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Abstract

Anomalous sound detection (ASD) is the task to identify whether the sound emitted from a
target machine is normal or anomalous. Automatically detecting mechanical failure is an essen-
tial technology in the fifth industrial revolution, including artificial intelligence -based factory
automation. Prompt detection of machine anomaly by observing its sounds may be useful for
machine condition monitoring. The goal of this work is to explore two different classes of ASD
systems : Unsupervised and Supervised ASD using the long-mel energies features. The unsu-
pervised ASD approach consists of a deep AutoEncoder, whereas, the Supervised ASD system
implements the outlier exposed strategy based on a deep Residual Neural Network (ResNet) .
We have performed multiple experiments using a huge dataset which consists of 54, 254 sound
files, and supported our analysis and discussion with numerous statistical tests to analyze and
compare the two ASD systems. We have dedicated experiments for investigating the impact
of varying some hyperparameters of the autoencoder architecture, like the code (or bottleneck)
size Our experimental findings indicate that the deep residual network (ResNet) outperforms

the autoencoder model.

Keywords: Anomaly Sound Detection, Deep Learning, Statistical Test, Feature Extraction,

Machine Condition Monitoring.



Résumé

La détection d’anomalies sonores est un probléme d’identification si le son d’une machine
cible est normal ou il sort de 'ordinaire . La détection automatique des pannes mécaniques
est une technologie qui joue un réle important dans la cinquiéme révolution industrielle, com-
prenant I’automatisation d’usine basée sur l'intelligence artificielle. La détection rapide d’une
anomalie de machine en observant ses sons peut étre utile pour la surveillance de ’état d’une
machine. Le but de ce travail est d” explorer deux catégories différentes de systéme de détection
d’anomalies : détection d’anomalies en mode non supervisé et détection d’anomalies en mode
supervisé en utilisant la caractéristique log-mel energies. Le systéme de détection d’anomalies
en mode non supervisé consiste de un auto-encodeur profond tandis que le systéme en mode
supervisé adopte la stratégie d’expositions des anomalies basée sur le réseau neuronal résiduel
(ResNet). Nous avons réalis¢ de multiples expériences sur une base de données énorme consti-
tuée de 54,254 fichiers sonores. Nous avons appuyé notre analyse par des tests statistiques afin
d’interpréter et de comparer les deux systémes de détection d’anomalies. Nous avons dédié des
expériences pour étudier I'impact de la variation de certains hyperparameétres de ’architecture
de I'auto-encodeur comme la taille du code .Nos résultats expérimentaux indiquent que le réseau

neuronal résiduel surpasse I’auto-encodeur.

Mots Clés: La Détection d’Anomalies Sonores, Apprentissage Approfondi, Tests Statistiques,

Extraction de Caractéristiques, La Surveillance de I’Etat de Machine.
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Introduction

Context and problem statement

Anomalous Sound Detection (ASD) has received a lot of attention due to its diverse and practi-
cal applications [13]. ASD has been used for surveillance [82], gun-shot detection [166], product
inspection [86] and product maintenance [102]. ASD is used both as an independent measure
or in addition to visual /other information. Prompt response to changes observed in equipment
sounds can increase reliability and safety with expensive and dangerous machinery. The aim of
machine condition monitoring is to identify whether the sound emitted from a target machine
is normal or anomalous after training a system only with a set of normal sounds. Moreover,
automatically detecting mechanical failure is a significant technology in the fifth industrial rev-
olution. Therefore, having an early anomaly detection for machines by observing their sounds
could be very useful to detect an abnormal performance of the machines in advance.

ASD is divided into two broad categories, supervised ASD and unsupervised ASD. Supervised
ASD is comprised of tasks where anomalous sounds and their acoustic structures are defined
and can then be used to train the models. This includes environment detection, gun shot de-
tection, audio tagging etc. These models are specific to the type of anomalies being studied and
may perform badly or unexpectedly in case of unexpected anomalies. Unsupervised ASD tasks
are more common in situations where anomalies are not defined but there is enough information
of the type of normal acoustic structure expected. An anomaly is defined as anything which is
significantly outside this normal or expected structure, or an outlier. Therefore, unsupervised
ASD problems are popularly dealt with outlier detection techniques. The distance between a
model trained on normal sounds and the given anomalous or test sound is taken. This difference
is known as anomaly score, and it determines whether the test sample is an outlier or not based

