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Preface

In the aerospace industry, where cost is the name of the game, every moment an aircraft or a
component sits idle, waiting to be inspected for damage, is a loss. This project was an attempt
to see if reducing this loss and speeding up health monitoring is possible by fusing relatively
simple forms of data collection with the advanced pattern recognition capabilities enabled by
Neural Networks.

What initially drew me to this topic was its accessibility. Many SHM workflows rely on special-
ized equipment and/or access to parts of a structure that aren’t easily reachable. If, by reading
only the surface response of a component, we could determine whether it was damaged and
subsequently pinpoint areas with a high likelihood of damage, that would change the equation
entirely, making inspection viable even in settings where access to expensive, specialized
equipment is challenging.

| would be lying if | said this journey was all sunshine and roses. Having no prior experience
with neural networks, | struggled for a long time trying to understand how they worked, and it
took a lot of trial, error, and frustration before | saw anything resembling a decent result. But
along the way, | learned what mattered more than any single result: you keep working, even
when progress feels invisible. Rome wasn’t built in a day, and neither was this project.

| owe a great deal of thanks to my supervisor, Dr Vahid Yaghoubi, who helped me make sense
of neural networks when | barely knew where to start. He was always willing to sit down and
talk through a problem, and on the days | stopped believing in myself, he kept pushing me
forward.

I'd also like to thank Yunhyeok Han, who helped me with much of the testing and stayed cheer-
ful through it all; Sasan Salmani Pour Avval, whose input helped me streamline my approach
to designing the neural network; and Afonso Costa, who made the tedious testing sessions
genuinely fun.

To my friends, thank you for sticking with me for these past two years filled with many ups
and downs and for putting up with me talking about vibrations and Neural Networks more than
anyone should have to.

To my mother, thank you for believing in me and telling me to take it one step at a time when
| had all but given up. And to my late father, | hope this makes you proud Daddy.

hoory Chittin

Delft, October 2026






Abstract

In a world where time is money, a structural health monitoring (SHM) technique with the ability
to non destructively detect damage can be a real game changer, this work aims to take the
first step in that direction. This thesis looks at two approaches: one population based and the
other non-population based. Both using vibration data collected from the surface of a sample
to train a neural network and plot a damage visualization, respectively.

A numerical dataset was created using finite element code for a rectangular metallic coupon,
with damage being represented as localized reductions in stiffness at randomly distributed
locations. The response was captured only from the top surface of each sample to emulate
data collection using a scanning laser doppler viborometer (SLDV). The neural network was
trained on only a small subset of the sensor locations on the surface, while the non-population
approach used all the surface sensors. For the neural network, feature selection was done
using Least Angle Regression(LAR) to reduce the amount of data being processed.

The network was trained on 300 samples, with which the best performing detection model
achieved about 96% accuracy despite having a sparse sensor setup. In the non-population
approach, a uniform load surface[73] (ULS) based approach was used, which shows peaks
and valleys near damage sites[38]. To allow any user to use the workflow easily, a graphical
user interface (GUI) was created to put all aspects of data processing, neural network training
and ULS visualization in one place.

The workflow proposed in the thesis looks to use NNs with data from only a few measurement
points to detect damage in structures without needing to disassemble complex parts or even
take them out of service. This approach could be very valuable for additively manufactured
components, where conventional inspection methods like X-ray computed tomography (CT)
are both time consuming and costly in terms of equipment and labour. The ULS based ap-
proach is suggested as a complementary step, which can be performed once the structure is
deemed damaged to further ascertain the damage location using a denser measurement.

This work is limited in its scope to only the numerical part of this workflow, such that all results
presented have been obtained only using simulated data. Therefore, some future work should
investigate how well the synthetically learned knowledge transfers to the real world.

Keywords: Non-destructive, Damage Detection, Neural Networks, Frequency Response Func-
tion, Uniform Load Surface, Structural Health Monitoring, Laser Doppler Vibrometer, Mode
Shapes, Convolutional Neural Networks, Kolmogorov-Arnold Networks, Sparse Sensing
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Introduction

Structural Health Monitoring (SHM) as a field has been around for a long time[69, 18, 3, 13],
constantly upgrading and updating itself as time passes. As newer materials are developed
and innovative manufacturing techniques[52] are introduced, the challenge of assessing their
structural integrity in a non-destructive manner arises. Any damage left undetected for long
periods runs the risk of degrading performance or, in the worst cases, total failure. SHM'’s
basic goal is to detect damage in a given specimen, and over time, the ability to locate the
damage, assess damage severity and suggest best remedies have also been brought under
the SHM umbrella[60].
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Defected structure
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Figure 1.1: Complete SHM workflow

While internal damage to parts can be easily seen upon destructive testing, the unique chal-
lenge for SHM is to be able to do it in a non-destructive manner. For the purpose of non-
destructive damage detection (NDDD), a plethora of both contact and non-contact techniques
have been developed and successfully tested for various applications, ranging from large struc-



tures like buildings and bridges[1, 25] to smaller structures like individual components or parts
used in machines.

The techniques can range from seemingly simple to exceptionally complex. The field began by
using simple vibrational responses from the sample[25] and slowly moved on to combining the
response with the input vibrations to generate the Frequency Response Function (FRF)[16],
from which metrics such as mode shapes, mode shape curvatures, etc., could be extracted
through simple mathematical manipulations. Over time, more complex solutions like ultrasonic
testing were introduced[56], which were more effective at pinpointing the exact location of the
damage but had the downside of being material dependent[34]. Perhaps, at the very top sits
X-ray Computed Tomography (CT), which has the ability, in essence, to look into the material
using high powered X-rays just like the ones used for medical imaging. The downside of this
approach is that the costs of the machine and the expertise to run it are very high, along with
a lot of time being needed for high resolution imaging.
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Figure 1.2: X Ray CT visualization of defects in a part

As the world has learned more and more about Artificial Intelligence (Al), Neural Networks (NN)
and Machine Learning (ML), there has been increased interest in using their abilities in pattern
recognition to aid in damage detection and subsequent processes[36, 72]. ML has found many
applications in real-time monitoring of structures to predict damage before it occurs, as well as
in general damage detection, due to its ability to work with diverse data types, such as FRFs,
mode shapes, images, etc.

One popular aspect of SHM/NDDD that researchers have often targeted is how few sensors
can be used to get the job done[55]. This is a valid question, as more sensors often mean
more measurement time, and in some cases, it might not be practical to attach many sensors
to the part because they might interfere with the body’s dynamics or there just isn’t enough
space. This aspect can also benefit from ML, as it might be able to pick up on trends even
with a smaller amount of data.

This thesis proposes a two-pronged approach. One population based approach working on
training a neural network using FRFs from a sparse sensor network to determine whether a
given sample is damaged or not. The 2", a non-population based approach working on a
Uniform Load Surface (ULS)[73] based indicator using a dense sensor network. FRF data is
only collected from the top surface of a FEM model so as to emulate the use of a Scanning



Laser Doppler Vibrometer (SLDV), all work is based on simulations on coupon sized samples
and aims to be a stepping stone for experimental validation on real components.



Literature Review

This chapter gives an overview of the literature reviewed during the course of this project,
so as to provide a basic understanding of relevant concepts. The literature covers structural
health monitoring, damage in metallic structures, vibration based damage detection, machine
learning approaches for SHM and the use of neural networks in damage detection.

2.1. Structural Health Monitoring (SHM)

Structural Health Monitoring(SHM) is often defined as the process of implementing a damage
detection strategy for aerospace, civil and mechanical applications [26]. Detecting damage in
structures and SHM in general has been around since the 70s [3, 13, 17], and the field has
seen a resurgence since the 2000s [70, 74, 25], where early works concentrated on offshore
oil platforms, the current boom focuses on different sensing techniques, vibration analysis, as
well as advanced data analysis methods.

To segment the vast field of SHM into clear, bounded and achievable tasks, Rytter suggested
a four level system [60]. The process was divided into;

* Level 1: Detection - Determining whether the specimen is damaged.

» Level 2: Localization - Once damage is detected, determining its location in the speci-
men.

Level 3: Assessment/Quantification - Determining the severity of impact of the dam-
age on the specimen.

* Level 4: Prediction/Prognosis - Determining the remaining useful life of the specimen

The basis of SHM is the fact that damage alters the dynamic properties of the structure, which
we can ascertain from measuring its response [13]. When these damages are in early stages,
i.e. they are small in size, their effect on the structure’s response also remains small. The
problem arises when the changes caused by damage fall within the same range as those
caused by environmental changes and measurement noise [64, 47].
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Figure 2.1: SHM Flow

To detect said damages, many different techniques have been used over time, from simple acts
like listening to the sound made by the machine, to using specialized sensors like accelerom-
eters, Laser Doppler Vibrometers(LDV), Impedance Sensors, Fiber optic Sensing, etc. [30].
While the sensors enabled the collection of many different data points, damage could only be
detected by analyzing them, for which, over time, many different techniques were developed
to transform the data into damage indicators[61, 53, 41]; recently, with the advent of neural
networks(NNs), a push towards using raw data rather than engineered indicators has also
been seen [72].

