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ABSTRACT

The detection of damage or abnormal behavior in machines
is critical in industry, as it allows faulty components to be de-
tected and repaired as early as possible, reducing downtime and
minimizing operating and personnel costs. However, manual
detection of machine fault sounds is economically inefficient
and labor-intensive. While prior research has identified various
methods to detect failures in drill machines using vibration or
sound signals, there remain significant challenges. Most previ-
ous research in this field has used manual feature extraction and
selection, which can be tedious and biased. Recent studies have
used LSTM, end-to-end 1D CNN, and 2D CNN as classifiers,
but these have limited accuracy for machine failure detection.
Additionally, machine failure is rare in the data, and sounds
in the real-world dataset have complex waveforms that are a
combination of noise and sound.

To address these challenges, this thesis proposes modern
artificial intelligence methods for the detection of drill failures
using image representations of sound signals (Mel spectro-
grams and log-Mel spectrograms) and 2-D convolutional neural
networks (2D-CNN) for feature extraction. The proposed mod-
els use conventional machine learning classifiers (KNN, SVM,
and linear discriminant) or a recurrent neural network (long
short-term memory) to classify three classes in the dataset
(anomalous sounds, normal sounds, and irrelevant sounds).
For using conventional machine learning methods as classifiers,
pre-trained VGG19 is used to extract features, and neighborhood
component analysis (NCA) is used for feature selection. For
using LSTM, a small 2D-CNN is proposed to extract features,
and an attention layer after LSTM focuses on the anomaly of
the sound when the drill changes from normal to the broken
state. The findings allow for better anomaly detection in drill
machines and the development of a more cost-effective system
that can be applied to a small dataset.

Additionally, I also present a case study that advocates
for the use of deep learning-based machine failure detection
systems. We focus on a small drill sound dataset from Val-
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Abstract

met AB, a company that supplies equipment and processes
for biofuel production. The dataset consists of 134 sounds that
have been categorized as "Anomaly" and "Normal" recorded
from a drilling machine. However, using deep learning mod-
els for detecting failure drills on such a small sound dataset
is typically unsuccessful. To address this problem, we pro-
pose using a variational autoencoder (VAE) to augment the
small dataset. We generated new sounds by synthesizing them
from the original sounds in the dataset using the VAE. The
augmented dataset was then pre-processed using a high-pass
filter with a passband frequency of 1000 Hz and a low-pass
filter with a passband frequency of 22,000 Hz, before being
transformed into Mel spectrograms. We trained a pre-trained
2D-CNN Alexnet using these Mel spectrograms. We found that
using the augmented dataset enhanced the classification results
of the CNN model by 6.62% compared to using the original
dataset (94.12% when trained on the augmented dataset versus
87.5% when trained on the original dataset). Our study demon-
strates the effectiveness of using a VAE to augment a small
sound dataset for training deep learning models for machine
failure detection. The code for reproducing and deploying our
proposed method is available in an open-source repository at
https:/ / github.com/thanhtran1965/Paper5.

Background noise and acoustic noise in sounds can affect
the accuracy of the classification system. To improve the sound
classification application’s accuracy, a sound separation method
using short-time Fourier transform (STFT) frames with over-
lapped content is proposed. Unlike traditional STFT conversion,
in which every sound is converted into one image, the signal is
split into many STFT frames, improving the accuracy of model
prediction by increasing the variability of the data. Images of
these frames are separated into clean and noisy ones and sub-
sequently fed into a pre-trained CNN for classification, making
the classifier robust to noise. The efficiency of the proposed
method is demonstrated using the FSDNoisy18k dataset, where
94.14 percent of 21 classes were classified successfully, including
20 classes of sound events and a noisy class.
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SAMMANFATTNING

Iindustrin dr det avgorande att kunna upptécka skador pa
maskiner eller onormalt beteende i dem. Maskins drift-stopp
kan minimeras genom att upptédcka och reparera felaktiga kom-
ponenter i maskinen sd tidigt som mojligt. Det dr emellertid
ekonomiskt ineffektivt och arbetskrdavande att uppticka ljud
av felande maskiner manuellt. Jamfort med manuell maskin-
felavkdnning kan automatiska feldetekteringssystem minska
drifts- och personalkostnader. Aven om tidigare forskning har
identifierat manga metoder for att upptacka fel i borrmaski-
ner med vibrationer och ljudsignaler, sa kvarstar fortfarande
manga utmaningar pa detta omrade. De flesta tidigare under-
sokningar som anviander maskininldrningstekniker har baserats
pa funktioner som extraheras manuellt frén rda ljudsignaler och
klassificeras med konventionella klassificerare (SVM, Gaussian
mixture model, etc.). Processen med manuell utvinning och val
av funktioner kan vara besvarlig for forskare och deras val kan
vara partiska eftersom det &r svart att identifiera vilka funktio-
ner som &r bra och innehaller en vdsentlig beskrivning av ljud
for klassificering. Nyligen genomforda studier har anvént sig
av LSTM, end-to-end 1D CNN och 2D CNN som klassificerare
for klassificering. Tyvérr har dessa begransad noggrannhet for
detektering av maskinfel och maskinfel intraffar mycket sillan
i data. Dessutom har ljuden i den verkliga datauppsattningen
komplexa vagformer vilka vanligtvis 4r en kombination av brus
och ljud som presenteras samtidigt.

Med tanke pd att effektiv detektering av borrfel dr avgoran-
de for att branschen ska kunna upptécka fel i maskiner, kinde
jag mig tvungen att foresla ett system som effektivt kan upp-
tacka avvikelser i borrmaskinen, girna fran sma dataméngder.
Denna avhandling foreslog moderna artificiella intelligensme-
toder for att upptéacka borrfel med hjdlp av borrljud inspelade
frdn maskiner hos Valmet AB i Sundsvall, i stidllet for att an-
vdnda raa ljudsignaler anvidnde jag bildrepresentationerna for
ljudsignaler (Mel-spektrogram och log-Mel-spektrogram) som
ingang till vara foreslagna modeller. For extrahering av funk-
tioner fran bildrepresentationer av ljudsignaler féreslog jag att

page | v



Sammanfattning

anvanda djupinldrande 2-D faltande neurala niatverk (2D-CNN).
For att klassificera tre klasser i datamdngden frdn Valmet ABs
maskiner (avvikande ljud, normala ljud och irrelevanta ljud)
foreslog jag antingen att anvdanda konventionella maskininlér-
ningsklassificerare (KNN, SVM och linjdr diskriminant) eller
ett dterkommande neuralt nédtverk (langt korttidsminne). For
att anvdanda konventionella maskininldrningsmetoder som klas-
sificerare anvinde jag forutbildade VGG19 for att extrahera
funktioner och stadsdelkomponentanalys (NCA) som funk-
tionsval. For att anvanda langtidsminne (LSTM) foreslog jag
ett litet 2D-CNN for att extrahera funktioner och anviande ett
uppmarksamhetslager efter LSTM for att fokusera pa ljudets
anomali ndr borrningen &ndras fran normalt till nedbrutet till-
stand. Saledes kommer mina resultat att gora det mojligt for
lasare att upptdcka avvikelser i borrmaskiner béattre och att
utveckla ett mer kostnadseffektivt system som kan utféras bra
pa en liten dataméngd.

Det finns alltid bakgrundsljud och akustiskt brus i ljud,
vilket paverkar klassificeringssystemets noggrannhet. Min hy-
potes var att brusddimpande metoder skulle forbattra ljudklas-
sificeringsapplikationens noggrannhet. Resultatet av min forsk-
ning &r en ljudseparationsmetod som anvidnder korta Fourier-
transformationsramar (STFT) med overlappat innehall. Till
skillnad fran traditionell STFT -konvertering, ddr varje ljud om-
vandlas till en bild, tar vi ett annat tillvigagangssatt. Daremot
kan uppdelning av signalen i manga STFT -ramar forbattra
noggrannheten i modellprognoser genom att 6ka datans vari-
abilitet. Bilder av dessa ramar separerade i rena och bullriga
bilder sparas som bilder och matas sedan in i ett fortranat CNN
for klassificering. Detta gor att klassificeraren kan bli robust mot
buller. Vi valde datasetet FSDNoisy18k for att demonstrera ef-
fektiviteten hos den foreslagna metoden. I experiment med det
foreslagna tillvagagangsséttet klassificerades 94,14 procent av
21 klasser framgangsrikt, inklusive 20 klasser av ljudhdndelser
och en bullrig klass.
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— Chapter 1 —

INTRODUCTION

1.1 Background and literature review

In manufacturing settings, drill machines are commonly used to create
small holes in materials, and identifying faulty drill bits is crucial
to avoid damage to the product and minimize maintenance costs.
Experienced technicians typically rely on auditory cues to identify
problematic drill bits, which can be time-consuming and not always
reliable. To address this challenge, recent advances in automation
technology have enabled the development of automated support
systems capable of classifying drilling sounds and alerting users
when a drill bit is broken.

However, developing an audible sound detection system that can
accurately classify drilling sounds presents unique challenges. The
sound produced during drilling is complex and contains multiple
components that can vary depending on the drilling parameters,
material properties, and the condition of the drill bit. Moreover,
the sound can be contaminated by the environmental noise in the
manufacturing setting, making it difficult to isolate the relevant
features for classification.

To test developed methods, we propose the Valmet case as a use
case, where technicians currently inspect and replace broken drill bits
every 10 minutes to avoid damage to the materials. Implementing an
automated fault detection system for drilling machines would signif-
icantly reduce downtime and maintenance costs in manufacturing
settings. Therefore, developing robust sound detection algorithms
that can accurately classify drilling sounds is critical for the successful
implementation of automated support systems in the manufacturing
industry.

