systems within the narrow confines of
a generator is challenging. Moreover, the movement of the contact inspection
equipment may also aggravate the loosening of the wedge. Therefore, the non-contact
inspection method is developed. Various non-contact techniques exist to generate non-
contact inspection, including mechanical, physical, electrical, chemical, and even visual
inspection [35, 36]. Different approaches to non-contact inspections have their own
advantages and limitations. Li et al. [208] analysed infrared monocular visual images
of stator and rotor profiles to inspect the air gap between the stator core and rotor
magnetic poles. However, this method assesses the overall stator core condition and
cannot identify the loosening of specific wedges. Han et al. [209] monitored the
condition of magnetic wedges by analysing negative-sequence information extracted
from three-phase voltage and current data of the motor. Yet, this approach is only
applicable to slot wedges made of magnetic materials.

To address these limitations, this study develops a non-contact inspection method

utilising a tuned acoustic wave.

6.1 Inspection during outage maintenance of the hydro-generator
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Traditional methods require direct contact. Although sound signals can be collected
remotely using a microphone, the sound itself is generated by striking the slot wedge
with an impact hammer [85], which still involves contact. In practice, the gap between
the stator and rotor is typically only about 32 mm, making contact inspection difficult
due to the limited space. Thus, a non-contact inspection method is necessary. In this
study, the slot wedge is excited remotely using a directional speaker, and the vibration
signal is collected remotely using a Laser Doppler Vibrometer (LDV). A schematic of

this method is shown in Figure 6.1.

LDV

Slot wedge

laser

pressure wave
speaker

1m

Figure 6.1 Sketch of the non-contact acoustic inspection method used in this study

During operation, a loose slot wedge may be partially ejected from the slots
between the stator teeth, jeopardising the generator's longevity. Looseness alters the
vibration mode of the wedge, resulting in different resonance frequencies compared to
a normal wedge. This principle forms the basis for detection. The excitation signal is
chosen as a frequency sweep to identify the resonance frequency, as shown in Figure
6.2. The sweep signal covers a frequency range of 200—4000 Hz, encompassing the first
resonance mode. It consists of 20 different frequencies with a modulation interval of

200 Hz. Each frequency step lasts 60 ms, and the input amplitude to the speaker is 5 V.
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Figure 6.2 Waveform of the sweep signal
For the experiments, slot wedge samples were obtained from a generator provided
by the Gezhouba Hydropower Station, as shown in Figure 6.3(a). An experienced
technician classified and labelled the wedges as loose, normal, or intermediate (middle)
by tapping them with an impact hammer. Nine slot wedges were analysed in total: three

loose, three intermediate, and three normal.

(a) (b)

Figure 6.3 (a)Slot wedges on the hydropower generator (b) Experiment setup
Then the experiment setup is shown in Figure 6.3(b). The slot wedge is excited by
the sound wave that the directional sound speaker generates. The vibration signal on

the surface of the slot wedge is collected and recorded by the LDV equipment.
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6.2 Non-contact detection of loose slot wedge

In practice, signals are collected in a noisy environment where other equipment
operation contributes background noise. Consequently, the vibration signals acquired
by the LDV also contain noise.

To address this, an algorithm named Multi-Window Spectral Estimation (MWSE)
is employed [85]. This method uses multiple orthogonal data windows to compute the
direct spectrum of the sample data and then averages these spectra to obtain a final
estimate. The accuracy of the MWSE method is higher than that of the periodogram
method, and the variance of the raw signal is also reduced. The equation of the MWSE

is given by:
1 L-1
SMt() = ZZ ST (@) k=121 (6.1)
k=0

Where L is the number of the window, Si™ (w) is the spectrum of each orthogonal
data window, and o is the frequency. Compared with the traditional period graph
method, this method reduces the variance from the raw data, and improves the accuracy.

The raw signal collected by the LDV equipment is shown in Figure 6.4(a).
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Figure 6.4 (a) Raw signal (b) Signal after MWSE (c) Signal after MWSE and filters
As shown in Figure 6.4(a) and (b), though the MWSE method removed most of the
noise, there is still background noise and zero drift. Therefore, the high-pass and low-
pass filters are required. The well-experienced operators can identify the looseness by
the sound of a hammer knocking, which means the response frequencies of the slot
wedge can be limited to the audible range of the human ear, which is 20~20kHz [210].
According to the previous study, the resonance frequencies of the slot wedge vary from
2000Hz to 8000Hz [211]. This study’s frequency range is correspondingly expanded to
0~10kHz to cover more information. Additionally, the speaker's frequency range in this
study is 135Hz~17kHz. The frequency range is finally defined as 200Hz to 10kHz to
protect the speaker. Then, a low-pass filter and a high-pass filter are used to limit the
signal frequency to 200~6000Hz. Figure 6.4(c) shows the vibration signal after the
filters.
In practice, the sampling time of the system is much longer than the duration of the

burst signal to obtain a completely exciting signal. Therefore, the start time of the signal
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is not easy to identify. Therefore, the signal collected will contain the data without an
exciting signal.