Apart from all these sensors and techniques, another factor is the type of damage being stud-
ied. Different types of damage can arise from different mechanisms and affect the structure
slightly differently, like fatigue cracks from repeated loading, corrosion from environmental
factors or general wear and tear damage.

2.1.1. Damage in structures and models

Structures can degrade through many different types of damage, such as fatigue cracking,
corrosion, plastic deformation, delamination and other local material degradation [39, 8, 33].
Metallic structures are more prone to certain types of damage, like fatigue cracks due to cyclic
loading, surface/subsurface corrosion due to environmental conditions, plastic deformation
due to impacts or operating beyond design loads and even defects that might occur during the
manufacturing process [24]. These damages, while originating from different mechanisms,
alter the local mechanical properties, which in turn affect the local stiffness and load carrying
capacity as they grow; potentially leading to failure [59]. They can also end up changing the
dynamic response of the structure in a subtle/not so subtle manner.

From a SHM modelling point of view, the reason/mechanism for the damage is not as im-
portant as the effect the damage has on the structure’s properties and dynamic behaviour.
Damage can be modelled very accurately with realistic modelling approaches, but if the goal
is to study the change in global behaviour, a simplified model of the damage can suffice [11].
One such simplification is to represent the damage using a local reduction of stiffness [37, 14,
54]. While this method can’t capture things like crack tip stress concentrations, crack opening
and closing, etc., it does provide the necessary information about local stiffness while reducing
computational requirements.

Most work on detecting damage in structures, has concentrated on larger structures with dam-
age considered small relative to the structure’s size. Very little work is done on small/micro-
scale damage detection, especially using non contact methods.
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Figure 2.2: Types of damage seen in metals [68]

2.2. Non Destructive Vibrational Analysis

As stated earlier, many different techniques were developed over time to assist in damage de-
tection. Early techniques like acoustic signatures, while intuitive, were not always reliable and
also required a human to be in the loop, which led to the development of many nondestructive
testing (NDT) methods [35]. As computation capacity increased, modern techniques based on
finite element modelling (FEM) were created, which enabled much more realistic simulations
of the structure. In all these cases, the vibrational response signals of the structure were used
to derive damage indicators which were much more interpretable than the raw signal.

The basic premise behind vibration based damage detection is that the dynamic response of
the structure changes based on its geometry, mass, stiffness, damping, etc. [13]. When dam-
age alters these properties, studying the change to the dynamic response in a non destructive
manner via damage indicators can allow us to identify damaged specimens from healthy ones
without needing to break them [18].

While there are many vibration analysis methods of particular interest due to widespread use
are:

* Frequency Based Methods: Oldest and simplest methods, measuring quantities like
frequency shifts and ratios.

* Mode Shape Based Methods: Giving more spatial context to the structure instead of
just numbers.

* Frequency Response Function Based Methods: Ratio of input and output carries a
lot of information.

An advantage of vibration based methods is the fact that measurements do not necessarily
have to be taken directly at the damage location; damage in one region can affect the re-
sponse of another region [67]. Measurements can be obtained using both contact sensors,
like accelerometers, or non-contact sensors, like Laser Doppler Vibrometers(LDV), each with
its own pros and cons. The number and placement of measurement locations can also vary
from dense to sparse, depending on the available space and measurement time, all of which
can affect the accuracy.
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Figure 2.3: Types of vibration sensors: Accelerometer, Laser Doppler Vibrometer, PZT sensor (Left to right)

2.2.1. Frequency Based Methods

Natural frequency of a structure is among the simplest dynamic characteristics used for dam-
age identification [61, 40]. Since the natural frequency of a structure depends on its stiffness,
mass and other mechanical properties, any change in these can result in shifts in one or more
natural frequencies. Damage indicators can therefore be created from the frequency shift of
individual modes, combinations of modes, or ratios between natural frequencies [13].
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Figure 2.4: Natural frequency shift

In cases where the damage is very small, the resulting shift could also be small enough to not
be distinguished from measurement noise or from variations in measurement conditions [61].

2.2.2. Mode Shape Based Methods

While the natural frequency tells us about the frequency at which the structure vibrates, it does
not give any information regarding how the structure deforms. Mode shape is the frequency
dependent deformation pattern which describes how each point on the structure moves relative
to the others [23].

The spatial nature of mode shapes makes them very useful for damage detection, as compar-
ing the mode shapes of a healthy and damaged structure can provide information about the
presence of damage. Based on mode shapes, several damage indicators have been devel-
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oped, such as mode shape curvature, Modal Assurance Criterion (MAC), Co-ordinate Modal
Assurance Criterion (COMAC), and many more [28].

Mode shape curvature based on the spatial derivative of the mode shape has been shown
to be a good damage indicator, as small changes in mode shape can create large changes
in its curvature [41]. The MAC identifies damage by comparing the similarity between mode
shapes, where less than ideal similarity could indicate damage [53]. COMAC expands this
by considering the contribution of individual measurement locations to the whole mode shape
[41].

Modal Assurance Criterion
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Figure 2.5: (a) Mode shape of a beam, (b) Mode shape curvature of beam, (c) MAC matrix

The downside of these mode shape based methods is that accurate spatial information re-
quires a large number of measurement locations. Methods related to spatial derivatives/cur-
vatures can be very sensitive to measurement noise; all these issues might amplify when trying
to identify small damages with a sparse network of sensors.

2.2.2.1. Uniform Load Surface

While individual mode shapes can provide some information about the deformation of the
structure, combining many of them together can provide much more information regarding
the damage. One such approach is Uniform Load Surface (ULS), which was developed for
damage detection and localization, where the response of a structure to a uniformly distributed
load is studied[73].

The effectiveness of the ULS can further be enhanced by using its spatial derivative to high-
light local changes, which is analogous to the mode shape and mode shape curvature. One
more way the ULS and derived indicators could be improved is by using a healthy baseline
to compare against, which can help pick out the minute differences [73], especially when a
larger number of samples isn’t available to make a population based approach possible. In
this study, the ULS based method is considered as a complementary method to the population
based approach.
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Change in ULS curvature (Eq. 7)

Change in ULS curvature (Eq. 17)

" 1.
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Figure 2.6: Representation of ULS curvature [73]

2.2.3. FRF Based Methods

An alternative to using individual parameters is to work directly with frequency response func-
tions (FRFs), which are frequency dependent relations between the applied input and the
observed structural response [71]. FRFs contain information over a range of frequencies, and
can also be used to find other modal characteristics like natural frequencies and mode shapes
[23]
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Figure 2.7: Constituent parts of an FRF. Top Left: Magnitude, Top Right: Phase, Bottom Left: Real part, Bottom
Right: Imaginary part

FRFs retain a lot more of the data than any extracted modal parameter. Bundling this dense
information with measurements from multiple locations can provide lots of information about
the response of different parts of the structure across different frequencies. Changes caused
by small damage could therefore show up in the response of multiple locations as small devi-
ations, allowing for easier detection.

While the large amount of data in FRFs makes them a good choice, they also suffer from
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high dimensionality. An FRF measured over a very fine frequency resolution could contain
hundreds of thousands of data points; coupled with data from multiple locations, the data size
blows up pretty quickly and not all of these data points will necessarily carry useful informa-
tion. Feature selection and dimensionality reduction techniques can be used to address this
challenge to make the data more suitable for machine learning purposes.

FRFs allow us to step away from using predefined damage indicators, which may or may not
capture the desired information. Rather than cutting down the data, the complete frequency
response could be used for data driven damage detection. Machine Learning models are par-
ticularly well suited for this task as they can learn the complex relationships that exist between
the response and the damage state by exploiting the dense data of the FRF [27].

2.3. Machine Learning & Non Destructive Analysis

For a very long time, the non destructive damage identification problem was solved by creating
a mathematical relation between the data and the damage state, but by reframing the problem
as a pattern recognition problem [72, 27], a more data driven approach can be taken in which
various machine learning models and algorithms can be used. The ML models can much
more easily learn the relationships between structural responses and damage states, which
is paramount as the use cases become more and more complex and hard to distinguish.

Early application of ML in SHM used damage sensitive features extracted from the complete
response and used them as inputs to different classifiers [32] or regression models [66]; these
features included natural frequencies, frequency shifts, mode shapes, etc., as stated earlier.
The early ML models, like Support Vector Machines (SVM) [22], Random Forest [10], k-nearest
neighbours and linear regression, have shown very good performance at mapping response
to damage state [4].

One aspect that demands attention is the fact that vibration measurement data contains a
large amount of information with many potentially useful variables, but of these, only a few may
contain information relevant to finding the damage. In such a case, feeding extra information
to the model might negatively impact its performance; as such, it would make sense to select
on a few relevant features or reduce the dimensionality of the data.

2.3.1. Feature Selection & Dimensionality reduction

Feature selection aims to pick out from the given data a subset of features best suited for
the task at hand. While many approaches have been created over the years, Least Angle
Regression (LARS) is rather well suited for the damage detection task. LARS chooses features
most strongly correlated with the residual and gradually adjusts its coefficients till another
feature becomes equally correlated [20]. This "subsampling” can help reduce the complexity
of the subsequent learning problem.