In recent years, there have been various efforts to classify sound
signals produced by machines. One such approach is proposed
by Delgado et al. [Del+17], where they utilize complete ensemble
empirical mode decomposition (CEEMD) to eliminate noise signals
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Chapter 1. Introduction

and isolate crucial information. The authors employ the frequency
marginal of the Gabor representation to compute intrinsic mode
functions (IMF) in the frequency domain. However, it is essential to
know the motor speed or slip to identify the fault frequency accurately.
Without this information, it may be difficult to apply this method
widely in the industry.

In some approaches, statistical features are extracted from vi-
bration or sound signals and classified using conventional machine
learning techniques [KSH11], [Kum+14], [Lee+16], [KB16], [Zha19].

In the past decade, deep learning has been used successfully in
detecting mechanical faults by analyzing vibration and acoustic sig-
nals [Pol20], [GDC20], [Ver+17], [Zha+20a], [Che+17], [IK18], [Xue+20].
Turker et al. [Inc+16] proposed this method as an approach to classi-
fying motors healthily or faulty based on time-domain signals. They
presented a balanced dataset, including 260 healthy and 260 defective
cases for training a 1D CNN model. In Luo et al. [Luo+19], 9000
vibration signals from CNC machine tools were used to detect fault
stages using a deep auto-encoder (DAE). Similarly, Jianyu Long et
al. [Lon+20] combined a sparse autoencoder (SAE) and an echo state
network (ESN) to diagnose the transmission faults of delta 3-D print-
ers from attitude data. Satyam Paul and Magnus Lofstrand [PL19]
proposed a fuzzy-based observer fault detection scheme, based on
interval type-2 (IT2) Takagi-Sugeno (I-S), for detecting drill bit faults
and raising an alarm after 45 seconds.

In addition, recent studies have shown that deep learning architec-
tures can be trained successfully on image representations of sound
signals, such as Mel-frequency cepstral coefficients (MFCCs) [2Z517],-
[DS18], spectrogram [Bod+17], Mel spectrogram [MST21]. In [Kha+19;
Wan+16; LLM16; Jan+16], researchers have used image representa-
tions of sound signals to train convolutional neural networks (CNNs)
on machine fault sound diagnosis. Combined with leaky ReLU acti-
vation functions, dilated CNNs with dilated filters have been used
by researchers [2Z517], [Che+19]. Using dilated CNNs with mod-
ulated dilation rates, [Che+19] looked at the effect of modulating
dilation rates on sound classification. Researchers have found that
recurrent neural networks (RNNs) and the attention mechanism are
very effective in processing variable-length sound sequences. Zhang
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et al. [Zha+20b] combined a CNN architecture and a bidirectional
gated recurrent unit (Bi-GRU) with a frame-level attention mecha-
nism for sound classification. Wang et al. [Wan+19] proposed a CNN
architecture that paid attention to sound events during certain frames
based on a temporal-spectral attention mechanism.

Sound applications use standard augmentation methods for ex-
tending small datasets. There are classic and advanced techniques in
sound augmentation. The conventional approach of sound augmenta-
tion methods includes time stretching, pitch shifting, volume control,
adding noise, and time-shifting [Mat23]. Research in [TPL21] showed
that some augmentation methods are not appropriate to apply in
our short sounds (20.83 ms or 41.67 ms). Compared to conventional
approaches, a more advanced approach for data augmentation is
using the Synthetic Minority Over-sampling Technique (SMOTE)
[Cha+02] or Modified Synthetic Minority Oversampling Technique
(MSMOTE)[Hu+09]. Overall, data augmentation helps to increase
the number of sounds in the dataset. This improves the prediction
accuracy of deep learning models and reduces data overfitting. Addi-
tionally, it increases the generalization of deep learning models by
creating variable data.

Recently, deep learning augmentation methods such as genera-
tive adversarial network (GAN) [Che+18; MCS19; YZ21; Wan+21;
Wan+18; BB19; Nag+19; Zha+21; RTA19] have been widely used as
data augmentation methods in computer vision. However, GANs
require large amounts of training data to generate effective aug-
mented data. VAE was proposed in 2014 by Kingma and Welling
[KW14]. VAE has been used in domain adaption in face recognition
frameworks [Bar+21], network representation learning [Jia+21], detect
anomaly in log file systems [Wad+19], statistically extract latent space
hidden in sampled data to control the robot [Kob20], to generate more
data for software fault prediction [Sun+18], traffic anomaly detection
in videos [San+21], for time series anomaly detection [Lin+20]. VAE
and different improved versions of VAE have been used to gener-
ate synthetic data in remote sensing images [Z1.21], for phrase-level
melody representation learning to generate music [Jia+20], to generate
sensor data for chiller fault diagnosis [ Yan+20], to generate conditional
handwritten characters [GI21; Zhu+19]. The purpose of this study
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Chapter 1. Introduction

is to generate new drilling sounds using VAE. To the best of our
knowledge, this is the first time VAE was investigated from a drilling
sound augmentation standpoint for the machine failure detection
system.

The classification of sound signals generated by machines has
been investigated in recent years. In conventional machine learning
techniques, statistical features from acoustic signals are extracted and
classified [Lee+16], [KB16], [Zhal9]. In machine failure analysis, ma-
chine learning algorithms are commonly used because of their robust-
ness and adaptability on small datasets [TL20b]. These conventional
machines learning methods include SVM [FM06; LW]11; Den+19],
k-Nearest Neighbors [Tia+16; Wan16; Glo19], decision tree [SR09],
ANN and radial basis function (RBF) [WC04; Zha+11; Cas+15].

The use of deep learning to detect mechanical faults by analyzing
acoustic signals has been successfully applied [Pol20; Zha+20a; IK18;
Ver+17; Che+17; Lon+20; PL19; Luo+19; Inc+16]. According to recent
studies, deep learning architectures can be trained to identify sound
signals by using image representation, such as MFCCs [ZZS17; DS18],
spectrogram [Bod+17], Mel spectrogram [MST21; TL20b], log-Mel
spectrogram [TPL21].

1.2 Problem formulation and motivation

This study detects machine faults using sound signals. Although
vibration sensors are commonly used to detect machine faults, their
usage in detecting fractures in individual drill bits is complicated and
expensive. The drilling machines contain numerous drill bits, ranging
from 90 to 120 as depicted in Figure 1.1, requiring the installation
of an equivalent number of sensors, making it a cumbersome task
to mount and classify the vibrations of these sensors simultaneously.
Furthermore, the drilling process involves the use of water to elimi-
nate dust and debris from the metal surface, as illustrated in Figure
1.1, making it challenging to use vibration sensors in a very wet envi-
ronment. Therefore, this study opted to use sound signals to detect
broken drills in the drilling machine, as it offers a more practical and
cost-effective solution. Additionally, the smooth and accurate drilling
of holes is crucial in preventing the metal from sticking to the drill bit,
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which is an added consideration that necessitates the use of sound
signals instead of vibration sensors.

Most studies on drilling fault detection have utilized large, bal-
anced datasets. However, in real-world datasets, anomalies recorded
during machine damage may only represent a small portion of the
data. As a result, CNNs may exhibit bias towards majority classes,
making it difficult to predict minority classes with fewer data points.

The identification of faulty drill bits is essential in manufacturing
settings to avoid damage to the product and minimize maintenance
costs. Auditory cues are often relied upon by experienced technicians
to detect problematic drill bits. However, developing an audible sound
detection system that can accurately classify drilling sounds poses
unique challenges. In particular, it can be difficult to extract and select
features suitable for industrial use, especially given the complexity
and brevity of drill sound waveforms. The short sample duration of
sounds in the Valmet AB dataset (20.83ms and 41.67 ms) may not
provide sufficient features for classification.

To address these challenges, we propose the use of CNNs to extract
features from drill sound signals. This approach could improve the
accuracy of classification and overcome the limitations of traditional
handcrafted feature extraction and selection methods. The Valmet case
serves as a valuable use case to test the effectiveness of the proposed
approach. Currently, technicians inspect and replace broken drill
bits every 10 minutes to avoid damage to materials, highlighting
the need for a more efficient and automated fault detection system.

((a)) An idle drilling machine. ((b)) An active drilling machine.

Figure 1.1: A drill machine in Valmet AB [TL20b].
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Chapter 1. Introduction

By developing a robust sound detection algorithm, we can improve
the accuracy of drill bit fault detection and minimize downtime and
maintenance costs in the manufacturing industry.

In our approach to building a drill failure detection system for
Valmet AB, we recognize that noise in sounds can affect classification
accuracy. To address this, we propose a noise suppression method
to improve classification results. Rather than treating each sound
as a single STFT frame of fixed duration, we separate the sound
into STFT frames and label each frame as either clean data frames
(corresponding to each original class) or noise frames (belonging to
an additional noise class). We then train a classifier to classify these
frames. When new sounds are input into the system, they are divided
into multiple frames and classified by the trained classifier. Any
frames that do not belong to any category are discarded into the noise
class. This approach improves the robustness of data-driven CNN
architectures to noise, resulting in increased classification accuracy
across all 20 classes.

This thesis focuses on solving the following research questions:

* Q1: How can a machine failure detection system be developed
using sound signals from drilling machines, especially when
dealing with small and imbalanced drill sound datasets?

* Q2: Which noise elimination techniques are most effective
in enhancing the classification accuracy of a machine failure
detection system based on drilling machine sound signals?