Therefore, the short-time energy entropy ratio is used to isolate the valid signal
fragment from the raw signal. The vibration signals generated by the burst signal are
generally continuous, non-stationary signals. In data processing, a 10-30 ms non-
stationary signal can be considered as a stationary signal. Therefore, the Hamming
window can be used to frame and window the raw vibration signal. The signal is divided
into short-term signals by the Hamming window. The short-term energy EL; of each

short-term signal can be described as:

(6.2)

N _ x2(m
ELl-=log<1 pom=1tiy i ( )>

a

Where N is the length of the signal, xi(m) is the vibration signal of the i frame after
the window is added, and a is a constant that alleviates the signal. The energy of the
signal is mainly defined by the magnitude of the amplitude.

The short-term spectral entropy Hi of each frame of the percussion sound signal is

defined as:

N/2

Hy == pi(l) logpi(l) (63)
=0

Where pi(k) is the spectral probability density function, the equation of pi(k) can
be written as:

Y; (k) % (6.4)

pi(l) =——— k=01,.,
A0
Here, Yi(k) is the discrete Fourier transform result of xi(m). , representing the

energy spectrum of the frequency component of each spectral line.

Then the entropy ratio EEF; is then calculated using Equation (6.5):
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EL;
EEF, = |1+ —| (6.5)

Based on the entropy ratio, the start time of the effect signal can be defined. Using
MATLAB to transfer the signal after filtering to the short-time energy entropy ratio, the
result is shown in Figure 6.5. The maximum value of the entropy ratio is defined as
Ermax. The raw signal contains a leading segment, which is considered to be a noise
segment. The mean value of the lead segment is defined as ewm. The start time of the
effect signal can be considered as an abrupt increase in the short-time energy entropy
ratio. The threshold Det of the abrupt increase is defined as:

Det = Etux — €1 (6.6)

Then the judgement interval (T1~T2) is then selected using Equation (6.7):

{Tl = 0.05Det + ey, (6.7)

T, = 0.1Det + ey
Finally, the FrameTime function in MATLAB is used to define the start time
between T and T,. Similarly, the end time is also defined. The start time and the end

time of the valid signal fragment are shown in red and blue lines respectively, in Figure

6.5.
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Figure 6.5 Isolate the valid signal fragment
The length of the valid signal fragment identified in Figure 6.5 is 1.36 seconds.
This segment is then transformed from the time domain to the frequency domain using
the Fast Fourier Transform (FFT). The result is presented in Figure 6.6.
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Figure 6.6 Time domain and frequency domain

101



6.3 Slot wedge condition identification

First, the repeatability of the experiment was assessed. As shown in Figure 6.7, five
repeated experiments conducted at the same point (Point 10) show good consistency in
both the time domain and frequency domain. However, some minor curve discrepancies
remain in the time domain, whereas the frequency domain exhibits higher consistency.
Therefore, the frequency domain is used for subsequent analysis to differentiate
between loose and normal signals.

Time domain
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Figure 6.7 Five repeated experiments conducted at Point 10
The vibration amplitude is relatively small at frequencies above 3000 Hz, as
observed in Figure 6.7. Consequently, the analysis frequency range is limited to 300—
3000 Hz.
The traditional method of using a hammer to knock the sample is based on the
change in the knocking sound. The loose wedge and the normal wedge have different
responses to the knocking. Similarly, this method compares the resonance peak of the

loose wedge and the normal wedge. As shown in Figure 6.8, the signal repeatability of
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the normal is very good. However, the signals of the middle wedge and the loose wedge
are different. This is because the normal wedge can be considered a standard status,
while the middle and loose wedges are not fixed statuses. Different degrees of

debonding will result in different vibration waveforms.
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Figure 6.8 Signal repeatability (a) Normal (b) Middle (c) Loose
In this study, the frequency-domain signals collected from each slot wedge are
compared. Although the waveforms for loose wedges vary, the differences between the
signals from normal and loose wedges are evident, as shown in Figure 6.9(a). The
differences are most pronounced in the frequency band between 900 Hz and 2100 Hz,
while differences outside this range (below 900 Hz and above 2100 Hz) are less obvious.
Therefore, the analysis band is further narrowed to 900-2100 Hz, as shown in Figure

6.9(b).
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Figure 6.9 Signal comparison (a) Frequency band 0~3000Hz (b) Frequency band
900~2100Hz

Although the waveforms for loose, middle, and normal wedges are distinct,
quantitative frequency features are necessary for precise condition identification. To
analyse the differences, the frequency peaks within the 900-2100 Hz band are
examined. As shown in Figure 6.9, the primary differences in the signals occur around
these peaks. The frequencies and amplitudes of these peaks are summarized in Tables

6.1 and 6.2, respectively.