Dimensionality reduction, on the other hand, takes a different approach by transforming the
current feature space onto a new, smaller set of variables. Principal Component Analysis
(PCA) is one such popular method. PCA finds the orthogonal directions (principal components)
which capture the largest amount of variance. The original data can then be projected onto
these components, thus leaving us with a lower dimensional representation of the original data
[49, 63].

The difference between feature selection and dimensionality reduction is of great importance.
Feature selection retains a subset of the original data, thus also retaining their physical mean-
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ing, while dimensionality reduction makes new variables which don’t hold onto the old infor-
mation. For the same data, their outputs could be very different, and this aspect can change
how well an ML model can learn.

2.3.2. Interpretability & Explainability

With the increasing complexity of machine learning models and deep learning networks, the
term "black box” is more often mentioned to signify the fact that, as humans, we cannot compre-
hend the predictions made by the machine. Models and networks which can show in human
understandable terms which parts of the data they relied on to make their decision are termed
as interpretable [19, 44].

While interpretability aims to design inherently understandable networks, explainability is ask-
ing a black box model what more information it can provide [57, 58]. One such explainable
method is SHAP, which gives information about the importance of certain parts of data to the
final outcome [46]. In the case of non destructive vibration analysis, SHAP can help anal-
yse if the damage is more easily visible in lower or higher frequency bins. With increasingly
deeper and complex networks being designed to tackle complicated tasks, interpretability and
explainability can play an important role in data processing as well as the quality of the model
outcome.

2.3.3. Deep Learning for SHM

The classical approaches to machine learning, as described above, rely heavily on feature ex-
traction for prediction; Features first need to be extracted from measured data, after which the
model can use them to distinguish between healthy and damaged structures. Deep learning
reduces this dependence on extracted features by using neural networks to learn many such
hidden features directly from the data [21, 12].

An Artificial Neural Network (ANN) is an ML model consisting of computational units(neurons)
arranged in layers. each neuron takes its input and modifies it using certain learnable pa-
rameters and linear/non-linear transformations; This allows the network to learn complex re-
lationships between input data and desired output [48, 42, 6]. During training, the difference
between the predicted and desired result is used to tune the network through various optimiza-
tion algorithms [29].

A key benefit of using NNs for non destructive damage detection is their ability to learn the
nonlinear relations in the data. This is particularly useful as damage may create small changes
across many frequencies and measurement locations rather than a large change in a single
location. Being able to piece all the information together directly from the data rather than
relying on manually defined indicators is why deep learning is seeing more and more use in
SHM and non destructive damage detection.
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Figure 2.8: Comparing classical approach vs deep learning based approach [6]

2.3.4. Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are an extension of ANNs, which can use convolu-
tional filters to learn recurring patterns from a local region of the input [5, 9]. CNNs were orig-
inally made for image recognition, where neighbouring pixels have relational information, but
have since been used for various tasks like face recognition, pose estimation ,etc [9]. Beyond
image based work, they have also found uses in damage detection by using various structural
response datas where neighbouring frequencies can also carry relational information [50, 2].
Particularly useful for SHM is the fact that response data can be arranged according to fre-
quency and measurement location to provide more structure to the data, which can be better
understood by the CNN.

Nowadays, neural networks are being used for more and more complex tasks, and there
comes a point when simply adding more layers to the network does not necessarily improve
performance and might even make the model difficult to train. As such, different specialized
architecture have been developed to help alleviate these issues.

2.3.5. Advanced Neural Network Structures

Instead of looking at neural networks as a sequence of identical layers, many new approaches
augment layers to improve how the network understands the data under not so ideal scenarios.
Two approaches are of particular interest, namely residual learning and attention mechanisms.

2.3.5.1. Residual Networks

Residual networks are modification applied to CNNs which allows the input data to take a
shortcut through a layer [31]. What this means is that apart from processing the data through
the layer, the input is also passed along to the output so that the network can learn information
using the residual between the processed and raw data [62]. This helps combat degrading
performance and vanishing gradients in deep and complicated networks.

2.3.5.2. Attention Mechanism

While the input data can contain many regions of interest, not all of them carry the same
amount of information about the damage. Attention mechanism gives the network the ability
to weight different parts of the input according to how relevant it is to the task at hand. This is
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particularly useful when damage information is concentrated in a few clusters within the data
[43, 51, 75]. This ability to essentially sort through the learned features might prove useful in
picking up the subtle changes that small/micro-scale sized damage can cause.
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Figure 2.9: Overview of machine learning paradigms and commonly used neural network architectures.

2.3.6. Kolmogorov-Arnold Networks

A pretty recent development in deep learning architectures is that of Kolmogorov-Arnold Net-
works (KAN), which work on the Kolmogorov-Arnold representation theorem, which essentially
states that any multivariate continuous function can be represented as a finite composition of
univariate functions [7].

In a standard multi-layer perceptron (MLP), the connections between the neurons are rep-
resented as learnable weights, while nonlinear functions are used as activation functions in
the neuron; in KANs, the connection between neurons is represented as learnable functions,
commonly parametrized as splines. This allows for better learning of nonlinear relations. [45,
65]
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Figure 2.10: Typical difference between neural network(a) and KAN(b) [15]



Research Questions

This chapter looks at the research gaps that exist pertaining to the detection of small/micro-
scale damage in metals, particularly focusing on the use of neural networks and vibration
analysis and formulates research questions.

While a lot of research has been done on damage detection over the years using both data
driven and vibration analysis approaches, certain specific approaches could still benefit from
further exploration

1. Limited investigation of small/micro-scale damage:

» Although vibration based damage detection has been widely studied for structures
like bridges, beams and plate, many studies only consider damage that is relatively
large and easily observable at or near the surface.

» The detection of small/micro-scale subsurface damages, where the changes in
structural response are considerably weaker remain less explored

2. Sensitivity of conventional vibration based damage indicators:

» A wide range of damage indicators based on natural frequency and mode shapes
have been developed, however, their sensitivity to small/micro-scale damage is not
well known.

3. Neural network performance under sparse sensing conditions:

» Deep neural networks are increasingly being used for SHM purposes, often using
large datasets with dense sensor layouts.

* Less attention is paid to shallow network especially when training samples are lim-
ited and sensor network is sparse.

16
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Based on these points and the literature reviewed, a main research question was formulated
with various sub question with the aim of addressing some of the identified gapes.

Main Research Question: How can vibration data be used for detecting small/micro-scale
damage in metals?

This question sparks many other more specific questions, which are discussed below.

The first point that comes up is the fact of how many samples are needed to detect the damage;
can a solution be developed where just by studying a single sample, a distinction can be made
or, does there need to be many samples, both damaged and healthy to help figure out the state.
This tells us that both a population and a non-population based approach should be looked at.

Next, focusing on the population based approach, the natural question that arises is what
neural network is best suited for the task at hand, and how their performances compare to
each other. Apart from the type of network, does the type of data being used also affect the
performance and what exactly in the sample determines how well any network performs.

For the non-population approach, is it possible to detect the damage from just one sample or
is a healthy baseline important. What factors affect the ease of detecting the damage, and
how important is each of the identified factors relative to each other.

e N
Research Questions

Main RQ: How can vibration data be used for detecting
small/micro-scale damage in metals?

RQ1 Can a population based approach be used to detect small/micro-scale
damage using vibration data?

RQ 1.1 How do different network architectures perform at the detection
© | task?

RQ 1.2 What effect does the formatting of the input data have on the per-
formance?

RQ 1.3 What factors affect the network’s performance?

RQ 2 Can a non population based approach be used to detect small/micro-
scale defects using vibration data?

RQ 2.1 Which metric is best suited for detecting the damage?

RQ 2.2 How does the size of damage affect the ease of identifying it?

RQ 2.3 What other factors affect the ease of detecting the damage?

Table 3.1: Summary of Research Questions
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Methodology

This chapter describes the methodology used to investigate the detection of micro-scale dam-
ages in coupon sized metal plates using their vibration responses. Two complimentary meth-
ods are investigated. The first, a population based approach using neural networks trained
on the FRFs from both healthy and damaged samples. The second, a non-population based
approach, in which damage is identified by comparing the vibration derived indicators of a
damaged sample to a reference healthy sample.

The methodology has four main parts. First, a finite element model of the plate is developed to
generate its vibration response. Next, damage is introduced to the plate by a localized reduc-
tion in Young’s modulus, allowing samples with different damage counts, damage sizes, and
damage severities to be generated. Next, the FRF are generated by using modal properties af-
ter excitation is applied, and these are used for both the population based and non-population
based approaches. Finally, different neural networks are trained using a sparse sensor setup
to study the effect of network architecture on damage detection.

4.1. Finite Element Model

A FE model of the two layer plate was created to generate the vibration data needed for this
study. The model was created using Python’s scikit-fem library, and the scipy library’s sparse
eigenvalue solver was used to solve the model’s modal properties. A 3D formulation was used
to capture the through thickness and out of plane vibration responses. This approach allows
the damage to be placed at different positions in the plate’s volume, including subsurface
regions.

The plate is modelled as two layers with slightly different material properties. Although additive
manufacturing is not investigated directly in this work, the layered configuration was chosen a
forward looking modelling choice, allowing the damage to be evaluated in regions with different
material properties and providing a potential base for further work.