¢ Q3: What data augmentation methods are suitable and effective
for extending and improving the performance of small drill
sound datasets?

These research questions were addressed by applying machine
learning techniques to the analysis of sound signals emitted by the
drilling machines. The aim was to develop a robust and accurate sys-
tem for detecting machine failures in real time based on sound signals.
The research methodology involved data augmentation methods for
a small dataset, the implementation of a noise elimination method,
and the training and evaluation of a data-driven CNN model. The
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1.2. Problem formulation and motivation

results of this project can help improve the reliability and efficiency
of drilling machines in industrial settings.

The present thesis makes significant contributions to the field of
sound classification and analysis by developing more effective ap-
proaches to audible sound detection systems. To achieve this, various
datasets were used, including Valmet’s dataset, M. Seibold’s dataset,
Urban-Sound8K, and a dataset that was created from FSDNoisy18,
the Machinery Fault Database (MAFAULDA) for this research. These
datasets were used to address challenges such as identifying features
in complex and noisy sound signals and developing techniques to
improve the accuracy and efficiency of classification models. Specif-
ically, the work aims to overcome limitations such as short sample
duration in Valmet’s dataset (20.83ms and 41.67 ms) that may not
provide sufficient features for classification. Through this research,
we can improve the accuracy and reliability of audible sound detec-
tion systems, which is essential for fault detection and prevention in
various industries.

The thesis proposes the use of image representations of sounds,
such as Mel spectrograms and log-Mel spectrograms, as inputs to 2D
CNN for feature extraction. This approach can automatically extract
features from sound signals and be used to train machine learning
and deep learning models for classification tasks. The effectiveness of
this approach has been demonstrated in two journal papers (Paper I
and Paper II, included in the thesis appendix).

Additionally, the thesis investigates a sound separation technique
that divides the input sound into multiple overlapped-content STFT
frames, enabling the elimination of sound noise frames in sound
classification. This contribution has been presented in a conference
paper (Paper 1III, included in the thesis appendix).

Furthermore, the thesis explores the use of a VAE to synthesize
new artificial drilling sounds. The synthesized sounds are used to
augment the original dataset to train a discrimination model. This
approach has the potential to enhance the accuracy of audible sound
detection systems and can be applied in a variety of contexts. The
contribution is presented in a conference paper (Paper IV, included in
the thesis appendix).

Overall, the contributions of this thesis provide novel and effective
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Chapter 1. Introduction

approaches to sound classification, noise reduction, and sound synthe-
sis. These contributions have the potential to improve audible sound
detection systems in a wide range of applications, from machine fault
detection to voice recognition and environmental monitoring.

1.3 Proposed solutions

In addressing the first research question of developing a machine
failure detection system, two approaches were proposed. The first
approach utilized image representations of short drill sounds, namely
Mel spectrogram and scalogram with the cone of influence, and
extracted features using the pretrained VGG19. The number of features
was further reduced using neighborhood component analysis before
inputting them into machine learning classifiers such as SVM, KNN,
and linear discriminant. The second approach involved augmenting
the small dataset using time-shifting and volume booster methods.
The log-Mel spectrograms of the sounds in the augmented dataset
were fed into a proposed CNN with leaky RelLU as the activation
function to extract features. An LSTM was used to classify three
categories, namely anomalous sounds, normal sounds, and irrelevant
sounds, and a layer of attention was added to focus on important
parts of drill sounds.

For the second research question on eliminating noise in sounds,
the proposed method separated sounds into STFT frames and labeled
each frame as either clean data or noise. Overlapping STFT frames were
used to capture more information about the clean sound, resulting in
smoother and consistent results over time. This method is particularly
suitable for removing noise in small datasets and could also be used
to increase the number of samples in the dataset.

For the third research question regarding the synthesis of new
drilling sounds, we proposed a method of using VAE to generate
new drilling sounds from the existing dataset to supplement the
small sound dataset. Specifically, we utilized a Valmet AB dataset
that contained 134 drill sounds classified into two categories: normal
and anomalous. To augment this dataset, we employed a VAE to
synthesize 96 new drilling sounds, including 48 normal sounds and
48 anomaly sounds, based on the original drilling sounds.
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1.4 Thesis outline

1.4. Thesis outline

The remaining chapters of the thesis are organized as follows. Chapter
IT introduces and explains the proposed methodologies used in this
study. In Chapter III, the results obtained from the experiments
are presented and discussed in detail. Chapter IV summarizes the
conclusions that can be drawn from the study.

1.5 Contributions

The table below illustrates the publication contributions for the articles

included in this thesis.

Paper | Main author | Co-authors | Contributions
Conceptualization,
I Thanh Tran data curation, methodology,
software, writing.
J. Lundgren | Supervision, review, editing.
Conceptualization,
I Thanh Tran data curation, methodology,
software, writing.
N.T.P Methodology, software, writing
J. Lundgren | Supervision, review, editing.
Conceptualization,
III Thanh Tran data curation, methodology,
software, writing.
Kien B. H. Da.ta. analysis, method,
writing, software
N.T.P. Writing, software
M. C. Review
C. Liguori | Review
J. Lundgren | Supervision, review, editing.
Conceptualization,
v Thanh Tran data curation, methodology,
software, writing.
Sebastian B. | Supervision, review, editing.
J. Lundgren | Supervision, review, editing.
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— Chapter 2 —

PROPOSED
METHODOLOGIES

2.1 Dataset
2.1.1 Valmet dataset for building machine failure detection system

Dataset for Paper | The sounds from Valmet AB’s drill machines in
Sundsvall, Sweden were captured using AudioBox iTwo Studio, with
a sampling frequency of 96 kHz. The dataset consists of two parts,
one containing a total of 833 files with each file being 20.83 ms in
length, and the other part containing 40,417 files with each file being
41.67 ms in length. The drill machines used by Valmet AB are of
two types, with one having 90 drill bits and the other having 120
drill bits, as depicted in Figure 1.1. The dataset is composed of three
categories: anomalous sounds, normal sounds, and irrelevant sounds.
Anomalous sounds include all sounds recorded when the drill broke,
which constitutes approximately 0.16% of the dataset. A normal drill
bit and a broken drill bit of a drilling machine in Valmet AB are shown
in Figure 2.1. The normal sounds were recorded when the drilling
machine was functioning correctly, which represents 99.54% of the
dataset. Irrelevant sounds, such as those caused by the microphone,
vacuum cleaner sounds, volume controls, etc., account for 0.29% of
the dataset. The dataset was balanced by downsampling, whereby
the sounds were randomly selected in the majority classes (normal
sounds and irrelevant sounds) to equal the number of sounds in the
minority class (anomalous sounds). After downsampling, the dataset
consists of 201 sounds.

Dataset for Paper Il In this section, we describe the datasets used to
evaluate the proposed methodology for drilling sound classification.
Valmet’s drilling dataset consists of 134 sounds, divided into two
categories: anomaly sounds and normal sounds. We augmented this
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Chapter 2. Proposed methodologies

dataset using time-shifting and volume control methods to create an
extended dataset of 402 sounds. These sounds were then converted
into log-Mel spectrograms and split into 70% for training (280 log-Mel
spectrograms) and 30% for testing (122 log-Mel spectrograms). The
training set was further split into training and validation sets in a
70/30 ratio.

We also evaluated the proposed methodology on the drilling
dataset in [Sei+21], which includes two classes: cortical and break-
through. This dataset contains 126 sounds in the cortical category
and 136 sounds in the breakthrough category, recorded at a sample
rate of 44.1 kHz and a bit depth of 24 bits. Although the sounds in
this dataset have varying lengths, they are generally shorter than one
second, with breakthrough events lasting between 100 and 250 ms.
We used the same experimental setup as Valmet’s dataset, dividing it
into 70% for training (88 cortical sounds and 95 breakthrough sounds)
and 30% for testing (38 cortical sounds and 41 breakthrough sounds).

We also evaluated the proposed methodology on the Urban-
Sound8K [S]B14] dataset, which consists of 8732 urban sounds from
10 classes. We used this dataset to test the effectiveness of the proposed
methodology in multiple classes classification with longer sounds,
under or equal to 4 seconds. We trained the model on 6111 sounds
(70% of the dataset) and tested it on 2621 sounds (30%), using the
same experimental setup as Valmet’s dataset. Data augmentation
methods were not applied to this dataset.

Dataset for Paper IV Valmet’s sound dataset for Paper IV can be found
using thislink: https://zenodo.org/record/6478574#.Ymj70NpByUk.
The dataset is composed of two categories: the "Anomaly" class (67
anomalous sounds) and the "Normal" class (67 normal sounds). The
"Anomaly" class contains all sounds recorded when the drill bit was
broken, while the "Normal" class consists of sounds recorded when
the drilling machine was operating properly.

2.1.2 Dataset to eliminate sound noise frames

It is common for real-life sounds to contain noise. The noisy dataset
provided by Fonseca et al. contains some manually labeled data and
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2.2. Building machine failure detection systems

Figure 2.1: The left side shows a normal drill bit, while the right side shows a broken
drill bit [TL20b].

large-scale real data [Fon+19]. 20 sound classes in the FSDNoisy18k
are Acoustic guitar, Bass guitar, Clapping, Coin, Crash cymbal, Dishes,
Engine, Fart, Fire, Fireworks, Glass, Hi-hat, Piano, Rain, Slam, Squeak,
Tearing, Walk & footstep, Wind, and Writing. Although the FSD-
Noisy18k focused mostly on label noise characteristics, sounds are
still dominated by acoustic noise. There is widespread interest among
researchers in developing deep-learning models that can classify
noisy datasets effectively.