Table 6.1 Frequency peak in the frequency band 900~2100 Hz

Number Loose wedge Middle wedge Normal wedge
1 1207.3518 957.3521 1027.2049
2 2011.0276 944.1168 1024.2647
3 1627.2044 944.1168 1011.0285

Table 6.2 Normalised amplitude of frequency peak in the frequency band 900~2100

Hz
Number Loose wedge Middle wedge Normal wedge
1 0.01032 0.004127 0.001951
2 0.006809 0.006516 0.003804
3 0.01268 0.005601 0.003944
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As shown in Table 6.1, the peak frequencies vary. Generally, the resonance
frequencies of normal wedges cluster around 1020 Hz, those of middle wedges around
950 Hz, and loose wedges exhibit a wider range from approximately 1000 Hz to 2000
Hz. This variation occurs because "looseness" is not a single defined condition;
different degrees of loosening lead to different resonance frequencies. An initial
classification attempt was made by defining thresholds based solely on resonance
frequency: signals with peaks above 1200 Hz were classified as loose, those below 1000
Hz as middle, and those between 1000 Hz and 1200 Hz as normal. The classification
result for all 63 signals, represented numerically (Loose=2, Middle=1, Normal=0), is
summarized in Figure 6.10. As shown, this frequency-based approach resulted in

numerous misclassifications, indicating that resonance frequency alone is not a reliable

classifier.
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Figure 6.10 Classify the signals with frequencies
As summarised in Table 6.2, the loose wedges have a significantly higher

maximum vibration amplitude compared with middle and normal wedges, while the
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differences between middle and normal are not very significant.

The threshold value can be defined as 0.0042 and 0.0068. If the average amplitude
is lower than 0.0041, the wedge will be defined as normal. If the average amplitude is
between 0.0068 and 0.0041, the wedge will be defined as middle. If the average
amplitude is higher than 0.0068, the wedge will be defined as loose. Using these
thresholds, all 63 signals are separated into three categories. Using the same method
mentioned above, set the loose as 2, the middle as 1, and the normal as 0. The

classification result is summarised in Figure 6.11.
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Figure 6.11 Classify the signals with the frequency amplitude threshold
Figure 6.11 shows that all loose and normal signals were correctly classified.
However, some of the middle signals are misclassified into loose or normal signals.
One of the middle signals is misclassified as the loose signal, and four of the middle
signals are misclassified. The recognition accuracy is 92.06%. The accuracies of the
normal and loose wedges are 100%, while the accuracy of the middle wedge is only

76.19%. Compared with traditional contact inspection, this method can identify the
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loose wedge clearly, while the accuracy of the middle wedge is not high. According to
Xie's [85] research, the accuracy of all their methods is over 90%, which is relatively
higher than that of this method.

According to their study, the recognition accuracy can reach 98.33%. The accuracy
of Xie’s method is 6% higher than that of this method. However, as to the accuracy of
the middle wedge, Xie’s model also has a relatively lower accuracy. For the middle
wedge, the accuracy is 95%, which is 19% higher than that of this method. Both Xie’s
method and this method can identify the loose and normal wedge, while for the middle
wedge, both methods may misclassify the signal. It is because the conditions of the
wedge are identified by a well-experienced worker that the operation errors may occur.

However, Xie's methods require direct contact. The knocking procedure may
worsen the tightness. The operation of the contact method also requires the movement
of the whole system. After inspecting a slot wedge, all the experiment equipment should
be moved to the next slot wedge, which will require a relatively long time to deploy the
whole system. As to the non-contact inspection method, after inspecting a slot wedge,
the inspection system will not move, all the operation procedures are to change the
position of the inspection point by tuning the angle of the LDV equipment, which will
lead to a relatively short operating time. The advantages and disadvantages of the
contact method and this method are summarised in Table 6.3.

Table 6.3 Advantages and disadvantages of contact and non-contact method

Requirement Contact method Non-contact method
Direct contact Yes No
Worsening the tightness  Possible No
Move the inspection Yes No

equipment frequently

Experienced operator Yes No
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Accuracy High Acceptable

Time Relatively long Relatively short

Deep Learning (DL) is commonly used to enhance classification accuracy. As
mentioned in Chapter 5, to fully utilise the features in the signal, this study also employs
Continuous Wavelet Transform (CWT) to generate time-frequency representations
(scalograms). The frequency band is 900~2100Hz. The CWT image of a loose slot is

shown in Figure 6.12.
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Figure 6.12 Time-frequency scalogram at (a) loose wedge (b) middle wedge (c) normal
wedge

The structure of the DL network is exactly the same as that in Chapter 5. This DL
network contains an input layer, five convolution layers, one dropout layer, three fully
connected (FC) layers, one softmax layer, one classification layer, and an output layer.
The inputs to the DL network are the CWT time-frequency scalograms, and the outputs
are the three condition labels: loose, middle, and normal.

In this study, there are 14 points to be inspected, and 7 inspections are conducted
at each point. Therefore, there are only 98 signals in total. The training group contains
80 time-frequency scalograms, the validation group contains 9 time-frequency
scalograms, while the test group contains 9 time-frequency scalograms. For a DL

network, this database is relatively small. However, the differences between the
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scalograms for different conditions (e.g., Figure 6.12) are quite distinct. Consequently,
the classification results were excellent. The result of the classification network is
shown in Figure 6.13(a). The accuracy of this network is about 100%. The confusion

matrix in Figure 6.13(b) confirms that no samples in the test set were misclassified.
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Figure 6.13 (a) The accuracy and the loss of the network (b) confusion chart
This study demonstrates a powerful non-contact technique for detecting slot wedge
looseness in hydro-generator stators. In the future, collecting more signals will allow
the establishment of a larger database, enabling the use of DL for highly efficient and

robust signal processing.