on a threshold [86]. Figure 1 represents the overview of an ASD system.
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Figure 1: Overview of ASD System.
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The process of Anomaly Sound Detection consists of two main stages : Feature Engineering
and Machine Learning, Feature Engineering usually englobes two substeps: Pre-processing
and Feature Extraction. First, the main role of sound pre-processing step is to enhance
certain characteristics of the incoming audio file in order to optimize audio analysis performance
in the later phases of the analysis system. Then, feature extraction is applied on the resulting
preprocessed data. Here, we divide the audio signal into equal frames in order to perform
feature extraction and obtain a feature vector per frame. The most common types of features
used in the literature include: Mel-frequency cepstral coefficients [I71], Log Mel band Energy
[I72] and spectral centroid. Next, the deep neural network model takes the feature vector of
each frame and outputs an anomaly score of each input frame. Finally, we aggregate the score

of the frames composing the sound signal to obtain the overall score.

Related Work

While various approaches on classification [93][111] and tagging of acoustic scenes [94] have
been proposed in the last years, acoustic anomaly detection is still underrepresented. Due
to the release of publicly available datasets [95][96] the situation is gradually improving and
numerous attempts have been made by the research community [104][105]. The majority of
approaches to acoustic anomaly detection relies upon deep autoencoders. For example, Marchi
et al, use a bidirectional recurrent denoising AE to reconstruct auditory spectral features to
detect novel events [99]. In [TI0T] the authors compare various AE architectures, they conclude
that a convolutional architecture operating on the Mel-Frequency Cepstral Coefficients is well

suited for the task while a One-Class Support Vector Machine represents a strong and more



parameter efficient baseline. Kawaguchi et al, explicitly address the issue of background noise.
An ensemble method of front-end modules and backend modules followed by an ensemble-
based detector combines the strengths of various algorithms. Frontends consist of blind-
dereverberation and anomalous sound- extraction algorithms, back-ends are AEs. The final

anomaly score is computed by score-averaging [102].

Thesis structure

This thesis consists of two primary parts. The first part covers the state-of-the-art notions that
are necessary for understanding the ideas developed in this thesis. Chapter 1 is also divided
into two parts, the first one gives an overview of acoustic features used to represent audio signals.
Specifically, we present the different feature extraction techniques that are frequently used in
literature as for the second part of this chapter we review some relevant classification concepts,
providing a brief description of the supervised and unsupervised approaches, evaluation metrics
and statistical tests invoked in this work. In Chapter 2 we provide a brief description of
machine learning, state-of-the-art deep learning architectures. The second half of this thesis
describes the approach that we have chosen for building and evaluating our ASD systems. We
provide in Chapter 3 a detailed description of the pipeline for building our anomaly detection
systems, including the dataset used, feature extraction and parameters setting.

In Chapter 4, we describe and discuss the experimental results and findings that we have
obtained during our experiments through performance tables and plots. Finally, we conclude

by summarizing the contributions of this thesis, the lines of limitations and future work.



Chapter

(GGeneralities on Anomaly Sound Detection

1.1 Introduction

Anomaly Sound Detection (ASD) has received a lot of attention from the machine learning
community in recent years [13]. Since anomalous sounds indicate symptoms of mistakes or
malicious activities, their prompt detection can possibly prevent such problems. In particular,
ASD has been used for various purposes including audio surveillance [81][82], animal husbandry
[83][84], product inspection, and predictive maintenance [85|[86]. For the last application,
since anomalous sounds might indicate a fault in a piece of machinery, prompt detection of
anomalies would decrease the number of defective products and/or prevent propagation of
damage [13]. Digital signal processing (DSP) techniques are at the core of anomaly detection
systems. Programming a computer allows for the robust control of audio signals and the
creation of software for specialized tasks. Digital signal processing (DSP) is an extensive field
of mathematical methods with many applications to process digital audio signals. Together,
computer programming and DSP provide a framework for accomplishing many audio-related
tasks [4]. In recent years, machine learning has shown tremendous capabilities in learning
expressive representations of complex data, pushing the boundaries of different learning tasks.
machine learning for anomaly detection aims at learning feature representations via neural
networks for the sake of anomaly detection [147].