Dataset for Paper Il Short-Time Fourier Transform images can be
found in this link:
https://www.kaggle.com/datasets/phiyenthao/stft-paper

2.2 Building machine failure detection systems

2.2.1 Detecting Drill Bit Failure based on Mel spectrograms using
pre-trained VGG 19 and machine learning classifiers

The proposed model is shown in Figure 2.2.
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Chapter 2. Proposed methodologies

Original sounds Mel spectrograms
Broken sound Broken sound
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Classifiers
Normal sound Normal sound D ~ sVM
Pre % ‘ Feature » Feature - KNN Trained
’ ‘W“ My -processing | d I - Linear classifiers]
A ‘ VGG19 NCA Discriminant
Irrelevant sound Irrelevant sound

Figure 2.2: The proposed methodology [TL20b].

Pre-processing: Despite the drill sounds in our dataset being recorded
at the sample rate of 96 000, actual drilling sound ranges from ap-
proximately 1000 Hz to 22 000 Hz. Therefore, low-pass filtering and
high-pass filtering are carried out within the passband of 1000-22 000
Hz.

Mel spectrogram: The sounds were converted into Mel spectrograms.
Mel spectrogram is a combination of the Mel scale and the spectrogram.
The name Mel is an abbreviation for melody. This is a perceptual scale
measurement by comparing pitches. The Mel scale mimics how a
human ear reacts to a sound, being more sensitive in lower frequencies
and less so in higher ones. The spectrogram is a frequency spectrum
of a sound that is created by fast Fourier transform (FFT). A Mel
spectrogram presents a sound in both amplitude and frequency in the
time domains. The amplitude is represented by colors. Left to right
on the horizontal axis is the time. In the vertical axis, the frequency is
presented from low to high.

The sounds were converted into Mel spectrograms using Matlab
as follows. Over time, the frequency of a sound changes. The use of
Fourier transforms on the entire audio signal, therefore, results in
the loss of important frequency information. For a short period of
time, the sound frequency is uniform. Hence, I divided each sound
into 20ms frames (2000-point window). The overlap between two
consecutive frames was 512 points. The FFT length was 2000 points.
To reduce spectral leakage before doing FFT, a Hamming window is
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2.2.2. Detecting Drill Bit Failure based on log-Mel spectrograms using
CNN and Attention-based Long Short-Term Memory

applied to each frame.

Feature extraction using pre-trained VGG19: The balanced dataset that
has only 201 sounds for three classes is too small to train CNN from
scratch. Hence, I fine-tuned a pre-trained VGG19 on Mel spectrograms
to extract features. VGG19 is a common CNN that was trained on
the ImageNet dataset. State-of-the-art models have recently been
proposed - ResNet, Inception V3, Xception, etc. They are complicated
models with many parameters that slow down the training time
and extract too many features from Mel spectrograms. For feature
extraction, VGG19 was selected based on its performance on our data
set.

Figure 2.3 shows the architecture of VGG19. The last three fully
connected layers and a softmax layer of VGG19 learn high-level
features for the specific classification task. Instead of using these
layers at the end of VGG19, I extracted features at the global pooling
layer that is marked as “Pool 5” before three fully connected layers,
as shown in Figure 2.3.

Feature selection and classification: Because I have a small dataset to
build an accurate sound classification model, the machine learning
model may be underfitting to the small training dataset. I avoided it
by using feature selection to reduce the features. I obtained a large
number of 25088 extracted features from Mel spectrograms. NCA
[YWZ12] was used to select necessary features (feature weights are
higher than 2 - 6e —5) and discard unnecessary features. I obtained 402
features after applying NCA. The classifiers can learn faster and more
effectively when the extracted features of the VGG19 are minimized.
The features are used as the input of classifiers (KNN, SVM, and linear
discriminant).

2.2.2 Detecting Drill Bit Failure based on log-Mel spectrograms
using CNN and Attention-based Long Short-Term Memory

Firstly, 201 sounds in the balanced original dataset were increased to
603 sounds by data augmentation. These sounds were converted into

log-mel spectrograms and fed into CNN with three convolutional
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Chapter 2. Proposed methodologies

3x3 conv, 64
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Figure 2.3: The feature extraction process uses VGG19 and the feature selection
uses NCA [TL20b].

layers and two pooling layers. Features were extracted from the batch
normalization layer after the third convolutional layer. These extracted
features were fed into an LSTM layer, an attention layer, and two fully
connected layers to classify into three classes. The proposed model is
shown in Figure 2.4.

Data augmentation: The balanced dataset after resampling has only
201 sounds for three classes. It is difficult to train an end-to-end deep
learning classification model on such a small dataset. I applied data
augmentation methods to extend the dataset. Since the sound in our
dataset is short at only 20.83 ms or 41.67 ms, some augmentation
methods such as pitch-shifting or noise addition are not suitable.
Via experiment, time-shifting, and volume control are suitable to
augment our data. The sound was shifted five milliseconds to the
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2.2.2. Detecting Drill Bit Failure based on log-Mel spectrograms using
CNN and Attention-based Long Short-Term Memory

©Original sounds Log-mel spectrograms CNN
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Figure 2.4: The proposed CNN - LSTM - Attention - Leaky ReLU architecture.
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right, then padded back to its original length. An amplitude factor
was multiplied on the audio to increase the volume. The volume gain
was set as 2 dB.

Log-Mel spectrograms of sounds: As a result of advancements in the
field of image classification with CNN, I have been focusing on how
to detect drill failures by classifying image representations of sounds.
According to authors in [Cho+18], the log-scaled Mel spectrogram
improves classification accuracy over the Mel spectrogram. A log-Mel
spectrogram was calculated from sounds using short-time Fourier
transforms (STFTs), Hamming windows of 100 ms and a hop length
of 50 ms, the FFT length of 2048, and 96 Mel filter banks. The log-Mel
spectrograms are obtained by taking the logarithm of Mel spectro-
grams.

Convolutional neural network:  This thesis proposed a CNN architecture
that can be used only to extract features from log-Mel spectrograms. I
utilized three convolutional layers with 3x3 filter kernel sizes. Three
convolutional layers have 128, 128, and 256 feature maps, respectively.
Secondly, I added a max-pooling layer with 2x4 filter kernel sizes
after the first two convolutional layers. I also added a pair of batch
normalization layers with Leaky ReLU before and after the convo-
lutional layers to normalize the features and reduce over-fitting. I
used the third convolutional layer for extracting features. I used the
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Chapter 2. Proposed methodologies

Leaky ReLU as the activation function because it helps to improve the
accuracy of our proposed architecture. In a Leaky ReLU, the gradient
weights are always updated with a small slope. Although ReLU can
compute faster, I chose to use Leaky ReLU instead of ReLU in order
to guarantee that the layers continue to learn when the slope of the
ReLU is zero.

LSTM and the attention mechanism: The extracted features from CNN
were fed into an LSTM. An LSTM is a recurrent neural network
(RNN) that can learn long-term dependencies between time steps of
sequence data. When computing the output of LSTM, an attention
mechanism is added after LSTM [Vas+17]. To predict class labels, the
network ends with two fully connected layers. The pitch of the audio
changes as the drill bit transitions from the normal state to the broken
state. I hypothesize that the log-Mel spectrogram features extracted
at the time that the drill bit cracks will have abnormalities. A layer of
attention is added in order to pay attention to that anomaly.

2.2.3 Using VAE for drilling sound synthesis for training a machine
failure detection system

Using VAE for drilling sound synthesis In this study, a Variational Au-
toencoder (VAE) was designed to generate new drilling sounds from
the existing dataset. VAEs deviate from conventional autoencoders in
that they do not rely on the encoding-decoding process to reconstruct
the input. Rather, VAEs impose a probability distribution on the
latent space, which is learned to produce outputs that match the
observed data. By sampling from this distribution, new data can be
generated. In this paper, I trained a VAE using the sounds in our
dataset and successfully generated new sounds that exhibit a high
level of similarity to the original sounds.

The encoder in this study is composed of four one-dimensional
convolutional (Conv1D) layers interleaved with four ResnetEncoder
blocks. The input to the encoder consists of 1999-length vectors corre-
sponding to 1999 sample points from each sound in the dataset. Each
ResNetEncoder block includes two one-dimensional convolutional
layers and two instance normalization layers, where the features of
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2.2.3. Using VAE for drilling sound synthesis for training a machine failure
detection system

each channel are normalized using instance normalization. When
adjusting the learning rate linearly with batch size, instance normaliza-
tion demonstrates superior accuracy stability to batch normalization
over a wide range of small batch sizes.

The decoder in this study is composed of four ResnetDecoder
blocks interleaved with four one-dimensional convolutional transpose
(ConvlDTranpose) layers. The input shape of the decoder is the latent
dimension vector obtained from the encoder. Each ResNetDecoder
block includes two one-dimensional convolutional layers and two
batch normalization layers. A transposed convolutional layer is the
inverse transformation of a normal convolutional layer. It transforms
the latent space, which has the shape of the output of a convolution,
into something that has the shape of its input while maintaining a
connectivity pattern that is compatible with the convolution.

Reparameterization trick: In this study, after obtaining the latent
distribution from the encoder, the next step involves the sampling of
the variance and mean vectors for passing to the decoder. However,
this sampling step can create a bottleneck because backpropagation
cannot be run through a random node. To address this issue, a
parameterization trick is commonly used. In this study, the Z value
is approximated using the decoder parameters and an additional
parameter, which helps to alleviate the issue of backpropagation
through the random node. The parameterization trick is implemented
as follows:

Z=u+o+*eg, (2.1)

where u represent the mean and o represent the standard deviation
of a Gaussian distribution. € is an auxiliary variable derived from a
standard normal distribution that preserves the stochasticity of Z.