The plate has a length of 100 mm, a width of 25 mm and a total thickness of 4 mm. Both layers
are assigned the same nominal material properties values of E = 162 GPa, v = 0.278 and p
= 8440 kg/m3. For every sample, the values of the material properties are randomly varied
+3%, to introduce variation between samples, even the healthy samples. This variation is
intended to reduce the possibility of the neural network associating a single sample’s response
as healthy rather than learning from its other characteristics.

21
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The plate is discretized using eight node trilinear hexahedral elements. The datasets for neural
network training had a mesh of 20 elements in the X-direction, 10 elements in the Y-direction
and 24 elements in the Z-direction. This mesh size is maintained for all samples used for
training the neural network, so that any changes in the response are due to material and
damage and not due to mesh variations.

A separate mesh study was done for the vibration analysis part of the study, 3 different mesh
sizes were used to see the effect of mesh size; the only change in those meshes is in the X
and Y directions. The three meshes end up being:

¢ 1. 10x5x24 elements - Mesh 1
e 2. 20x10x24 elements - Mesh 2
¢ 3. 30x15x24 elements - Mesh 3

The plate is kept in FREE-FREE condition, with no other boundary constraints. The modal
solution, therefore, has 6 rigid body modes, which are excluded before synthesizing the FRF.
While the FREF is evaluated from 10 Hz to 1 MHz, the relatively large in plane size of the mesh
elements means that higher frequency responses may not be represented very well. This can
also be seen in the frequencies that the network chooses to majorly focus on as shown in the
results, which are in the range up to 200 kHz.
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Figure 4.1: Comparison of FRFs from a single sensor of the different mesh sizes
a-Mesh 3, b - Mesh 2 and c - Mesh 1

From the above plot, we can see that mesh sizing is very important for capturing a proper
response from the structure. Of the three meshes, Mesh 1 performs very poorly by not being
able to capture all the data; Mesh 2 and Mesh 3 perform much closer to each other, with
Mesh 3 obviously performing better, particularly in the region around 30 to 40 kHz. A trade-
off decision had to be made between accuracy and computation time; as such, Mesh 2 was
chosen to keep computation time manageable for the large datasets, while keeping in mind
that using finer meshes may net better results.
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Apart from the plate described above in the methodology, another smaller plate with its length
limited to 25 mm instead of the current plate’s 100 mm was also tested to see how some of
the networks performed on it. A mesh of 10x10x24 was used for this plate to investigate if
the smaller size meant that damage could be detected more easily, since more of the plate is
technically damaged. All other parameters were kept the same, except for the length of the
plate.

4.2. Damage Modelling

In this study, damage has been represented as a localized reduction in the Young’s modulus
of an element rather than by explicitly modelling it as a change in geometry, thus avoiding the
need for remeshing of the sample every single time. This simplification of the damage makes it
less computationally intensive and allows for generating datasets much quicker; it also means
that any damage configuration can be created with ease.

Each damage is defined by its 3D location (x,y,z), a damage diameter and a damage severity.
In this study, two damage diameters are used, 0.5 mm and 0.75 mm, so as to look at the
performance of the damage indicators and the neural networks when damage size increases.
The damage severity is the term that controls how much the Young’s modulus reduces by;
here, two values, 60% and 80% reduction, have been used to again study the difference in
performance.

Once the Young’s modulus is reduced, the stiffness reduction is applied using a Gaussian
spread. The local reduction value is given as:

|x — x4
d(x) = PBexp <_M> 4.1)
Where g is the damage severity (0.6 or 0.8), x is the centroid of the element being evalu-
ated, and x,; denotes the location of the damage, while o controls the spread. Once the local
reductions are calculated, the reductions are combined multiplicatively for all the damages
influencing a single point, with no change to the density or Poisson’s ratio. The Gaussian dis-
tribution allows for a spatially distributed damage region instead of representing the damage
as a single point of change.

( Name Description Damage Size Damage Damage h
(mm) Severity (%) Count
Config_1 Size50_Sev60 0.5 60 Oto5
Config_2 Size50_Sev80 0.5 80 Oto5
Config_3 Size75_Sev60 0.75 60 Oto5

\ Config_4 Size75_Sev80 0.75 80 Oto5 )

Table 4.1: Damage configuration for neural network dataset generation

Each generated sample has either no damage present, implying a healthy sample or between
1 and 5 damages. The damage count is randomly chosen to create a number of different sce-
narios with varying damage counts and locations. The positions of the damages are randomly
distributed within the volume of the plate, while maintaining some margins from the side, top
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and bottom faces to make sure that the damage remains completely subsurface. Addition-
ally, a distance of 5 mm is also enforced between the centres of each damage to maintain
separation and to avoid multiple damage distributions from overlapping.

The same damage modelling and variation was also applied on the smaller 25 mm plate, as
well, with datasets being limited to Config_1 and Config_4 to see the performance and the
extremes.

4.3. Frequency Response Function Generation

Once the altered Young’'s modulus values due to damage are calculated, the mass and stiff-
ness matrices are assembled using the sample’s material properties. The generalized eigen-
value problem is then solved to obtain the modal characteristics.

The resulting values are then used to calculate the frequency response function using modal
superposition, which avoids needing to solve a separate dynamic solution at every excitation
frequency, making computations faster over a larger frequency range. A constant modal damp-
ing of ¢ = 0.02 is used to further simplify calculations, using which the FRFs are constructed
and stored as complex values so as to carry both the magnitude and phase information along
with the real and imaginary parts, so as to have more options to choose from when training
the neural networks.
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Figure 4.2: Magnitude and Phase plot for comparing FRFs of healthy and damaged samples
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Figure 4.3: Real and Imaginary plot for comparing FRFs of healthy and damaged samples

A frequency range from 10 Hz to 1 MHz is sampled using 6000 frequency bins to capture the
response at both low and high frequencies, as different parts may carry important information
for the neural network to learn from. A fixed excitation is applied to all samples to make sure
no other variables come into play. The excitation is applied on the bottom surface of the plate
close to the bottom right corner in an out of plane direction.

The response to the input is only captured at nodes located on the plate’s top surface. In
the current configuration (Mesh 2), the top surface contains 231 measurement nodes from
which only a select subset will be chosen as input for training the neural networks, allowing
the effect of sparse sensing to be evaluated. The complete response of the top surface is still
preserved for the non-population approach. The restriction of reading only the top surface is to
try and emulate the use of a Scanning Laser Doppler Vibrometer (SLDV), where the vibration
response is measured from one surface while excitation is applied on another.

4.4. Uniform Load Surface Analysis

The Uniform Load Surface (ULS) based approach was implemented as a complementary ap-
proach to the population based approach. Unlike the neural networks, which require a large
number of healthy and damaged samples to learn from, the ULS method compares the vibra-
tion based indicators of a damaged sample to a reference healthy sample.

The ULS method works by using modal data extracted from the generated FRFs from the entire
top surface of the plate. It combines contributions of multiple modes to create a displacement
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field for a uniformly distributed load. This differs from mode shapes and mode shape curvature,
where only one mode is considered at a time.

The modal information is picked from the generated FRFs through peak picking, and the de-
tected frequencies are then used to create the mode shapes from the stored complex FRFs
at all the surface nodes. Each mode shape is normalized to ensure that visualizations stay
consistent. For a selected mode r, the ULS displacement contribution (w) is:

I,
w, = ‘b;% (4.2)
N
r,=rY 6 4.3)
j=1

Here, ¢, is the normalized mode shape, while w, is the corresponding frequency and I, is
the modal participation factor under the applied uniform load. An additional option was also
investigated, where a weighted change was made to ¢;,, replacing it with %;,, to try and
increase the participation of the higher modes.

Yjr = djr(a -+ bw, + cw?) (4.4)

Where a,b and c are coefficients to control the relative contribution of the terms; if a is set to
1 and b and c are set to zero, the equation goes back to being the standard implementation.
For a selected mode range, the displacements are first summed to get the ULS displacement
field, and then the curvature is calculated from this, whose absolute value is used as the ULS
curvature.

To identify the damage, the ULS curvature is compared to the ULS curvature of a healthy sam-
ple. In places where the two samples differ, the plots peaks and valleys indicate the possible
presence of damage. In certain cases where this ULS curvature (damaged - healthy) indica-
tor cannot pick up the damage, another indicator is used, which takes the above mentioned
indicator and compares it to the mode shape curvature over the selected mode range.
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Figure 4.4: Comparing healthy and damaged ULS curvature to visualize damage
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To study the effect of different mesh sizes, damage sizes and severities, a separate dataset
was generated which looped through all the different mesh, damage size and damage severity
configurations but kept the damage locations constant so that a proper comparison could be
made between them.

4.5. Training the Neural Network

4.51. Input to the Neural Network

The FRFs generated in the previous steps were used as the main input for training the neural
networks. For every measurement location, the FRFs being complex valued meant that, other
than just using the real and imaginary parts of FRFs, the magnitude and phase information
could also be derived to be used as inputs if needed. In most cases, it was observed that
of the four components, the imaginary and real parts performed at par, and from these the
imaginary part was was chosen as the main input.
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Figure 4.5: Performance of the different FRF components across some of the datasets

For all neural networks, a choice was made to use 300 samples as the training set; this number
was chosen as a balance between the generally large number of samples required for training
and the limited availability of samples in real industrial scenarios.