6.4 Summary

This chapter presented a non-contact acoustic inspection method for detecting
looseness in stator slot wedges. A directional sound speaker was used as a remote
acoustic source to excite the slot wedge, and the resulting vibration signal was collected
remotely using a Laser Doppler Vibrometer (LDV). The acquired signal was processed

using the Multi-Window Spectral Estimation (MWSE) algorithm and filtering to reduce
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background noise. The valid part of the signal was isolated using the short-time energy
entropy ratio. By analysing this valid signal segment, the condition of the slot wedge
could be identified as loose, middle, or normal. Using an amplitude-threshold approach,
the identification accuracy for normal and loose wedges reached 100%, though the
accuracy for middle wedges was lower (76.19%). By employing a deep learning
network with CWT time-frequency scalograms as input, the classification accuracy for
all three conditions achieved 100% on the available dataset.

This method has the potential for further development to inspect a large number of
slot wedges simultaneously. The directional speaker could excite multiple wedges, and
the responses could be collected using multiple LDV units. Furthermore, the current
method can be enhanced with deep learning to increase its accuracy and robustness.
The vibration signals gathered in this study form the foundation for a database that
correlates signal features with specific loosening conditions. Training DL models on an
expanded version of this database will facilitate efficient and accurate classification of
slot wedge conditions, ultimately improving the maintenance strategies for hydro-

generators
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Chapter 7: Detection of tile debonding using

mechanical excitation

As reviewed in Chapter 2, current studies have shown that most of the contact
inspections are conducted using impact hammers. Although corresponding sensors
have been developed to record the vibration signals and reduce the influence of operator
subjectivity, these methods still require experienced workers to interpret the generated
vibration signals. Furthermore, a thorough understanding of the signal processing
involved in this NDI method is still lacking. Additionally, the accelerometers mounted
on the specimen can influence its resonance frequency. Therefore, comprehensive
experimental investigations are conducted in this chapter to explore a contact acoustic
method for building tile inspection, to quantify the debonding location within the tile-
adhesive-substrate system, and to study the effects of Digital Damage Fingerprints
(DDF) and Artificial Neural Networks (ANN) in signal processing.

Debonding areas of tiles were detected using contact acoustic inspection. This

involved first knocking the tile with an impact hammer to generate a vibration signal,

111



then using a microphone to collect the vibro-acoustic signals during the knocking
procedure. The collected vibration signals were processed using algorithms based on
the Continuous Wavelet Transform (CWT) and Digital Damage Fingerprints (DDF),
which mimic the working procedure of the human ear. Finally, the features from
debonding and normal areas were gathered and compared by an ANN, enabling the
localization of debonding areas. The relationships between normal and debonding areas

were further discussed by examining the features within different signals.

7.1 Principle of inspection based on mechanical excitation

As mentioned in Chapter 2.2, knocking inspection using a hammer is one of the oldest
and most widely used methods based on mechanical excitation. Different fixing
conditions result in different knocking sound signals. Experienced operators can
identify debonding conditions by recognizing different sounds, which essentially
involves identifying different vibration frequencies within the human hearing range of
20 Hz to 20 kHz. This method has been used, for example, to inspect tiles on the Sydney
Opera House, as shown in Figure 7.1. The operator climbed the roof of the Sydney
Opera House and knocked on the tiles to inspect their condition. Ranzi et al. [212]
developed a composite method to inspect the tiles on the Sydney Opera House. Their
method uses a dynamic force sensor on the impact hammer to measure the applied force,
an infrared thermometer to record the surface temperature of the tile, and a microphone
to capture the sound generated during the tap test. The signals are classified by
experienced operators and imported into a database, with evaluation criteria calibrated
against engineering judgment. However, this method relies heavily on experienced
operators and engineers, does not fully utilize the gathered signals, and lacks efficient
data processing. In this study, data processing techniques such as CWT and DDF are
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used to modify the raw signals, and an ANN is employed for signal classification.

Figure 7.1 Operator performing the tap testing of tiles on the Sydney Opera House
[212]

This study employs an impact hammer as an actuator and a microphone to record
the sound signal, following a contact inspection approach. A schematic of the contact
acoustic inspection method used in this chapter is presented in Figure 7.2. The tile is
attached directly to cement to simulate the tile lid on the Sydney Opera House. The tile
size is 97 x 97 mm. Parts of the cement are removed to simulate debonding areas. The
microphone is positioned 80 mm from the tile. The initial height of the impact hammer
is fixed at 10 mm to control the knocking energy. When the impact hammer strikes an
inspection point, the tile is excited, generating a sound wave that is detected and

recorded by the microphone.
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Figure 7.2 Sketch-up of the contact acoustic inspection method
After the experiment, the noise reduction procedure is conducted on the signals
collected, and then the signals are transferred to the time-frequency domain to show the
details of the time and frequency distribution. After that, the features in the time-
frequency domain are gathered by DDF, and then an ANN is designed and trained to

classify the debonding shapes.

7.2 Experiment setting

The experiment setup is shown in Figure 7.3. The specimens simulate the tile lids on
the roof of the Sydney Opera House. The tile lid is fixed on an experiment table, and
an impact hammer is used to knock the tile. A microphone collects the knocking sound.
The position and height of the impact hammer are fixed to control the knock energy

and sound path. A laptop is used to record and process the data.
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Figure 7.3 Experiment setup

As mentioned in Chapter 3.4, the tiles used in the Sydney Opera House were made
by Hogands with a thickness of 14 mm. These tiles are significantly thicker than
commonly used tiles (3 mm thicker). The thickness of the precast concrete lid is 120
mm, and the size of the tile lid specimen in Figure 7.3 is 120 x 120 x 134 mm. The
specimens of this part are exactly the same as in Chapter 3.4.