The loss function in the Variational Autoencoder (VAE) framework
is composed of two components: the reconstruction loss and the
Kullback-Leibler (KL) loss [KW19]. The reconstruction loss evaluates
the dissimilarity between the original input sound and the decoder
output sound using the binary cross-entropy loss. On the other
hand, the KL loss measures the difference between the learned latent
distribution and a prior distribution. The overall loss function is
computed as the sum of these two losses.
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Chapter 2. Proposed methodologies

The KL_loss is calculated by optimizing the single sample Monte
Carlo estimation as below:

KL_loss =logp(x|Z) +logp(Z) —log q(Z|x) (2.2)

[ InputLayer(input_shape=(1,1999)) | Inputlayer(input_shape=(1, latent_dim))

ConviDTranpose(512, 1, 1)
se (256, 1,

ConviD (64, 1, 2)
ConviD (128, 1,2)

ConviDTranpose (256, 1, 1)

ConviDTranpose (128, 1, 1)
ConviD (256, 1,2)
ConviDTranpose(1999, 1, 1)
Flatten 1
\ Dense | Sound
Latent dimension

Figure 2.5: The variational autoencoder.

where x represents the input sound, Z represents the latent
variable, p(x) is the probability distribution of the sound, p(Z) is
the probability distribution of the latent variable, and p(x|Z) is the
distribution of generating data given latent variable, The probability
distribution p(Z|x) describes how our data is projected into latent
space. q(Z|x) is the inference model with g(Z|x) = p(Z|x) [KW19].

Using synthesis sounds for training the machine failure detection system
In this study, we aimed to categorize drill sounds for detecting drill
bit failure in the manufacturing process at Valmet AB, located in
Sundsvall, Sweden. The small size and balance of the dataset, com-
prising only two classes, posed a challenge when applying deep
learning models. To address this, we proposed employing VAE, a
deep learning model, to generate synthetic drilling sounds from the
original modest dataset as a data augmentation strategy. The syn-
thetic sounds generated from VAE were combined with the original
sounds to form an enhanced dataset. The enhanced dataset was then
preprocessed by applying a low-pass filter with a passband of 22 000
Hz and a high-pass filter with a passband of 1000 Hz. Subsequently,
these sounds were converted into Mel spectrograms and classified
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2.3. Separate Sound into STFT Frames to Eliminate Sound Noise Frames in
Sound Classification

using the pre-trained network AlexNet. An overview of our proposed
procedure is presented in Figure 2.6.

Original sounds Pre-processing sounds ClassHfication results

Mel ined deep
A Vo v i learning model

High-pass filter

Figure 2.6: The proposed system architecture.

2.3 Separate Sound into STFT Frames to Eliminate Sound
Noise Frames in Sound Classification

2.3.1 Separate and label sound

Using a window frame with a fixed length F, and a sliding step of
s, I was able to separate the sound into numerous STFT frames. I
calculated the STFT frame for each position of the sound by sliding
the window frame over the normalized sound signal. The number of
STFT frames N was created by applying the following formula:

N =dio((L-F)/s) + 1, (2.3)

where L is the length of the sound sample and div is the quotient.

I computed STFT using a Hamming window with a window
length of 256. The frame length was set to 0.5 seconds as the sliding
window, with the slide step set to 0.1 seconds. As a result, the obtained
frames overlapped by 80 percent in content. As a result, input sounds
were separated into multiple overlapped-content STFT frames. As
a result, CNNs can learn variance and auto-regression from past
observations and use that to predict the current frame, which helps
them avoid overfitting in the classification process.
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Chapter 2. Proposed methodologies

Four types of frames may appear in the sound, including silence,
clean, noise, and echo effect. For example, I analyzed a slamming
sound (an audio file in the slam class) because this sound contains
four types of frames, as depicted in Figure 2.7. Figure 2.7a visualizes
the amplitude of the sound among the time axis, while Fig. 2b shows
the AWDPS of the sounds. Using the AWPS, the components of the
sound can be located if the window frame slides along the time
axis. A four-part illustration (silence, noise, clean, echoes) is shown
in Figure 2.7c. There is no sound in the silence part or a tiny sound
from the start of the file. Noisy sounds are those that are not part
of an event (wind-induced sound, electrical noise, etc.). The AWPS
peak appears in Figure 2.7b as the blue signal. This part of the
slam event had the clearest sound and the highest level of energy.
The echo part of the sound should be considered an event sound,
but in AWPS representation I proposed that it should be viewed as
noise. Figure 2.7d shows the STFT frame created from the collected
normalized sound part for each position of the window frame. Based
on frame labels in Figure 2.7c, STFT frames were labeled as silence,
clean, noise, and echo effect. An additional noise class is created by
combining the silence, echo, and noise frames.

The learning data were prepared using sounds from all classes
of FSDNoisy18k. Our learning frame count for each sound class
totaled 250 (200 frames derived from the original training dataset
and 50 frames derived from the original test dataset). To create the
own dataset, 70% of the extracted frames were used for training and
30% for validation. The number of frames for some classes such as
Bass guitar, Clapping, and Hi-hat is lower than 200 due to the short
duration of the audio files. The amount of noise frames needed to
train a CNN’s noise class has been difficult to determine. As a result,
I recommended using 400 noise frames, including clean, noise, and
echo frames (20 random noise frames from each class).

2.3.2 The proposed sound classification system
Using our separation method, I show that the classification accuracy
increases after pre-processing the dataset. To classify sound frames,

I used transfer learning CNNs. For this purpose, pre-trained net-
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2.3.2. The proposed sound classification system
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Figure 2.7: A sliding window and labeled method are used to separate a noisy slam
sound.

works (VGG16, VGG19, GooLeNet, Darknet19, EfficientNet-b0, and
ShuffleNet) were used. Pretrained networks have learned features
from a wide range of images, which can be applied to a new task of
classifying images based on their image representations of sounds.

The proposed sound classification is presented in Figure 2.8.
During the training phase, the input sound is separated into STFT
frames, and these frames then are manually categorized into either a
clean (the event of the sound) or a noisy (silences, echoes, and noises)
class. A pre-trained network is trained with these frames, as shown
in the training phase of Figure 2.8. Our system will automatically
split unknown sounds into as many STFT frames as necessary in the
prediction phase. Frames will be analyzed using the trained classifier,
which classifies frames into 20 subcategories, and noise frames are
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added to an additional noise class.

Labelling method

Clean class

- - Model training

Noise class

GoogLeNet
VGGl16
VGG19

—_— Darknet19

EfficientNet-BO

Trained

o—»

classifiers

ShuffleNet
Training
sound Silence
STFT frames ﬁ
Noise

Sound separation Predicted classes l

0. Noise
1. Acoustic guitar
2. Bass guitar
3. Clapping
4. Coin
5. Crash cymbal
6. Dishes and pots and pans
7. Engine
. 8. Farts
o _ 1 Trained Predict [ 9 Fire
> . — 10 Fireworks
classifiers 11. Glass
12 Hi-hat
13. Piano
14. Rain
15. Slam
16. Squeak
17. Tearing
STFT frames 18. Walk or foot steps
19. Wind

20. Writting

Testing
sound

Figure 2.8: The proposed sound classification system using sound separation.
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— Chapter 3 —

EXPERIMENT RESULTS
AND DISCUSSION

3.1 Building machine failure detection systems

3.1.1 Detecting Drill Bit Failure based on Mel spectrogram using
pre-trained VGG 19 and machine learning classifiers

Results: In this section, 201 drill sounds were converted into Mel
spectrograms. The deep learning VGG19 was used to extract features
from Mel spectrograms. I resized Mel spectrograms as the input size
of VGG19 (224x224x3). The high-level features of Mel spectrograms
were extracted from the last max-pooling layer in VGG19. In the
training phase, 60% of the dataset was used. I got 120-by-25088
training features from the training set. For the testing phase, I used
40% of the dataset corresponding to 81-by-25088 testing features.
After extracting features, NCA was applied to select the powerful
predictive features (feature weights are higher than 2 - 6¢ —5). The
number of features after reduction was 402. I then trained classifiers
(SVM, KNN, linear discriminant, etc.) on these selected features to
compare the performance of different classifiers. The results are
shown in Table 3.1. When classifying three classes of drill sounds,
the medium-gaussian SVM and the quadratic SVM demonstrated the
best accuracy (80.3%) and F1-score (0.8).

Discussion: According to table 3.2, the best classifiers are the Quadratic
SVM and Medium Gaussian SVM. The aim of this thesis is to detect
anomalous sounds from broken drill bits, and I can see the precision
for the "Broken sounds" class reached 81.5%. This result is promising
to apply in the industry.

Table 3.3 shows that, despite the same overall accuracy of Medium
Gaussian SVM and Quadratic SVM, the accuracy of Medium Gaussian
SVM in classifying broken sounds (90.1%) is higher than Quadratic
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Chapter 3. Experiment results and discussion

Table 3.1: The performance of classifiers using extracted features from Mel spectro-
gram images.

Methods ‘ Acc. (%) ‘ F1-Score
Cubic SVM 76.5 0.77
Linear SVM 76.5 0.77
Medium Gaussian SVM 80.3 0.80
Quadratic SVM 80.3 0.80
Ensemble Subspace KNN | 76.5 0.76
Fine KNN 75.3 0.75
Weighted KNN 75.3 0.75
Linear Discriminant 79.0 0.79

Table 3.2: The confusion matrix of the Quadratic SVM and Medium Gaussian SVM
is illustrated as Quadratic SVM/Medium Gaussian SVM format.