In this Chapter, we introduce a few fundamental concepts behind Anomaly Sound Detection
that we require to perform our work. We begin with defining the multiple characteristics
and representations of audio signals in section 1.2-1.3, we explain Preprocessing and feature
extraction techniques in Sections 1.4, 1.5. Then we provide a short introduction to the
relevant concepts of classification in Section 1.6. Then, in Section 1.7, 1.8 we present model
evaluation techniques and statistical tests. And Finally, we summarize the main concepts that

we have learned.
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1.2 Sound acquisition

Audible sound arises from pressure variations in the air falling on the ear drum. The human
auditory system is responsive to sounds in the frequency range of 20 Hz to 20 kHz as long as
the intensity lies above the frequency dependent “threshold of hearing”[1].

The sound captured by a microphone is a time waveform of the air pressure variation at
the location of the microphone in the sound field [I]. Many natural phenomena produce analog
signals which have a continuous range of values in both time and amplitude, which generally
leads to an infinite number of values. Since a computer can only store and process a finite
number of values, one has to convert the waveform into a discrete representation, this process
is commonly referred to as digitization|8] i.e we convert analog signals to digital signals.
Typically, digital audio signals are formed by sampling analog signals at regular intervals in
time, and then quantizing the amplitudes to discrete values [3]. The conversion from analog
signal to digital signal generates what is known as the representation of sound in the time

domain, as shown in the Figure 1.1.
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Figure 1.1: Time domain representation of a fan.

1.2.1 Sampling

Sampling a continuous-time signal implies taking snapshots of the signal at specific instances of
time [2]. The samples in a digital signal occur at regular time intervals, Ts, called the sampling
period with units of seconds per sample. The sampling rate, Fs = 1 /Ts, of a digital signal

defines the number of samples per second and is measured in Hertz (Hz).
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Figure 1.2: The sampling process[6].

1.2.2 Quantization

In a digital system, a fixed number of binary digits (bits) are used to represent numbers that
approximate the actual values of the samples of the analog waveform. In order to make a
signal suitable for treatment by numerical circuitry, it must first be represented in a numerical
format, or quantized. That is, a continuous range of values is replaced by a limited set of values

separated by discrete steps [5].
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Figure 1.3: Quantization|6].

1.3 Audio signal representation

Over the years, a large amount of work has been devoted to finding appropriate representations
that allow extraction of useful information from sound signals [7]. The time domain representa-
tion of a sound signal, or waveform, is not easy to interpret directly [7]. Most of the time it is

nearly impossible, from a waveform, to identify or even localize sound events (unless they occur
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at different dynamic ranges, e.g., a loud noise in a quiet environment) and to discriminate be-
tween sound scenes. Therefore, frequency-domain representations and time-frequency domain
representations have been used for years providing representations of the sound signals that are
more in line with human perception [7]. The frequency-domain representation of a signal can

be obtained using the Fourier Transform.
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Figure 1.4: Frequency domain representation of a fan.

1.4 The Fourier Transform

The Fourier transform is a mathematical way to go between the functional representation of
a signal and its Fourier representation. It is applied to turn a function of time into a function
of frequency by summing up its sinusoidal or complex exponential components. It allows the
passage from the temporal representation that shows the way the overall sound amplitude
changes over time to the frequency representation that shows how much of the signal lies
within each given frequency band over a range of frequencies. If the spectral content of the
signal does not change much over time, then this works quite well, but if the signal changes
over time the Fourier transform will not be able to distinguish between the different changes
in the spectral content. The short-time Fourier transform (STFT) is an attempt to fix

the lack of time resolution in the classic Fourier transform [79].