The impact hammer is fitted with a stacked multilayer high-quality piezoelectric
force transducer that can generate a stable impact [213]. It is a popular excitation source
in contact inspection for its low cost, ease of use, and simple structure [214, 215]. This
method introduces no unwanted mass loading to the structure under test, making it an
ideal excitation source.

The impact hammer used in this study is ENDEVCO MODEL 2302-10. This
impact hammer has replaceable tips to suit different specimen materials. This study

uses plastic and aluminium tips to inspect the specimen tile, as shown in Figure 7.4.
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Figure 7.4 Aluminium and plastic tips of the impact hammer

The microphone is a typical sound recording system. It can convert acoustic energy
into electrical energy [216]. When a sound wave propagates through a medium, the
pressure and the density will deviate from the static value, resulting in sound pressure
[217]. The sound pressure will generate a micro displacement on the diaphragm inside
the microphone, and then, the displacement is converted into an electrical signal with a
voltage (V) unit. The microphone used in this study is a PCB 378B02 prepolarised free-
field condenser microphone. The compatible signal input module is the NI NI-9250C
series sound and vibration input module.

In the experiment part, five inspection points are determined on the top surface of

the specimens. The locations of the inspection points are shown in Figure 7.5.

Figure 7.5 Location of inspection point
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The positions of the impact hammer and microphone are fixed, as shown in Figure
7.6. Traditional contact inspection relies on experienced workers, and the knocking
energy may vary. As mentioned in Chapter 2.2.1, the traditional method used an impact
hammer with accelerometers to analyse the specimen. In this study, the knocking sound
is used to analyse the specimen. Therefore, the knocking energy and the sound wave
path are controlled. The distance between the tips of the impact hammer and the top
surface of the specimen is 10 mm, while the distance between the microphone and the
top surface of the specimen is 80 mm. The horizontal distance between the microphone
and the inspection point is 65mm. The plastic tip and the aluminium tip are used to

generate the knock signal of the specimen, respectively.

(b)

Figure 7.6 (a) Vertical distance between impact hammer, microphone and specimen (b)

horizontal distance between impact hammer and microphone

7.3 Data processing

The signal collected by the microphone is a time-domain sound wave, where the x-axis
represents time and the y-axis represents voltage. However, other equipment in the
laboratory also generates sound waves, meaning the signal contains both valid
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information and background noise. Therefore, noise reduction is essential. Additionally,
the time-domain signal alone does not reveal the frequency distribution. Transforming
the signal into a time-frequency scalogram displays the energy distribution in both time
and frequency domains. This study uses both the time domain and the time-frequency

scalogram to analyse signal features.

7.3.1 Noise reduction

Noise reduction is a crucial step in signal processing. A commonly used noise reduction
method compares several processes' spectral densities. Researchers use spectral
densities to explore if there are any similar stochastic mechanisms in some observed
time series [218-220]. The traditional periodogram method to calculate power spectral
density attempts to model a stationary time series in the raw signal, then compares,
classifies and clusters two or several time series [221-224]. However, the stationarity
assumption is not satisfied in many situations, especially for periodically rhythmic
processes [218]. Similar to Chapter 6, the Multi-Window Spectral Estimation (MWSE)
is used to reduce the noise in this study. After the noise reduction procedure, the raw
signal and the signal after noise reduction at inspection point 5 are summarised in
Figure 7.7(a) and (b), respectively.

Furthermore, the valid fragments of knocking signals should also be captured. The
microphone collects a relatively long signal to contain the knocking signal. As a result,
the signal comprises invalid parts. This study uses the amplitude voice endpoint
detection and short-term energy methods to determine the knocking signal.

Knocking signals are generally continuous non-stationary signals with
significantly higher amplitude than other parts of the signal. In signal processing, a

signal with an over 10-30 ms stationary stage can be defined as stationary [225].
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Therefore, this study uses a Hamming window with a 20 ms width to frame and window
the signal. The amplitude method compares the amplitude in each frame. If the absolute
value of the amplitude varies by more than 0.025 in a frame, the frame is determined
as the origin of the knocking signal, and then the duration of the knocking signal is
determined. The duration of the knocking signal is defined as 0.07s, and then the valid
knocking signal is plotted with a red dashed line in Figure 7.7(b).

The voice energy will also increase with this feature. The short-term energy method
is a common means of effectively distinguishing voice signals. Hamming window
effectively reduces the percussion leakage of the sound signal spectrum [226, 227]. For
the percussion signal, the sample data can be defined as x(n), the signal after the
Hamming window can be defined as xi(m), and the signal length can be defined as N.