Categories Anomalous | Normal Irrelevant
sounds (%) | sounds (%) | sounds (%)

Anomalous sounds | 81.5/81.5 3.7/7.4 14.8/11.1

(Broken drill bits)

Normal sounds 74/7.4 85.2/85.2 74/74

Irrelevant sounds 7.4/3.7 18.5/22.2 74.1/74.1

SVM (88.9%). The accuracy, precision, recall, and F1-score measure
the performance of the Quadratic SVMs and the Medium Gaussian
SVMs, are shown in Table 3.3.

To prove the accuracy of my methods, I conducted more tests
on new sounds (509 normal sounds for normal class and 52 sounds
for unrelated sound classes). These sounds were selected randomly
from the dataset before downsampling and totally different from the
sounds I used to build my models. However, I don't have any fault
sounds left for the test. Therefore, I don’t show those results in Paper
I. The confusion matrices for classification of sounds using Medium
Gaussian SVM and Ensemble Subspace KNN classifiers based on
Mel spectrograms are shown in Figure 3.1. The confusion matrix
on the left side shows the result when tested on 509 normal sounds
for the normal class and 52 sounds for the unrelated sound class.
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3.1.2. Detecting Drill Bit Failure based on log-Mel spectrograms using
CNN and Attention-based Long Short-Term Memory

Table 3.3: Accuracy, precision, recall, and F1-score per class of the Quadratic SVM
and Medium Gaussian SVM.

Categories ‘ Acc. (%) ‘ Precision ‘ Recall ‘ F1-Score

Anomalous 88.9/90.1 0.81/0.81 | 0.85/0.88 | 0.83/0.85

sounds

Normal 87.7/85.2 0.85/0.85 | 0.79/0.74 | 0.82/0.79

sounds

Irrelevant 84.0/85.2 0.74/0.74 | 0.77/0.80 | 0.75/0.77

sounds
The first number represents the Quadratic SVM, and the second
number represents the Medium Gaussian SVM, illustrated as
Quadratic SVM /Medium Gaussian SVM format.

The confusion matrix on the right side shows the test result on the
percentage.

97 34

|

Normal Others Break Normal Others Break

Figure 3.1: The confusion matrices for sound classification using Medium Gaussian
SVM classifier based on Mel spectrogram images.

3.1.2 Detecting Drill Bit Failure based on log-Mel spectrograms
using CNN and Attention-based Long Short-Term Memory

Result: 201 original sounds from 3 categories (anomaly, normal,
and irrelevant) were augmented into 603 sounds using time-shifting
and volume control using Matlab. The sounds are converted into
log-Mel spectrograms to input in my proposed 2D CNN using the
Librosa library. For training, I used around 70% of the data (420
log-Mel spectrograms), and for testing, the other 30% (183 log-Mel
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Chapter 3. Experiment results and discussion

spectrograms). For training and validation, 420 was divided by 70/30
again. The proposed deep learning model was trained on the Keras
library with the TensorFlow toolkit. To optimize hyper-parameters,
I used Adam optimizer with a learning rate of 0.001, a batch size
of 4, a momentum of 0.9, and 100 epochs. To update the network
weights, categorical cross-entropy was used during training. I used
early stopping with the patience of 5 to avoid over-fitting and to
improve the generalized model.

Table 3.5 shows the overall accuracy of CNN using the Leaky
ReLU activation function combined with attention-based LSTM (CNN
- LSTM - Attention - Leaky ReLU) on the test set. My proposed method
reached 92.35% on the augmented dataset. Figure 3.2 shows the
confusion matrix. Table 3.4 shows the evaluation metrics for each
class on the test set.

Broken

Ground Truth
Normal

Other

Norlmal Other
Predicted

Brolken

Figure 3.2: The confusion matrix of the proposed model (CNN - LSTM - Attention -
Leaky ReLU) on the augmented dataset.
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3.1.2. Detecting Drill Bit Failure based on log-Mel spectrograms using
CNN and Attention-based Long Short-Term Memory

Table 3.4: Evaluation metrics of CNN and attention-based LSTM using Leaky ReLU.

‘ Precision | Recall | Fl-score | No.
Anomalous sounds 0.96 0.87 0.91 61
Normal sounds 1.00 0.93 0.97 61
Irrelevant sounds 0.83 0.97 0.89 61
Accuracy 0.92 183
Macro avg 0.92 0.93 0.92 183
Weighted avg 0.92 0.93 0.92 183

CNN - LSTM - Attention - Leaky ReLU

Table 3.5: The comparison between mean accuracy of different models.

Mean Accuracy (%)

CNN - Leaky ReLU

69.95

CNN - LSTM - Leaky ReLU

86.89

CNN - LSTM - Attention - Leaky ReLU

92.35

CNN - LSTM - Attention - ReLU

90.16

Comparison and Discussion: To validate the effectiveness of my pro-
posed method, several experiments are conducted for comparison:

¢ CNN - Leaky ReLU: Using CNN with the Leaky ReLU activation
function to classify the augmented dataset;

¢ CNN - LSTM - Leaky ReLU: Using CNN with the Leaky ReLU
activation function and LSTM to classify the augmented dataset;

e CNN - LSTM - Attention - ReLU: Using CNN with the ReLU
activation function and attention-based LSTM to classify the
augmented dataset;

* Moreover, to validate the improvement of data augmentation, I
also experimented with the proposed network (CNN - LSTM -
Attention - Leaky ReLU) on the original dataset.

Table 3.5 compares the mean accuracy for all experiments mentioned
above. The method I proposed (CNN - LSTM - Attention - Leaky
RelU) gives the best results (a mean accuracy of 92.35%).
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Chapter 3. Experiment results and discussion

CNN - Leaky ReLU: I run experiments using CNN with two
fully connected layers at the end of CNN for classification. The
activation function of this CNN is the Leaky ReLU. Compared to my
proposed method, this method has a lower overall accuracy of 69.95%.
Performance evaluation metrics for this method are shown in Table
3.6.

Table 3.6: Evaluation metrics of only CNN using Leaky RelLU.

\ Precision \ Recall \ F1-score \ No.

Anomalous sounds 0.72 0.79 0.75 61
Normal sounds 0.60 0.87 0.71 61
Irrelevant sounds 1.00 0.44 0.61 61
Accuracy 0.70 183
Macro avg 0.77 0.70 0.69 183
Weighted avg 0.77 0.70 0.69 183

CNN - Leaky ReLU

CNN - LSTM - Leaky ReLU: This experiment used CNN with the
Leaky ReLU activation function in conjunction with LSTM. The aim of
this experiment is to investigate whether the addition of an attention
layer to the model is effective. I assumed that with the attention
layer, the LSTM will pay attention to the important portion of the
input sound when the drill changes status from normal function to
broken. The network will emphasize those parts and fade out the other
portions. Without the attention layer, the accuracy of this method
was 86.89%, below the accuracy of my proposed method (92.35%).
Obviously, by including the attention layer, the accuracy of the model
was improved. Performance evaluation metrics for this method are
shown in Table 3.7.

CNN - LSTM - Attention - ReLU: The experiment utilized CNN
activated by ReLU in conjunction with an attention-based LSTM.
The purpose of this experiment is to prove that using the ReLU
activation function in CNN gains lower accuracy than using Leaky
ReLU activation on my dataset. As shown in Table 3.5, the accuracy of
the model using ReLU was 90.16%, which is lower than using Leaky
RelU (92.35%). Through experimentation, I found that CNN stops
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3.1.3. Using VAE for drilling sound synthesis

Table 3.7: Evaluation metrics of CNN and LSTM using Leaky ReLU.

Precision | Recall | Fl-score | No.

Anomalous sounds 0.98 0.90 0.94 61
Normal sounds 0.74 0.97 0.84 61
Irrelevant sounds 0.96 0.74 0.83 61
Accuracy 0.87 183
Macro avg 0.89 0.87 0.87 183
Weighted avg 0.89 0.87 0.87 183

CNN - LSTM - Leaky ReLU

learning when ReLU is below zero. Using a Leaky ReLU that has a
slope of 0.3 can prevent the "dying ReLU". Performance evaluation
metrics for this method are shown in Table 3.8.

Table 3.8: Evaluation metrics of CNN and attention-based LSTM using ReLU.

| Precision | Recall | Fl-score | No.

Anomalous sounds 0.87 0.89 0.88 61
Normal sounds 1.00 0.90 0.95 61
Irrelevant sounds 0.85 0.92 0.88 61
Accuracy 0.90 183
Macro avg 0.91 0.90 0.90 183
Weighted avg 0.91 0.90 0.90 183

CNN - LSTM - Attention - ReLU

CNN - LSTM - Attention - Leaky ReLU on the original datasets I
ran the proposed model on both the original and augmented datasets
to test the efficiency of the data augmentation process. According to
Table 3.9, the accuracy is 92.35% on the augmented dataset, which is
higher than on the original dataset (84.13%). Performance evaluation
metrics for this method are shown in Table 3.10.

3.1.3 Using VAE for drilling sound synthesis

The experiment for this paper was conducted in both python and
Matlab.
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Table 3.9: The comparison of the original and augmented datasets using the same
proposed method (CNN - LSTM - Attention - Leaky ReLU).