Moreover, since the goal is to study how well a sparse sensor setup performs, only four of
the available 121 surface nodes were selected to be used as inputs. The four nodes were
randomly selected such that each one lay in one quadrant of the plate so as to preserve some
spatial information.
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Figure 4.6: Locations of sensors used for neural network training
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Despite selecting just four sensor locations, each location’s FRFs contained 6000 frequency
bins, out of which, upon inspection of the graphs, it could clearly be seen that roughly only the
first 4000 bins contained valuable data, hence a choice was made to use only those bins for
further processing. To further reduce the amount of data, feature selection was implemented
through the use of Least Angle Regression (LARs). Through LARs, the top 300 bins were
extracted from the available bins; only 300 bins were selected due to the large imbalance
between the available frequency features and the number of samples.

From these 300 selected bins, the input to the different neural networks was constructed. The
input was structured as a 3D matrix with a 2x2 face chosen so that the four sensors could
be placed according to their real location in the plate’s quadrant. This was done to try and
preserve some of the spatial information so that the neural networks could learn from it if
necessary. The 3rd dimension in this case contained the frequency bins, thus allowing the
networks to stride through the frequencies to pick up relations.

The same basic input was used for training both the CNN and KAN based networks across
all the different datasets, with the imaginary part of the FRF being used as the sole input. An
additional approach was also attempted, where instead of using the raw FRF values, they
were slightly modified into a waterfall graph by assigning colours depending on the point’s
place relative to peaks and valleys in the plot. Here, a simple CNN was given two different
shapes of input; the first, where all 4000 bins from each sensor were stitched end to end and
fed as a single 16000 long line of inputs, and the second, where the 4000 bins were stacked on
top of each other to form a pseudo image; the two approaches being 1D and 2D, respectively.

4.5.2. Training the CNN + MLP Network

The first network evaluated was a Modified Convolutional neural network (CNN) with a Multi-
layer perceptron (MLP) head, where the CNN deals with the deep learning and the MLP deals
with the final classification using the deep learning. As described in the previous section, the
input was prepared as a 3D matrix with the goal of preserving some spatial relation between
the sensors.

The goal was to see how relatively shallow networks would perform at the damage detection
task, so the network had only 3 convolutional blocks, where each block contained a convo-
lutional layer, batch normalization, a rectified linear unit (ReLU) activation and max pooling.
Each block has integrated into it a residual connection, which allows it to have a shortcut for
the data to flow through, so that the network can better learn more from the difference between
the original input and the learned information.

After each residual block, there is an attention mechanism integrated, which pools together
all the sensor information and passes it through its own small fully connected network using a
sigmoid activation to obtain information about which parts are more relevant to the task. This
allows the network to modify and adapt the importance of different learned features. Dropouts
are used in both the convolutional and fully connected layers to randomly drop certain parts of
the learned representation to avoid overfitting. The three layers have 128, 64 and 16 output
channels with 4,64 and 8 as their kernel sizes, respectively.
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Figure 4.7: Basic network architecture of CNN + MLP network with residual and attention mechanisms
BN - Batch Normalization, GAP - Global average pooling

The extracted features were passed to the classification head with two fully connected layers
outputting a single logit, as a binary classification between the healthy and damaged states.
The network was trained as stated earlier, using 300 training samples for a maximum of 2000
epochs, where if the performance of the network does not improve for 500 consecutive epochs,
the network enforces an early stop. An AdamW optimizer with an initial learning rate of 1e-3
and weight decay of 1e-4 was used along with a cosine annealing learning rate scheduler to
allow for tuning using larger steps during the initial training and smaller steps later on. A total
batch size of 8 was used to strike a balance between learning performance and computational
time.

To reduce the dependence on results from a single run, the complete training process is re-
peated five times with random seed values. For every repeat, the test and validation sets
are kept constant, with changes made only in the training set. Additionally, the training and
validation sets are given a fifty-fifty split of healthy and damaged samples, while the test set
has a roughly 25-75 split between healthy and damaged samples.

4.5.3. Training the CNN + KAN Network

With a traditional deep network having been tested, the next network evaluated is a slight mod-
ification on the previous CNN + MLP network, such that the MLP head is replaced with single
layer KAN head and the modified CNN becomes a simple CNN, thus allowing us to evaluate
how a combination of a simple deep network with a modern structure like KAN performs.

The basic change made to the previous CNN block is the removal of the residual skip learning
part, as well as shifting to a shallower two layer. Just like before, the network moves through
the frequency dimension of the data to learn the relations. The two layers consist of 64 and
32 output features with kernel sizes of 31 and 15, respectively. Like in the previous setup, an
attention layer is placed after each convolution block to help the network learn which parts of
the feature map are more important. After being processed through the convolution part of the
network, the features are pooled into the singular 64 feature KAN layer, which finally gives a
single value, a 0 or a 1 as its output; the KAN layers are implemented using the efficient_kan
library, and inside the KAN layer, a spline of order 3 is used.
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Figure 4.8: Basic network architecture of CNN + KAN network

GAP - Global average pooling

In this case as well, the input is the imaginary part of the FRF trimmed to 4000 bins, then
having feature selection performed using LARS to extract 300 features to be used as input.
Along with this, the AdamW optimizer is used with the base learning rate set to 1e-3 and the
base weight decay set to 1e-4, this is coupled with a cosine annealing scheduler to help alter
the learning rate and decay throughout the run, first in large steps, then in smaller ones. The
complete training is done for 2000 epochs, with the early stopping activated if performance
doesn’t improve for 1000 consecutive epochs.

Once again, instead of a single run, performance is averaged over multiple runs, with test and
validation sets being common across and the training set being remade every time. The fifty-
fifty split is maintained in the training and validation sample, with a roughly 25-75 split being
present in the test set.

4.5.4. Training the KAN Network

In the previous two sections, a mixture of deep learning networks and advanced networks
were seen: a modified CNN with a MLP head and a simple CNN with a KAN head. The next
logical step would be to test the performance of a network completely made using an advanced
architecture.

The KAN network used in this section builds on the KAN head used in the CNN + KAN network,
by maintaining the spline order at 3, but considerably increasing the number of layers to 8, with
the following being the number of neurons in each layer: 128, 64, 32, 8, 8, 16, 32, 64; each
KAN layer has just a simple dropout attached to it.

( I N — ) - . L ()
Input 128 ‘ 64 }-’ 32 H 8 %b 8 H 16 }"‘ 32 }-.‘ 64 }_.{ 1 .\|
\ JERN S A T T

Figure 4.9: Basic network architecture of KAN network

As before, the model is trained on the imaginary part of the FRF with 4000 bins and 300
features being selected using LARs as the feature selection algorithm. The training duration
is slightly increased here to a maximum of 3000 epochs, with an early stopping criterion of
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2000 epochs. This is paired with the AdamW optimizer, with the learning rate and weight
decay initially set to 1e-3 and 1e-4, respectively, with the cosine annealing scheduler used to
tune those parameters.

4.5.5. Training the CNN Network - Waterfall Graph

Until this point, other than feature selection being applied to the input data, no other changes
have been made to its representation. In the previous sections, many different and compli-
cated architectures have been used; in contrast, this section sticks to a basic CNN architec-
ture.

A rather simple modification is made to the input FRF data, where colours are assigned to
every value in the plot, depending on whether it is a peak, a valley or an in-between point. This
information gets stored akin to a single line of pixels. Based on this, two different approaches,
the stitched waterfall graph and the stacked waterfall graph, were tried, which differed in terms
of how the individual sensors’ waterfall graphs were handled.

Figure 4.10: Representation of magnitude plot of FRF with equivalent waterfall plot

455.1. Stitched Waterfall Graph

In this approach, the waterfall graphs from all four sensors are stitched end to end to form a
single row of input values. This input is then given to a simple 1D CNN with 3 convolution
blocks with 32, 64 and 128 being the output channels with 31, 15 and 7 being the kernel sizes.
The convolution block has ReLU, batch normalization and dropout included in it.

R B

Figure 4.11: Representation of stitched waterfall image used as input for simple 1D CNN
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Figure 4.12: Basic network architecture of 1D CNN
BN - Batch Normalization, GAP - Global average pooling

MaxPool J

4.5.5.2. Stacked Waterfall Graph

In this approach, the waterfall graphs of the four sensors are stacked on top of each other to
form a sort of image. This input is given now to a simple 2D CNN again, with the same number
and size of convolution blocks, with the only difference between them being that the kernel
now sweeps across all 4 sensors.