Then, the corresponding amplitude of short-term energy can be defined as:

N

AMP, = z x2(m) (7.1)

m=1
Then, the short-term energy can be defined as EL;:

AMPi) 7.2)

ELi = 10g10 <1 + T

Where a is a constant. When the peak AMP; changes abruptly, a larger constant a
can alleviate the EL;, and then the noise in the speech can be distinguished. The
normalised energy is summarised in Figure 7.7(c). The percussion signal has
significantly higher energy, so the duration of the knocking part is defined with a red
line in Figure 7.7(c). Then the knocking signal is identified with the two methods

mentioned above, as shown in Figure 7.7(d).
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7.3.2 Signal processing: CWT

The real signal comprises a set of different elementary waveforms. Wavelet transform
is a method that can decompose the real signal and then analyse the elementary
waveforms by examining the wavelet coefficients [228, 229]. This study uses the CWT
to gather the time and frequency features in the signal after the noise reduction
procedure.

As mentioned in Chapter 5.2, the CWT of a signal x(t)is defined as:
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X(a,b) = —— wx(t)@(%)dt (7.3)
jaf2 ==

where a is a positive real number, and b is a real number. a is the scale factor that
dilates or compresses the signal, and b is the translational factor that translates the signal.
Equation (7.3) defines a continuous function y(t) (continuous in both the time and
frequency domains) as the mother wavelet. y(t) can generate the daughter wavelets,
translated and scaled versions of the mother wavelet.

Using MATLAB, the CWT scalogram of the knocking signal at inspection point 3
is plotted in Figure 7.8. The x-axis shows the time, the y-axis shows the frequency, and

the different colours correspond to different velocity magnitudes.

100 |

Frequency (mHz)
Energy amplitude (V2)

Figure 7.8 Time-frequency scalogram at the inspection point 3
Then, the time-domain and the time-frequency scalogram of the valid knocking

signal are used to gather the DDF features.

7.3.3 DDF identification

Though the noise in the raw knocking signal has been removed, the challenge of

debonding identification is to define and extract features appropriately from valid
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signals. Therefore, a faithful description of the valid signal is essential. Su and Ye [230]
established an effective concept named DDF to quantitatively describe the features in
the valid knocking signal.

A characteristic point is defined as a local extremum—a point in the filtered time-
domain signal or the time-frequency scalogram whose absolute amplitude (or energy
magnitude) is simultaneously greater or less than its immediate neighbours [230-232].
The corresponding amplitude or energy is the characteristic amplitude. The
characteristic points and their amplitude are defined as principal components for the
signal. The principal components from the signal collected at inspection point 3 are

gathered by MATLAB, as shown in Figure 7.9.
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Figure 7.9 Principal components at the inspection point 3
As shown in Figure 7.9, the characteristic points with the concerned period as well
as the characteristic amplitudes in the time-domain signal, and the characteristic points

for each energy concentration in the energy spectrum are extracted. In the time domain,
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the number of characteristic points varies from 14 to 30, while the number of those in
the time-frequency domain varies from 3200 to 5000.

Subsequently, feature vectors are constructed to represent these principal
components: [time, amplitude] pairs for the time domain and [time, frequency,
amplitude] triplets for the time-frequency domain. These feature vector pairs are the

inputs of the ANN.

7.3.4 Identify the debonding area

As mentioned in Chapter 3.3.3, the principal components of the time domain and time-
frequency domain signals are summarised in two feature vector pairs. Since the 1980s,
the artificial neural network (ANN) has been increasingly utilised in signal processing,
classification, pattern recognition, and system identification [233-235]. This technique
developed a parallel computational model to simulate the human brain mechanism,
which endowed the ANN with advantages in parallelism, robustness and adaptability
[229]. In this study, the principal components gathered by DDF are used to train the
ANN.

The fundamental operation of a neuron in an ANN is described by Equation (7.4).
Each neuron in a layer is connected to all neurons in the previous layer [189]. A linear

transformation is applied to the input through a weight matrix, which can be written as:

m
vl= ) T4 bt (7.4)
j=1

Where V! is the output vector in the layer 1, m is the number of neurons in the layer

I-1, wf]-_l is the connection weight between layer 1-1 and layer 1, Tl-l_1 is the ith
activated neuron value in the layer I-1, and b is the bias value in the layer I-1. The sketch
of the ANN used in this study is summarised in Figure 7.10. A feedforward neural
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network with several hidden neural processing layers was developed.

Principal components
gathered by DDF: |
[time, amplitude]
[time, frequency,
amplitude]

Vector pair:

| [debonding/normal
- (0/1), debonding type,
' inspection point]

Neural

processing
Layer /-1

Figure 7.10 Architecture of the artificial neural network (ANN) used in this study

In this study, the ANN contains three hidden layers. The first hidden layer contains
128 neurons, the second contains 96 neurons, and the third contains 32 neurons.

As mentioned above, the time-frequency domain signal obviously contains more
characteristic points than the time domain signal. To avoid padding the DDF signals
with zeros, 10 sets of time data and corresponding crest amplitudes in the time-domain
signal, and 10 sets of time and frequency data, as well as corresponding energy crest
amplitudes in the time-frequency domain, are selected from the signal. As shown in
Figure 7.10, the inputs of this ANN at each inspection point are 10 [time, amplitude]
feature vector pairs and 10 [time, Frequency, amplitude]| feature vector pairs. Each
inspection point contains 12 knocking signals gathered by a microphone in the
experiment. By considering these five inspections, a total of 600 feature vector pairs
were extracted from the specimen. 480 feature vector pairs are selected as the training
group, 60 feature vector pairs are selected as the validation group, and 60 feature vector
pairs are selected as the test group. The output of the trained ANN is selected as a vector
pair [debonding/normal (0/1), debonding type, inspection point]. For example, the

output vector of a DDF signal collected at inspection point 3 in the corner debonding
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specimen is [0, corner debonding, 3].
The prediction results for one selected inspection point on a debonding specimen
(corner debonding inspection point 4) are summarised in Table 7.1.