Dataset Mean Acc. (%)
Augmented dataset (603 sounds) 92.35
Original dataset (201 sounds) 84.13

Table 3.10: Evaluation metrics of CNN and attention-based LSTM using Leaky ReLU
(CNN - LSTM - Attention - Leaky ReLU) on the original drill dataset.

‘Precision ‘Recall F1-score | No.

Anomalous sounds 0.83 0.95 0.89 21
Normal sounds 0.78 0.86 0.82 21
Irrelevant sounds 0.94 0.71 0.81 21
Accuracy 0.84 63
Macro avg 0.85 0.84 0.84 63
Weighted avg 0.85 0.84 0.84 63

Data preparation and training VAE The training of the VAE for sound
synthesis was conducted using TensorFlow. The training was carried
out over 20 epochs, with a batch size of 8. The latent space dimensional
was set to 2 to facilitate the visualization of the latent space as a plane.
The sounds were sampled at a rate of 96 000. The training dataset
consisted of 34 anomalous sounds and 34 normal drill sounds, while
the testing dataset comprised 33 anomalous drill sounds and 33
normal drill sounds. To ensure randomness, the sounds were shuffled
and batched using tf.data method.

The training process was iteratively performed over the training
lists. For each iteration, the sound was fed into the encoder to obtain
the mean and log-variance for the approximate posterior distribution
q(Z]x). This approximate posterior was then sampled using the re-
parameterization trick. The parameterized samples were subsequently
passed through the decoder to obtain the distribution p(x|Z).

After training the VAE on the training sounds, we generated 48
drilling sounds for the "Anomaly" class and 48 normal drilling sounds
for the "Normal" class using the trained model. These synthetic sounds
were generated by sampling from the learned latent space using the
decoder. The generated sounds closely resemble the sounds in the
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3.1.3. Using VAE for drilling sound synthesis

original dataset, and were added to the original dataset to form an
enhanced dataset for further analysis.

Quantifying the similarity between original and synthesized sounds 1 hy-
pothesize that VAE may reduce the noise in the synthesized data.
However, through careful listening to the synthesized drilling sounds,
I found that the newly generated drilling sounds closely followed
the pitch of the original sounds. Therefore, I assessed the similarity
between a sound in the testing set and a synthesized drilling sound
from VAE using the cross-correlation and spectral coherence methods
between two sounds, implemented in MATLAB.

Cross-correlation between two sounds:

I measured the similarity between an original sound in the
anomaly class and the synthesized sound from VAE by comput-
ing the cross-correlation and spectral coherence using MATLAB.
Although the two sounds have the same sampling rate of 96 000
Hz, they have different lengths, with the original sound having a
duration of 41.67 ms and the synthesized sound having a duration of
approximately 20.83 ms. To compare the two sounds, I extracted the
common part of the signals using cross-correlation. Figure 3.3 shows
the cross-correlation between the original sound and the synthesized
sound, with the cross-correlation coefficient ranging from -1.0 to 1.0.
A higher value indicates greater similarity between the two sounds.
The high peak in the third subplot indicates that the original sound is
highly correlated with the synthesized sound.

The spectral coherence between two sounds:

The power spectrum is a representation of the distribution of
power across different frequencies in a signal. The correlation between
signals in the frequency domain is referred to as spectral coherence.
The power spectrum plot in Figure 3.4 indicates that the original
sound and the synthesized sound have correlated components in the
frequency range of 0 Hz and 6890 Hz.

In the first subplot of Figure 3.5, I present the coherence estimate
between the original sound and synthesized sound. The coherence
values range from 0 to 1, with higher values indicating more correlated
frequency components. I identified the three highest peaks of coher-
ence as 0.494153, 0.55872, and 0.377155, as illustrated in Figure 3.5.
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Figure 3.3: The cross-correlation between the original sound and the synthesized
sound.

Notably, there is an approximately 45-degree phase lag between
the 1125 Hz components and the 4312.5 Hz components, while the
phase lag between the 9187.5 Hz components is approximately 38
degrees. These results demonstrate that the original sound and syn-
thesized sound exhibit some degree of similarity in their frequency
components.

Classification performance using original and synthesized sounds 1 cre-
ated an augmented dataset by mixing the original dataset, which
contained 67 sounds for each class, with the generated dataset, which
contained 48 synthesized sounds for each class. The augmented
dataset included two classes, namely the "Normal" class with 115
sounds and the "Anomaly" class with 115 sounds.

Sound pre-processing

The sounds in my augmented dataset have a sample rate of 96 000
Hz, while the sound of a drill typically ranges from approximately
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Figure 3.4: The spectral coherence.

1000 to 22000 Hz. To limit the dataset to relevant frequencies, I
applied a low-pass filter to eliminate frequencies higher than 22 000
Hz. Furthermore, I removed frequencies below 1000 Hz using a high-
pass filter to enhance the relevant frequency range of the dataset.

Convert sounds to Mel spectrograms

The sounds were converted into Mel spectrograms using the Mel
spectrum of 1999-point periodic Hann windows with a 512-point
overlap. A 1999-point FFT was used to convert the sounds into the
frequency domain and passed through 32 half-overlapped triangular
band-pass filters to obtain the Mel spectrogram. Figure 3.6a shows
the Mel spectrogram of a sound before applying the low-pass and
high-pass filters, while Figure 3.6b shows the Mel spectrogram after
applying the filters to remove frequencies below 1000 Hz and above
22000 Hz.

Classification result

To evaluate the effectiveness of using VAE for generating new
sounds, I conducted a classification experiment on the augmented
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Figure 3.5: The spectral coherence.
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Figure 3.6: The Mel spectrogram of an original sound in the "Anomaly" class: (a)
without applying low-pass filter and high-pass filter (b) apply low-pass filter and

high-pass filter.

dataset, which included a mix of original and synthesized sounds,
using several pre-trained networks as listed in Table 3.11. The ex-
periment was performed on Matlab 2021a. Overall, the pre-trained
AlexNet model achieved the highest accuracy (94.12%) on my dataset.
AlexNet is a relatively simple CNN with only eight layers, origi-
nally trained on a large-scale dataset of 1,000 object categories in the
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3.1.3. Using VAE for drilling sound synthesis

ImageNet database.

Table 3.11: The accuracy of different pre-trained models on the augmented dataset.

Pre-trained model | Accuracy (%)
GooglLeNet 89.71
AlexNet 94.12
VGG16 88.24
VGG19 85.29
Efficientnetb0 86.76

After training the VAE to generate new drilling sounds, the aug-
mented dataset was extended but still small. To address this issue,
I adopted transfer learning by fine-tuning a pre-trained AlexNet
instead of training a new CNN from scratch. The learned features
from pre-trained AlexNet can be easily and quickly adapted to a
new task of classifying the "Normal" and "Anomaly" classes in the
augmented dataset, which were first converted into Mel spectrograms
as described above.

For this task, 70% of the Mel spectrograms (162 sounds) were
used for training and 30% for validation (68 sounds). The input size
of AlexNet is 227-by-227-by-3, where 3 represents the three R, G, B
channels. The fully connected layer and classification layer of AlexNet
were initially trained to classify 1000 object categories. To fine-tune
AlexNet for the classification of only two classes in my augmented
dataset, the fully connected layer was replaced with a new fully
connected layer that has two outputs, and the classification layer was
replaced with a new classification layer that has two output classes.

To increase the diversity of the training set, I performed data
augmentation on the 162 training sounds by flipping the Mel spectro-
grams along the x-axis, translating them randomly via the x-axis and
the y-axis in the range of (-30, 30) pixels, and scaling them randomly
via the x-axis and the y-axis in the range of (0.9, 1.1).

For the training option, the mini-batch size was 10, and the validate
frequency (valFreq) is calculated as below:

valFreq = training_file/mini_batch_size (3.1)
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where training_file is the number of the training file. Max epochs
were 160, the initial learning rate is 3e-4, and shuffle every epoch.

The overall accuracy when fine-tuning AlexNet on my augmented
dataset reaches 94.12%. The confusion matrix is shown in Figure 3.7
whereas the accuracy when detecting the "Anomaly" class reaches
97.06%.

Break

10
Normal Normal

Break Normal Break Normal

Figure 3.7: The confusion matrix when fine-tuning AlexNet to classify "Normal" and
"Anomaly" classes on the augmented dataset: (a) in number and (b) in percentage.

Analyzing the original dataset with pre-trained Alexnet

This section presents a comparison of the accuracy of the pre-
trained network AlexNet on the original dataset and the augmented
dataset. I trained pre-trained AlexNet with the same training options
on the original drilling dataset, and achieved an accuracy of 87.5%,
as indicated in Table 3.12. However, when I combined the original
drilling sounds with the synthesized sounds generated using VAE (the
augmented dataset), the classification accuracy improved to 94.12%,
which is a significant increase of 6.62% over the accuracy achieved
using the small original dataset alone. The confusion matrix for the
original dataset is illustrated in Figure 3.8.

Table 3.12: The comparison of AlexNet on the original dataset and the augmented
dataset. No. of sounds indicates the number of sounds.

Dataset No. of sounds | Accuracy (%)
The original drilling dataset | 134 87.5
The augmented dataset 230 94.12
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Sound Classification
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Figure 3.8: The confusion matrix when fine-tuning AlexNet to classify "Normal" and
"Anomaly" classes on the original dataset.: (a) The confusion matrix in number (b)
The confusion matrix in percentage (%).