Figure 4.13: Representation of stacked waterfall image used as input for simple 2D CNN
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Figure 4.14: Basic network architecture of 2D CNN
BN - Batch Normalization, GAP - Global average pooling

4.5.6. Neural Networks for damage detection on smaller plate

Apart from using the above mentioned networks for detecting damage on the larger plate,
some of them were also tested on the smaller plate. This study was limited to only two damage
configurations namely Config_1 and Config_4, with only the CNN + MLP, CNN + KAN and
1D CNN with stitched waterfall graph being used. The main aim of this investigation is to see
whether the networks perform the same or better when tasked with detecting the same damage
in a smaller plate, where the damage might be more apparent. A similar sparse sensor setup
with four sensors and 300 training samples was used for this plate to maintain consistency.
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Figure 4.15: Location of sensors for the small plate used for neural network training

4.5.7. Analysis metrics

To evaluate the performance of the various neural networks, their sensitivity, specificity and
balanced accuracy will be compared. These metrics are chosen as they represent the model’s
ability to pick out damaged and healthy samples. Here, damaged samples are the positive
class, while healthy samples are the negative class.
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Sensitivity is the ability of the model to correctly detect damaged samples. It is defined as the
fraction of damaged samples which are correctly classified.

TP

Sens@t@vlty = m

(4.5)
Specificity is the ability of the model to correctly detect healthy samples. It is defined as the
fraction of healthy samples which were correctly identified.

e TN
Speci ficity = TN+ FP (4.6)
Balanced accuracy is the combined measure of the model’s performance on both healthy and
damaged sample classification. It is simply the average of the specificity and sensitivity.

Sensitivity + Speci ficity

Balanced Accuracy = 5

(4.7)

In all these metrics, True Negative (TN) means the number of samples correctly classified as
healthy, False Negative (FN) means the number of samples incorrectly classified as healthy,
True Positive (TP) means the number of samples correctly classified as damaged, and False
Positive (FP) means the number of samples incorrectly classified as damaged.



Results & Analysis

The following chapter discusses the results obtained from both the population and non-population
based methodologies described previously. The analysis focuses on the ability of the different
approaches to detect small/micro-scale damages.

For the population based approaches, the effects of using different architectures, as well as
data representations combined with different damage sizes and severities for damage de-
tection, are examined. For the non-population approach, the effects of different mesh sizes
combined with different damage sizes and severities are examined.

5.1. Neural Network Results

To examine the performance of the different architectures, some common metrics have been
established previously, namely, sensitivity, specificity and balanced accuracy. In each of the
cases, performance metrics across the different datasets are shown to figure out trends in
performance.

5.1.1. Results - CNN + MLP

From studying the metrics in the four plots below, two common trends can be seen. The first
trend is with respect to the size of the damage. This trend is more apparent, and clearly, it
can be seen that in this network, as the damage size increases, the network’s performance
increases by nearly 20 points in all the metrics compared to the case with the smallest size
and least severity.

The second trend, which can be observed, is the influence of damage severity. This trend
is much less pronounced than the first trend and more evident in the smaller sized datasets,
where there is a roughly 5 point improvement.

35
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Figure 5.1: Balanced accuracy and AUC trends for the CNN + MLP network
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Figure 5.2: Sensitivity and specificity trends for the CNN + MLP network
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue

The other aspect to keep in mind is the performance on the training set versus the validation
set to evaluate the amount of overfitting. From the plots below, we can see that at the smaller
size, there is a lot of over fitting, compared to the larger sizes, while with varying severity, the
over fitting seems to remain about the same.
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Figure 5.3: Accuracy plot for the CNN + MLP network to show overfitting trends
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Figure 5.4: Accuracy plot for the CNN + MLP network to show overfitting trends

5.1.2. Results - CNN + KAN

In this architecture as well we can see that the general trend observed in the previous network
continues but to differing extents. Where in the CNN + MLP network the smaller sized datasets,
the balanced accuracy stayed between 70 to 80%, here we can see that even for the smallest
damage size with the lowest severity, balanced accuracy stays above 80%.

There is an anomaly noted here with the Size75_Sev60 dataset where the values seem to be
breaking the trend, but this can be attributed to one of runs erroring out thus pulling the entire
mean down. More likely than not, in this run the specificity was very high with a sensitivity
close to 50%.

The drastic improvement here could possibly be attributed to the addition of the KAN as the
head instead of the older MLP head; perhaps its ability to better learn the nonlinear relations
bolstered its performance.
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Figure 5.5: Balanced accuracy and AUC trends for the CNN + KAN network
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Figure 5.6: Sensitivity and specificity trends for the CNN + KAN network
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue

In the accuracy plots for the CNN + KAN network, we can already observe that overfitting is
significantly reduced and that the cases with smaller damage size and severity are performing
much better than earlier while the other two datasets also show minor improvement. Overall,
a similar trend to the CNN + MLP network is seen.
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Figure 5.7: Accuracy plot for the CNN + KAN network to show overfitting trends
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Figure 5.8: Accuracy plot for the CNN + KAN network to show overfitting trends

5.1.3. Results - KAN

With all networks till now being relatively shallow, the KAN approach switches things up with
a deep 8 layer network. Here, only one of the two trend is visible, namely the improvement
with increase in size. The performance jumps about 20 points in balanced accuracy with near
perfect accuracy. Like in the previous CNN + KAN case, we can see that there is an anomaly
in the Size50_Sev80 dataset, where once again one of the repetitions has errored out.

In regards to overfitting, all KAN cases display the same trend of improvement across both
damage size and damage severity as in the previous networks. Overfitting is lower than in the
preceding networks but with the tradeoff of requiring to be trained for more epochs.
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Figure 5.9: Balanced accuracy and AUC trends for the KAN networks
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Figure 5.10: Sensitivity and specificity trends for the KAN network
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue

5.1.4. Results - CNN (Waterfall Graph)

The following sections shows the results of using a simple 1D and 2D CNN coupled with
different waterfall graph based inputs for the purpose of damage detection. Waterfall graphs
were used as a method to check if slight modifications to the standard FRF waveform could
help improve performance.

In general, both approaches perform at par or better than any of the previous networks and
get trained in a much shorter duration. Of the two approaches, the stacked approach per-
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forms better even on the dataset with smallest size and severity, surpassing all the previous
networks.

As in the previous networks, the major differentiating factor is the performance of the network
on the datasets with the smaller damage size, with performance on the larger damage size
datasets being nearly at par in all implementations

5.1.4.1. Stitched Waterfall Graph
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Figure 5.11: Balanced accuracy and AUC trends for the 1D CNN network with waterfall graph
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue
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Figure 5.12: Sensitivity and specificity trends for the 1D CNN network with waterfall graph
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue
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5.1.4.2. Stacked Waterfall Graph
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Figure 5.13: Balanced accuracy and AUC trends for the 2D CNN network with waterfall graph
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue
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Figure 5.14: Sensitivity and specificity trends for the 2D CNN network with waterfall graph
Config_1 - Dark Blue, Config_2 - Orange, Config_3 - Yellow, Config_4 - Light Blue

5.1.4.3. Learnings from SHAP

As discussed in the methodology, interpretability and explainability are increasingly important
to properly understand what the network learns during training and what it concentrates on.
This information can significantly help streamline not only the network but also the data. With
this in mind, SHAP was applied to the CNNs training on the waterfall graph based data, from
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which a certain region of the data was repeatedly seen as important. The FRF data is stored
as 6000 frequency bins covering the entire band from 10 Hz to 1 MHz, with each bin roughly
averaging over 160 - 170 frequencies.
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Figure 5.15: SHAP importance plot for 2D CNN network on Config_4
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Figure 5.16: SHAP importance plot for 1D CNN network on Config_4

In the two above plots, it can clearly be seen that both the networks favour a particular region
in the beginning of the input, roughly lying between the first 500 to 1000 frequency bins, with
lesser importance given to some of the later bins. A major peak is seen around 30 to 40 kHz,
with the rest extending roughly up to a frequency of 200 kHz, which could mean one of two
things: first, that there is no meaningful information beyond this range for the network to learn
from or that learnable data should exist in the region, but due to the size of the mesh chosen,
only the range up to 200 kHz could be resolved accurately and that finer meshes are needed
for more accurate solutions.
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Figure 5.17: SHAP importance plot for CNN + MLP network on Config_4 selected through LARS

The same SHAP was applied to the other networks, learning from the feature selected input,
which also shows a similar pattern to the ones using the waterfall graph. More importance is
given to a region up to 1000 bins (roughly 200 kHz), with an especially high importance to bins
around 30 to 40 kHz. The rest of the spread is pretty similar to the previous ones as well, with
multiple bins in the higher end being chosen but with lower importance.

This shows that, irrespective of the way the data is formatted or pre-processed, the network
picks the same/similar bins with nearly the same importance as well. The next step would be to
either improve the mesh resolution to capture the information more accurately or to reduce the
upper end of the band to a more manageable level, such that a lesser number of frequencies
can be averaged into each bin, making the FRF more accurate.

5.1.5. Neural Network Result from smaller plate

An additional investigation was made into how the CNN based networks would perform when
used on a smaller plate. This plate was essentially one quarter of the coupon sized plate, with
its dimensions being 25 mm x 10 mm x 4 mm. The plate had a mesh of 10x10x24.