Table 7.1 Prediction result for a single trial at inspection point 4 (corner debonding

specimen)
Item True Predict
Debonding/normal 1 1
Debonding type Corner debonding Normal
Position 4 3

As shown in Table 7.1, the model correctly predicted the presence of debonding
(Debonding/Normal), but misclassified the debonding type and the inspection point
location. The overall prediction accuracies across all trials, using impact hammers with
plastic and aluminium tips (based on 10 feature sets per domain), are summarized in
Table 7.2.

Table 7.2 Overall prediction accuracy using 10 feature sets per domain

Item Plastic tip Aluminium tip
Debonding/normal 72.22% 77.78%
Debonding type 19.44% 33.33%
Position 11.11% 25.00%

As summarised in Table 7.2, the impact hammer with an aluminium tip has a higher
prediction accuracy, but the prediction accuracy is too low to be considered as an
effective prediction method. The prediction accuracies of the debonding type and the
position are relatively lower than the debonding/normal prediction.

This low accuracy of the prediction accuracy is caused by several reasons. Firstly,

the inputs of the ANN are 10 feature sets, which contains relatively limit features. The
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inputs vectors only contain 10 maximum feacture vectors of the raw signal. As a result,
a lagrer feature vector which contains 30 sets of time data and corresponding crest
amplitudes in the time-domain signal, and 30 sets of time and frequency data, as well
as corresponding energy crest amplitudes in the time-frequency domain, are selected
from the signal. The accuracies are summarised in Table 7.3.

Table 7.3 Prediction accuracy comparison using 10 versus 30 feature sets per domain

Ttem Plastic tip Plastic tip Aluminium tip Aluminium tip
(10 sets) (30 sets) (10 sets) (30 sets)
Debonding/normal  72.22% 75.00% 77.78% 83.33%
Debonding type 19.44% 22.22% 33.33% 36.11%
Position 11.11% 66.67% 25.00% 27.78%

The prediction accuracy generally improved with the increase in the number of
feature sets used for training, as evidenced in Table 7.3. Notably, the accuracy for
locating the inspection point increased substantially for the plastic-tipped hammer when
30 feature sets were used. These results suggest that building a larger and more
comprehensive feature database could enhance the performance of the ANN model.
The accuracy for detecting the presence of debonding remains the most robust outcome.
However, the prediction accuracy is still relatively low. This is because only 4
inspection points are used to inspect the tile. If the debonding appears at point 4, the
point 1~3 remain normal. In the meantime, in corner debonding and half debonding,
the normal point also has similar data. A similar situation may confuse the ANN in
identifying the position. The present study has demonstrated that prediction accuracy
increases as more data become available, and the underlying concept of the method has
been validated accordingly. To achieve satisfactory prediction performance, it is
possible that a very large volume of data, potentially on the order of trillions of samples,

may be required. As the database continues to expand, a more refined analytical solution
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can be expected. By deploying a denser array of inspection points, a debonding map
could potentially be generated with higher confidence based primarily on the

debonding/normal predictions at each point.

7.4 Summary

This chapter presents a contact inspection method that utilizes mechanical excitation
through an impact hammer and acoustic recording via a microphone. The sound signal
generated by striking the tile was recorded and processed. Key steps in the process
included noise reduction using MWSE, valid signal segmentation, time-frequency
analysis through the Continuous Wavelet Transform (CWT), and feature extraction
using Digital Damage Fingerprints (DDF). The extracted DDF features were then fed
into an Artificial Neural Network (ANN) to classify the tile's condition (debonding or
normal), identify the type of debonding, and locate the inspection point.

Experimental results showed that the choice of impact hammer tip material
influenced prediction accuracy, with the aluminum tip generally outperforming the
plastic tip. The fundamental task of distinguishing between debonding and normal areas
achieved significantly higher accuracy compared to the more detailed tasks of
classifying the type of debonding and pinpointing the location. Increasing the number
of feature sets used for training generally led to improved model performance,
highlighting the potential benefits of using larger datasets. Future work should focus on
expanding the database to include more inspection points and characteristic features,
further enhancing the ANN's robustness and accuracy. The proposed methodology
shows promise for integration into automated systems for large-scale inspection

applications.
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Chapter 8: Conclusions and outlook

8.1 Conclusion remarks

This study conducted non-destructive inspection (NDI) on tile (both normal and thick)
and slot wedge specimens (from a hydro-generator stator) using both contact and non-
contact methods, along with corresponding data processing techniques. The efficacy of
these inspection methods was detailed through simulations and experiments. Various
noise reduction techniques were applied to the signals to suppress background noise.
Machine learning methods, including Artificial Neural Networks (ANN) and Deep
Learning (DL), were employed to summarise and predict damage, thereby enhancing
the efficiency and accuracy of the NDI results. The key findings are summarised as
follows:

In the experimental study of non-contact inspection, an acoustic method based on
Laser Doppler Vibrometer (LDV) was evaluated. A directional speaker was used to
excite the tile specimen, while an LDV captured the resulting vibration signals. A
multitone burst (MTNB) signal generated by the speaker swept a pre-designed

frequency band to induce resonance with high vibration amplitude in the tile. Building
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on experience from contact acoustic inspection, a higher density of inspection points
(36 points) was deployed to improve inspection effectiveness. A contour map of the
debonding area was plotted based on the resonance amplitudes at these points,
accurately delineating the debonding profile. Inspection results on debonding areas of
different shapes demonstrated the method's quantitative capability for tile debonding
detection. Furthermore, studies on thicker tiles confirmed that increased tile thickness
does not significantly affect inspection accuracy, indicating the potential for applying
this method to other types of specimens.

In the numerical study of the non-contact acoustic inspection method, an effective
model was established to analyse the interaction between sound waves and tile vibration.
The numerical model comprised a pre-defined sound wave, a tile, an adhesive layer,
and the sound propagation medium (air). Material properties for the tile and adhesive
were determined through experimental characterisation. Boundary conditions in the
model were set to replicate the actual experimental setup. The debonding area was
plotted using the same method as in the experimental study above. Compared to
experimental results, the numerical model provided superior resolution, detailing the
debonding profile and demonstrating its potential for analysing debonding morphology
in tile specimens.

In research aimed at improving inspection efficiency using deep learning networks,
the experimental setup mirrored the non-contact acoustic method described earlier.
After data acquisition, three deep learning networks were developed and trained to
enhance inspection accuracy. Time-domain signals collected by the LDV were
converted into Continuous Wavelet Transform (CWT) images to capture time-
frequency details. These CWT images were then used to train the networks. The

approach follows a two-stage process: the first network determines whether the input
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CWT image matches a known debonding shape in the database. If a match is found, the
classification is complete with 100% accuracy. If not, inspection points are deployed
across the specimen, and a second deep learning network identifies the condition at
each point to plot the debonding shape on a contour map. The prediction accuracy for
unknown debonding shapes ranged from 69% to 99%. The classification results of this
two-stage method aligned well with the actual conditions, confirming its effectiveness.
The database can be expanded by incorporating CWT images of new debonding shapes,
which would further reduce prediction errors.

By extending this non-contact acoustic inspection method, the loosening of slot
wedges on a hydro-generator stator can also be detected. The experimental setup was
identical to the tile inspection method. The signal, gathered by the LDV and excited by
a pre-defined frequency band generated by a directional sound speaker, was processed
using Multi-Window Spectral Estimation (MWSE) for noise reduction. An entropy
ratio was then applied to isolate the valid signal component. The signals were classified
into three conditions: loose, medium, and normal. The classification accuracy for
normal and loose conditions was 100%. With the assistance of a deep learning (DL)
network, all three conditions were classified with 100% accuracy.

In the contact inspection study, an acoustic method based on Digital Damage
Fingerprints (DDF) and ANN was developed to identify debonding areas. An impact
hammer and a microphone were used to analyse tile debonding on the Sydney Opera
House systematically. This method demonstrated significant potential for debonding
detection. The impact hammer provided consistent knocking energy, while the
microphone captured sound signals with a high signal-to-noise ratio at each inspection
point. The MWSE algorithm was applied for noise reduction, and the DDF algorithm

was used to extract features from the valid segments of the time and time-frequency
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domain signals collected at five inspection points. These features were used to train a
machine learning model, and a trained Artificial Neural Network (ANN) was
subsequently employed to predict the debonding type and position. The inspection
demonstrated considerable accuracy. Further investigation revealed that both the
hammer tip material and the database size had an impact on the prediction results. An
aluminum tip achieved higher prediction accuracy than a plastic tip, and increasing the

number of characteristic points also improved accuracy.

8.2 Future work

Based on the current work, acoustic inspection methods are highly effective for damage
detection. While significant insights have been gained and both contact and non-contact
methods have yielded satisfactory results, several areas still require further
investigation to advance the field of structural health monitoring. The data processing
algorithms for both methods are crucial to their overall performance.

For the non-contact acoustic method, additional noise reduction algorithms and
deep learning architectures could be explored to further suppress noise and extract more
discriminative features from vibration signals. The accuracy of the numerical model
should be enhanced, and simulated vibration data could be incorporated into the training
database to improve the performance of deep learning networks. Furthermore, given
the lightweight nature of the non-contact system and the fact that tiles are often installed
at high elevations, the inspection system could be mounted on an unmanned aerial
vehicle (UAV) to automate inspections and eliminate the need for workers to perform
high-altitude operations.

For slot wedge detection, more sophisticated classification algorithms should be
applied to improve the accuracy of identifying the "medium" condition. Additionally,
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a larger database of vibration signals should be compiled by collecting more data via
the impact hammer and the microphone.

For the contact acoustic method, a more extensive dataset of knocking signals
should be acquired. The feature extraction algorithms and machine learning models
could be refined to enhance inspection performance. Meanwhile, since the overall
system is compact, it could be integrated onto a small robotic platform to enable

automated detection of inspection points.
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