3.2 Separate Sound into STFT Frames to Eliminate Sound-
Noise Frames in Sound Classification

3.2.1 Result

In my experiment, 896 sounds were randomly selected for 20 classes
from the FSDNoisy18 dataset. I separated these sounds and manually
labeled them as clean or noisy using my proposed method. After
separating and converting the sounds into SFT frames, I obtained
4827 frames. These frames were divided into 3378 frames for training
and 1449 frames for testing. In order to choose the network that can
give us the highest classification accuracy, I tested several pre-trained
networks (VGG16, VGG19, GoogleNet, DarkNet-19, EfficientNet-b0,
and ShuffleNet). A network input layer size was applied to each frame.
I replaced the last fully connected layer of the pre-trained network
with outputs set to 21 corresponding to my dataset’s 20 classes and
additional noise. A zero learning rate was implemented for the first
ten layers of the pre-trained network to speed up network training.
More frames were added to the dataset using data augmentation.
The training set was randomly reflected along the vertical axis, but
the validation set was not augmented. The initial rate is 3¢~ the
mini-batch size is 10, and the training epochs are 50.

Using the fine-tuned VGG19, the overall classification accuracy of
frames reached 94.14%, as shown in Table 3.13. Detailed results of the
pre-trained VGG19 are shown in Table 3.14. Any frames that didn’t
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fall into one of the 20 sound event classes were classified as noise.

Table 3.13: The comparison of the accuracy between different pre-trained networks.

Reference Pre-trained CNN Accuracy (%) .
Proposed | Conventional
method method

[Sze+15]  GoogLeNet 91.33 49.44
[SZ15] VGG16 93.56 54.68
[SZ15] VGG19 94.14 55.43
[Red16] Darknet19 93.37 53.18
[TL20a] EfficientNet-b0 91.71 47.57
[Zha+18] ShuffleNet 91.08 43.07

3.2.2 Comparison study

As a test of how robust my proposed system is against noise when
identifying sounds, I turned each sound in the dataset into a single
STFT image (as the conventional approach) and trained STFT images
with the same pre-trained networks. I configure the parameters as
follows to convert each sound into one STFT frame and save it as an
image. The duration is set to 2 seconds, the window length is 512,
and the hop length is 128. This led to the conversion of 896 sound
files in 20 classes from the sound folder into 896 STFT images. I used
70% (627 STFT) for training and 30% (269 STFT) for testing. I show
the confusion matrix of the conventional method using VGG19 in
Figure 3.9. The "Conventional method" column of Table 3 shows the
results when converting each sound into only one STFT frame. The
proposed methods achieve classifier accuracy of 94.14% compared
with 54.43% for the conventional method when using VGG19.

3.3 Discussion

The thesis aims to solve the research questions about building a
machine failure detection system based on drilling machine sounds
and eliminating noise in sounds to improve the sound classification
system (as mentioned in section 1.2). The obtained accuracy is ac-
ceptable when classifying drill sounds. These works are promising
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Table 3.14: The evaluation metrics for VGG19

Class Sens. | Spec. | Prec. | Recall | Fl-score
Acoustic guitar 0.990 | 0.998 | 0.960 | 0.990 | 0.970
Bass guitar 1.000 | 1.000 | 1.000 | 1.000 | 1.000
Clapping 0.950 | 0.997 | 0.940 | 0.950 | 0.940
Coin 1.000 | 0.995 | 0.910 | 1.000 | 0.960
Crash cymbal 1.000 | 0.999 | 0.990 | 1.000 | 0.990
Dishes 0.930 | 0.999 | 0.990 | 0.930 | 0.960
Engine 0.990 | 1.000 | 1.000 | 0.990 | 0.990
Fart 0.970 | 0.999 | 0.990 | 0.970 | 0.980
Fire 0.960 | 0.998 | 0.960 | 0.960 | 0.960
Fireworks 0.910 | 0.995 | 0.890 | 0.910 | 0.900
Glass 1.000 | 0.997 | 0.940 | 1.000 | 0.970
Hi-hat 1.000 | 0.999 | 0.960 | 1.000 | 0.980
Noise 0.680 | 0.989 | 0.840 | 0.680 | 0.750
Piano 0.990 | 0.998 | 0.960 | 0.990 | 0.970
Rain 0.950 | 0.997 | 0.930 | 0.950 | 0.940
Slam 0.880 | 0.994 | 0.880 | 0.880 | 0.880
Squeak 0.970 | 0.997 | 0.950 | 0.970 | 0.960
Tearing 0.950 | 0.995 | 0.900 | 0.950 | 0.920
Walk and footstep | 0.930 | 0.995 | 0.900 | 0.930 | 0.920
Wind 0.990 | 0.998 | 0.960 | 0.990 | 0.970
Writing 0.930 | 0.999 | 0.990 | 0.930 | 0.960

Sens.: Sensitivity, Spec.: Specificity, Prec.: Precision

to apply into the factory to detect drill failure in particular, and in
bearing machines in general.

However, a too-deep learning model may be underfitting the small
training dataset. When machine learning or deep learning models do
not capture the underlying trends of the data, models are underfitting.
As a result, the model is likely to make a lot of incorrect predictions.
Hence, a larger dataset is necessary to avoid underfitting. The lack of a
large and balanced dataset is still a challenge in the real world. A poor
classification result of a deep learning model is the result of a lack of
training data. Meanwhile, recording sounds and manually labeling
sounds at factories is costly and time-consuming, it is possible to use
my proposed methods on a small dataset to build a classification
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Figure 3.9: Confusion matrix when converting each sound into only one STFT image
and classify using VGG19.

model. The classification model can be used directly at the factory
to record and classify drill sounds online. These recorded sounds
that are classified by using this model can be verified by a skilled
technician. The classified sounds are then used as supplemented data
to build a larger dataset. A deep learning model that is trained on a
larger dataset can achieve higher accuracy when detecting broken
drilling machines or bearing machines.
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— Chapter 4 —

CONCLUSION

Throughout this thesis, my focus has been on developing a machine
failure detection system using sound signals from drilling machines.
Recognizing the significant role of drill failure detection in reducing
machine downtime, the challenges posed by the limited availability
of drilling sounds in datasets were addressed.

To tackle the first research question Q1, two methodologies were
introduced:

1. For the initial approach, I transformed sounds into Mel spec-
trograms and utilized a pre-trained VGG19 model to extract features.
Afterward, the NCA was applied to select pertinent features prior
to deploying machine learning classifiers. This method led to an
accuracy rate of 80.3% on the Mel spectrograms.

2. In the subsequent approach, to answer the third research ques-
tion Q3, I augmented the sound data through time-shifting and
volume control. After converting these to log-Mel spectrograms, a
custom-designed CNN with the Leaky ReLU activation function
paired with attention-based LSTM was trained. A commendable
accuracy of 92.35% was achieved. Moreover, by utilizing a VAE, I
generated 96 novel drilling sounds, which, when integrated with the
original sounds, formed an augmented dataset. This dataset, when
processed through a fine-tuned AlexNet model, reached an impressive
classification accuracy of 94.12%.

Addressing the second research question Q2, I introduced a sound
separation technique as a pre-processing step, enhancing the robust-
ness of the sound classification system. By segmenting the sound into
multiple STFT frames, I was able to provide the model with greater
data variability, fostering enhanced learning. Upon categorization,
these frames were designated as either clean sound events or noise
events. Notably, when utilizing various pre-trained networks, VGG19
exhibited superior performance with a 94.14% accuracy rate in clas-
sifying 20 distinct sound event categories, as well as a general noise
class.
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Chapter 4. Conclusion

To encapsulate, my methodologies can significantly augment
diagnostics for industrial machinery, especially aiding in the early
detection of malfunctions in drilling machines and similar rotating
devices. By employing sounds for diagnosis, machine instabilities
can be detected in a non-invasive manner, heralding a new era of
industrial machine maintenance and reliability.
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ACRONYMS

1D CNN
One-Dimensional Convolutional Neural Network

2D CNN
Two-Dimensional Convolutional Neural Network

ANN
Artificial Neural Network

Bi-GRU
Bidirectional Gated Recurrent Unit

CEEMD
Complete Ensemble Empirical Mode Decomposition

CNNs
Convolutional Neural Networks

Conv1D
One-dimensional convolutional

Conv1DTRANSPOSE
One-dimensional convolutional transpose

DAE
Deep Auto-Encoder

DARkNET19
Darknet 19 Neural Network

ErriciENTNET-B0
EfficientNet variant b0

ESN
Echo State Network
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Acronyms

FFT
Fast Fourier Transform

FSDNoisy18x
A noisy dataset contributed by Fonseca et al.

GAN
Generative Adversarial Network

GooLEeNET
Convolutional Neural Network architecture

Hertz

IMF
Intrinsic Mode Functions

IT2
Interval Type-2

KL
Kullback-Leibler

KNN
K-Nearest Neighbors

LSTM
Long Short-Term Memory

MAFAULDA

Machinery Fault Database

MFCCs
Mel-Frequency Cepstral Coefficients

MSMOTE
Modified Synthetic Minority Over-sampling Technique
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NCA
Neighborhood Component Analysis

RBF
Radial Basis Function

ReLU
Rectified Linear Unit

ResNEeT
Residual Neural Network

RNNs
Recurrent Neural Networks

SAE
Sparse Autoencoder

SHUFFLENET
ShuffleNet Neural Network

SMOTE
Synthetic Minority Over-sampling Technique

STFT
Short-Time Fourier Transform

SVM
Support Vector Machine

T-S
Takagi-Sugeno

VAE

Variational Autoencoder

VGG16
Visual Geometry Group 16 Neural Network

Acronyms
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Acronyms

VGG19
Visual Geometry Group 19-layer model (VGG stands for "Vi-
sual Geometry Group," which is the name of a lab at Oxford
University that developed this architecture)
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