The smaller plate was also subject to the same training parameters as the bigger plate, as
well as the number, size and severity of damage. The study was limited to two datasets, one
with smallest damage size and severity (Config_1), and the other with largest damage size
and severity (Config_4). The following are the results of said investigation.
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Figure 5.18: Performance figures of different networks on the small plate dataset with damage size 0.5mm and
severity 60 (Config_1)
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Figure 5.19: Performance figures of different networks on the small plate dataset with damage size 0.75mm and
severity 80 (Config_4)

From both plots, it can be seen that performance on the small plate is better overall compared
to the larger plate for the same network, with all three networks performing nearly the same
in the second case. This can perhaps be attributed to the fact that the ratio between damage
size and plate size has increased, which could make the damage more evident, thus in turn
improving detection.
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5.2. ULS Results

This section deals with the results of the non-population based approach. the results pre-
sented are for the various configurations of mesh size, damage size and damage severity
with common damage locations serving as the comparison points.

( Surface Damage Size Damage Severity Damage )
Mesh (mm) (%) Count
0.5 00
10x5 elements 80 0 to 5 damages
Mesh 1
( ) 0.75 00
80
0.5 00
20x10 elements 80 0 to 5 damages
Mesh 2
( ) 0.75 00
80
0.5 00
30x15 elements 80 0 to 5 damages
Mesh 3
( ) 0.75 00
L 80 y

Table 5.1: Damage configuration for non-population approach

5.2.1. Effect of Damage Size

The first effect being studied is the effect of damage size on the visualization capability of the
ULS plot, in this case only the ULS curvature difference indicator is used as itis found adequate
for the current purpose. To show the differences, two different mesh sizes are chosen with a
fixed damage severity. For this visualization, a damage case with 3 damage sites is chosen
so that effect of size can be studied at multiple locations.

From the below plots, comparing a,b and c,d we can see that keeping the mesh and damage
severity constant, the size of the damage does impact the visibility of the damage even if only
to a small margin. In both cases, the shapes of the peaks slightly change while the major
change is in the amplitude of the peak, which in both cases is about 4 time higher.

In the cases with Mesh 1, only one of the damages is visible as a large prominent peak with
the other damages not being visible. In the case of Mesh 3, Two larger peaks can be seen on
the left side of the plate with a small bump being visible near the right end.
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Figure 5.20: ULS plots of Mesh 1 (a,b) and Mesh 3 (c,d) with three damage points, showing the impact of
damage size.
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5.2.2. Effect of Damage Severity

The next effect being studied is the effect of damage severity on the ease of visualization. Two
mesh sizes are compared to see how well the effect carries over, in this case a damage case
with a single point of damage is chosen to see how big of an effect severity has.

In image a and b of 5.21, a small peak can be seen in the back corner of the plate while the
peak is not very prominent in either plot, a closer inspection shows that the peak in the case
with higher severity is comparatively larger, even if the overall plot lies in the same value range.
In 5.22, it is more clearly visible that the higher severity case has a higher peak thus making
locating the damage much easier even in a case with only a single damage point.
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Figure 5.21: ULS plots of Mesh 2 with one damage point, showing the impact of damage severity.
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Figure 5.22: ULS plots of Mesh 3 with one damage point, showing the impact of damage severity.

5.2.3. Effect of Mesh Size

The final effect being studied is the effect of mesh size on the ease of locating the damage
in the visualization. For this, the damage size and severity have been fixed at 0.75mm and
80 respectively, based on which plots for the three different mesh setups are generated. The
damage case chosen is one with five damage location clustered towards the right end of the
plate.

It can clearly be seen that as the mesh size becomes finer, the damage peaks are visible
much more easily. In Mesh 1, the cluster shows up as a single large bump with no information
regarding how many damage sites might be present, but in Mesh 2, there is more structure
to the peaks with a central larger peak and a smaller peak visible behind it. In Mesh 3, more
peaks are visible with two to the left of the central peak and one more to its right
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Figure 5.23: ULS plots of Mesh 1, Mesh 2 and Mesh 3 with three damage points, showing the impact of mesh
size.
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Conclusion

This chapter provides a summary of all the findings in this work and addresses each research
question and sub-question. The main aim of the study was to find out whether small/micro-
scale damage can be detected in metals using both population and non-population based
methods.

This work was undertaken by looking at the increasing complexity of structures and compo-
nents, especially in the aerospace industry, coupled with more advanced and faster manufac-
turing techniques, which place a greater demand on structural health monitoring. Conventional
methods might require parts to be taken out of service, leading to higher downtime and cost,
for an industry that demands ever increasing efficiency, an inspection method that can easily
be integrated into the lifecycle is a major boost.

The work in this thesis is a first step towards the goal of rapid, in situ SHM/NDDD. It investigated
how vibration signals could be used to detect small/micro-scale damage in coupon sized metal
plates using both neural networks with sparse sensing as well as vibration based damage
indicators. Multiple datasets were generated by varying damage size and severity to assess
how the networks performed across different ranges and to see if some common trends could
be seen and if any one particular architecture performs the best.

Many different network structures were tried, including simple CNNs, modified CNNs, KANs
and even amalgamations of these networks. More or less common trends were observed in
all networks pertaining to damage size and severity, and out of all the networks, the best per-
forming network was identified across all different damage sizes and severities. Additionally,
the effects of varying parameters like damage size, severity and mesh size were also stud-
ied using the ULS curvature difference indicator to investigate which combination was best at
identifying and locating damage.

6.1. Research Question outcomes

The main research question stated at the beginning was to find out how vibration data can
be used to detect small/micro-scale damage in metals. Through the various results shown
in the previous chapter, it has been seen that both the population and non-population based
methods prove successful in this task to different extents. Apart from the main question, the
sub questions have also been answered as shown below.
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6.1.1. Research Question1

This question aimed to investigate whether neural networks trained using vibration data in
different forms could successfully detect the presence of small/micro-scale damage in metals.
Multiple different architectures/combinations of architectures were used to check performance
across two data representations.

The overall result says that neural networks are very well suited for this task, even after using
a sparse sensor setup with only 4 nodes. Two different data representations were checked;
the first, the full FRF, on which feature selection is carried out using LARS and the second, a
waterfall graph representation of the full FRF. The first representation was checked on a CNN
+ MLP, CNN + KAN and a KAN network, while the other representation was checked using a
simple 1D and 2D CNN.

Of the four datasets tested on, across all networks, the lowest performance was an accuracy
of about 70% on the Config_1 using the CNN + MLP network, while the best performance on
the same data was about 85% accuracy using the 2D CNN network. Of the networks trained
on the selected features, the best overall performance was by the KAN only network, followed
closely by the CNN + KAN network and the CNN + MLP being the worst performing. Of the
other two 1D and 2D CNN networks, the 2D CNN performed better than the 1D CNN on all
datasets.

On comparing the performance of the networks trained on the two different representations,
the CNNs trained on the waterfall graph data performed much better compared to their coun-
terparts, also taking into account their simpler structure and overall lower training time needed.

From all the networks, two common trends were observed; first, as the severity of damage
increased, in the best case, a small improvement in detection accuracy of roughly 5% was
observed and second, as the size of the damage increased, in the same case, the detection
accuracy increased significantly by nearly 20% in the best case. The improvement due to
severity was overshadowed by the improvement due to size. While this was the general trend,
the variation in improvement was different across the board.

In all cases, SHAP was used to understand what frequencies the networks focused on, and
in all cases, it was seen that major concentration was on frequencies below 200 kHz with
heavy importance to frequencies around 30 to 40 kHz and some small importance to higher
frequencies.

e p
Research Question 1

Can a population based approach be used to detect
RQ1 . , o
small/micro-scale damage using vibration data?

RQ 1.1 How do different network architectures perform
' at the detection task?

What effect does the formatting of the input data
RQ 1.2
have on the performance?

RQ 1.3 What factors affect the network’s performance?
\. J

Table 6.1: Research Question 1
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6.1.2. Research Question 2

This question looks to answer whether there is another way to detect damage without neural
networks and a large sample size. The various studies into Uniform Load Surface curvature
showed that it was very well suited for the purpose of detecting such small damages, with the
trade off being that for using a single sample, a lot of data points on that sample are needed.

Through the various datasets that were used to study the ULS based approach, it was seen
that size was an important factor, often making the peaks and valleys more prominent, but
only to a small degree. Other factors were also tested, the first being damage severity, which,
just like the damage size, did improve detectability but only marginally.

The second and most important factor tested was the mesh size, where a drastic improvement
could be seen with finer meshes. While in the coarser mesh, many nearby damages could
coalesce into a single large bump, finer meshes allowed for more accurate peaks, better pin-
pointing the location of the damage as well.

( )
Research Question 2
RQ 2 Can a non population based approach be used to de-
tect small/micro-scale defects using vibration data?
RQ 2.1 Which metric is best suited for detecting the
damage?
RQ 2.2 !—Iow .do.es t.he size of damage affect the ease of
identifying it?
What other factors affect the ease of detecting
RQ 2.3
\ the damage? y

Table 6.2: Research Question 2



Future Work

The sections till this point discussed the various methodologies used, the results obtained and
how they answered the research questions. While in the course of this thesis, many different
techniques were tried, some succeeded, and many failed; there are still many aspects which
have gone unexplored.

This chapter discusses some of the limitations that persist at this point in the thesis, as well
as some recommendations about future prospects of related research. The recommenda-
tions, while numerous, are in no way an exhaustive list, as newer technologies and innovative
approaches can open an even wider sea of opportunities.

7.1. Limitations

» Simulated Data: In the course of this thesis, only simulation data is used for the studies,
which brings with it many idealizations, especially regarding measurement noise. Addi-
tionally, all work is carried out using a single mesh size which is not overly fine, this leads
to poor representation of higher frequencies in the response.

* Network Architectures: The thesis sticks to only a few architectures, namely CNNs
and KANs, but there are effectively a limitless number of architectures/ combinations of
architectures which can be used for this purpose. Investigating all possibilities one by
one is a monumental task and ideally should be approached in an alternate manner.

» Sensor Placement: The thesis has investigated only a single four sensor placement,
which may or may not be the most optimized setup.

» Structural Complexity: All work in the thesis is done on a coupon sized plate, but to be
truly useful in a industrial sense larger and more complex structures need to be tested
as well.

Based on these limitations, the following are a few recommendations regarding where and
how future work effort can be focused to help in making the imagined final use case a reality

7.2. Future Work Recommendations

The work done in this thesis required making certain decisions to allow the work to be finished
in time, which meant that many avenues could not be explored. Below are a few suggestions
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about the different directions the next steps can be taken in.

7.2.1. Experimental Validation

The work in this thesis is based only on simulated data, and as such, many of its choices
lead to rather ideal outcomes, especially in terms of the vibration data; though some effort
has been made to include variations by slightly changing the material properties, noise arising
from practical sources has not been included.

Another challenge regarding the experimental validation arises from having to replicate the
Free-Free boundary condition used for the thesis, which might prove difficult and as such, a
study could be undertaken to look into the performance under different boundary conditions.

7.2.2. Advanced Damage Modelling

Currently, the thesis simplifies damage to local stiffness reduction. While this is a very straight-
forward way to look at the problem, it does open up the possibility to look into different types
of damage modelling, which can better represent different types of damage, like cracks, de-
laminations, holes, etc.

This could perhaps be extended such that, with data about how different types of damages
change the frequency response, the network could be adapted to also undertake damage type
classification instead of just damage detection.

With more advanced modelling, the same workflow could also be extended to composites,
which are essential for the aerospace industry as well.

7.2.3. Larger Structures

The investigation in this thesis is limited to small, coupon sized plates as a sort of first step
into this workflow. The next logical step would be to expand the approach to include larger
structures like plates and beams.

When further steps are taken to expand the work, it must be kept in mind that the final goal is
to have this approach be adapted to complex structures, which can be studied without being
disassembled or even without being taken out of service

7.2.4. Sensor Configuration

This work has dealt with using a single sparse sensor setup, placing each of the four sensors
roughly in its own quadrant, but this opens up space for an investigation into sensor place-
ments.

Future work could look at optimizing the number or the positioning of the sensors, and perhaps,
instead of just studying the out of plane response, a 3D response capture could also make for
an interesting topic.

7.2.5. Damage Localization

In its current form, the neural network approach is limited only to the damage detection part
of the levels of SHM, and while the ULS based approach can help in localization, the trade-off
for sensor density has to be made.

As such, using the same/ an optimized sensor setup to train the same or separate neural
network for localization could be an interesting study. Another interesting avenue is to use the
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ULS plot as an input to a neural network to see if it can augment the simple FRF data.

7.2.6. Neural Network Architectures

In this thesis, only a few neural network architectures could be studied owing to an incredibly
large number of options to choose from. One interesting way this could be tackled is by using
something like a neural architecture search (NAS), which can significantly optimize the search
for a well performing architecture for not just the detection step, but for all subsequent steps
as well.

7.2.7. Sensing Techniques

This thesis works with the goal of emulating the use of an SLDV as a means of non contact
sensing, but there are many more techniques and sensors which could be used for this pur-
pose, like DICs, quantum sensors or even microphones. Investigating how effective each of
these sensors is at damage detection and what factors limit them would be interesting research
to take on.

7.2.8. Generalization

Currently, the neural network is trained on data from a coupon sized plate and is tested on the
same structure, but it would be interesting to look at whether a network trained on one specific
structure can generalize itself to any structure it is used on.

Perhaps it would be interesting to see if, instead of generalizing across different types of struc-
tures, the network can generalize at least across one particular type of structure, like plates or
beams, could be investigated.
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The GUI

8.1. Why a GUI?

Based on the work done throughout the thesis and as explained in the preceding chapters, it
was decided that implementing a GUI would be beneficial, as it would allow all steps of the
process to be located in one place and be easily accessible to any user who wants to give NN
training a go as well as easily visualize the ULS based plots. This chapter will provide a brief
overview of the interface, explain some of its capabilities, and show how users can further
customise it to suit their needs. The GUI was coded using the PySide6 library, chosen due to
its expanded widget selection and layout management compared to the widely used Tkinter
library.

Images of all the GUI components have been shown in Appendix A.

8.2. The Main Window

The Main Window is where all the other apps "reside”, waiting to be opened. It is a simple
window which dynamically resizes itself according to the number of apps in it. Users can
freely change the layout and order of the apps, as well as add more apps, as more features
are added.

8.3. ULS Viewer

The ULS Viewer app allows users to visualize the datasets by plotting and animating their
mode shapes, as well as allowing more such shape based metrics to be visualized. The app
has many features, like allowing users to focus on a particular part of the sample instead of
the whole thing at a time. It allows users to choose from two formulations for the calculation
of the ULS based plots, one the traditional route and the other a weighted approach to give
more weight to higher modes.

Based on the formulation, the app calculates Mode Shape, Mode Shape Curvature, ULS Cur-
vature (vs Healthy), and ULS Curvature (vs Healthy) - Mode Shape Curvature, with the option
to control the weights and the participating modes. The app also has a symmetry highlight
feature to help locate regions where the plot breaks symmetry; additionally users can also
export a 3D object of the current plot.
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8.4. Node Picker

The Node Picker app is the first part of the damage detection workflow. Here, the user can
select which nodes to train the NN on from all scanned nodes in the dataset file. Once the
dataset is loaded, the user can set how many nodes they want to pick as an nxn grid. Currently,
it is limited to selecting only nxn types, but this behaviour can be modified.

Once the selection is made, the user can verify the node coordinates by clicking the Confirm
Selection button, or select all nodes in the file by clicking the Select All Nodes button. Once
done, the user must export the selected nodes in the form of a JSON file, which the NN Trainer
app will read; an additional file is also stored, which contains the location information of not
only the node file but also the dataset, so that the user doesn’t have to hassle around trying
to find the files repeatedly.

8.4.1. FRF Viewer

On clicking the See FRFs button, the user can view the FRF plots for the entire dataset, filtered
by sample and selected node. This screen shows four plots, namely the FRFs magnitude,
phase, and real & imaginary components with the ability to shift between linear and log plots
as well as view only the first n mode to better see the peaks. Alongside this, a toggle exists to
create an average healthy FRF from all available healthy samples and overlay it over all the
damaged FRFs to easily check for common patterns.

8.4.2. Waterfall Graph Viewer

Apart from the standard FRF view, users can switch to a waterfall graph view which colours
peaks and valleys and in essence equate to look at the FRF plot from a top view. The basic
plot shows all selected nodes side by side with damaged specimens as well as damaged
quadrants being highlighted. Users have many options to tune the plot like which nodes are
shown, how many samples are shown at once, how many frequency bins are shown for each
graph as well as switching between magnitude, phase, real part and imaginary part.

8.5. Neural Network Trainer

The NN Trainer is the next part of the workflow, which will allow the user to tune and train
various NN architectures and visualize their performance. The first section of the app allows
the user to select the dataset, node file and output directory of their choice or directly load one
of the configuration files saved by the Node Picker.

The 2" section of the app is the training parameter tuning section, where the user can se-
lect input features, training epochs, early stop criteria, batch size, etc. The available training
parameters can also be tweaked in code to allow for more granular control.

The 3™ section is the Architecture/ Hyperparameter tuning section. Here, once the user has
defined an NN architecture in the prescribed format, they can tune individual hyperparameters
without editing the code manually. Once all tuning is complete, the training can be started and
tracked using the performance curves, which update as the model trains. At the end of the
training, the summary table gets populated with performance metrics of all the folds as well as
the overall average and standard deviation. Finally, once the training is completed, the user
may choose to save all the plots to a desired location or directly launch the Results Plotter app
from within the CNN Trainer or go back to the Main Window and launch it from there.
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Appendix




GUI Images

Structural Health Monitoring Suite

Click a tile to launch that module.

(o

ULS Viewer

Visualize mode shapes and strain
energy distributions.

Results Plotter

Visualize and analyze the results from
the neural network training.

®

Node Picker

Select sensor nodes on the grid and
inspect their FRFs.

€

More modules coming
soon
Additional analysis tools will appear

here.

Coming soon

[#

Neural Network Trainer -
Detection

Configure, train, and monitor the
damage-classification neural network.

€

More modules coming
soon
Additional analysis tools will appear

here.

Coming soon

Figure A.1: Main window of the GUI
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[ FRF Viewer
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[ FRF Viewer
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B CNN Trainer
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7 Results Plotter = a X
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