1.4.1 The Short Time Fourier Transform

The Fourier transform yields frequency information that is averaged over the entire time domain.
However, the information on when these frequencies occur is hidden in the transform [§]. To
recover the hidden time information, Dennis Gabor introduced back in 1946 the short-time

Fourier transform (STFT). Instead of considering the entire signal, the main idea of the
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STFT is to consider only a small section of the signal [§]. The signal is broken into many small
sequential pieces, called frames, and the Fourier transform is applied to each of these frames
in succession. What is produced is a time-dependent representation, showing the changes in
the spectrum as the signal progresses [9]. To this end, one fixes a so-called window function,
which is a function that is nonzero for only a short period of time [8]. It gently scales the
amplitude of the signal to zero at each end, reducing the discontinuity at frame boundaries|9]
as shown in Figure 1.5. The original signal is then multiplied with the window function to

produce a windowed signal [§]. Figure 1.5 represents a hamming window applied on a signal

frame.
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Figure 1.5: Applying the Hamming window function on a frame.

When these windowing functions are applied to a signal, it is clear that some information
near the frame boundaries is lost. For this reason, a further improvement to the STFT is
to overlap the frames as shown in Figure 1.6. When each part of the signal is analyzed in
more than one frame, information that is lost at a frame boundary is picked up between the

boundaries of the next frame [9)].
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Figure 1.6: Signal Framing.

1.5 Feature Extraction

Feature extraction is one of the most significant factors in audio signal processing. It has a
vital role in evaluating and characterizing audio content. Audio signals have many features,
not all of which are essential for audio processing [10]. Acoustic features can be classified into

3 categories : temporal, spectral, and perceptual features [10].

1.5.1 Temporal features

These features are computed directly from raw audio signals with no preceding data. Repre-
sentative instances of temporal features are zero-crossing rate, amplitude-based features, and
power-based features [7]. Such features normally suggest a simple tactic to investigate audio
signals. Therefore, their computational complexity is lower than that of spectral features [10].

However, it is generally necessary to combine them with spectral features for better represen-

tation [143].

1.5.2 Spectral features

Time domain representation shows the signal variation with respect to time. To analyze a sig-
nal in terms of frequency, the time-domain signal is converted into a frequency-domain signal

by using Fourier transform. Frequency domain analysis is a tool of utmost importance in audio

signal processing [11].
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Spectrograms
A sound spectrum is a representation of a sound, usually a short sample of a sound in terms
of the amount of vibration at each individual frequency, it is usually presented as a graph of
either power or pressure as a function of frequency [152]. The spectrogram is the time-varying
spectrum of a signal. To generate a spectrogram, the signal is broken into frames. As for the
STFT, the spectrum is calculated on each frame and these spectra are displayed as a time-
varying spectrum. The result is a measure of the way the frequency content of the signal
changes over time [79]. It can be visualized by means of a two-dimensional image, where the
horizontal axis represents time and the vertical axis represents frequency [80]. The Figure (1.7)

shows the spectrogram feature of an audio recording of a pump machine.
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Figure 1.7: Spectrogram of a recording of a pump.

Log-Mel Spectrograms
The Mel spectrogram involves applying the Mel filter banks to a spectrogram, converting the
frequency (Hz) scale into Mel scale (Figure 1.8) [7]. This is a non-linear transformation that
is motivated by the human’s auditory system, where frequencies are not perceived in a linear
scale. It is more noticeable for a human to distinguish the sound in lower frequencies, ranging
from 500 and 1000 Hz, than in higher frequencies ranging from 7500 and 8000 Hz. The range
of frequencies that can be heard by humans is generally from 20 to 20,000 Hz [152], and the
sensitivity is gradually lost as the frequency increases. Thus, applying the Mel filter bank is
beneficial as it highlights the variations in lower frequencies and gives more discriminating and

informative audio representation. The Mel scale is transformed from the frequency scale by

[

) (1.1)

10



CHAPTER 1. GENERALITIES ON ANOMALY SOUND DETECTION

the Mel scale can be transformed back to the frequency by
f(m) = 700(10™/%% _ 1) (1.2)

Mel filter bank is a set of triangular filters, each of the filter is centered and reaches the peak
at its center frequency and decreases to zero linearly at the two neighboring filters’ center
frequency. Those center frequencies of triangular filters are spaced non-linearly as they are
obtained by the linearly placed Mel scale and calculated by (1.2).

The linearly placed Mel scale is decided by the frequency limits and the number of Mel filters
defined [87], the filter bank energy is obtained after mel filtering. Finally, the logarithmic
conversion of the mel energy is calculated and then the Log Mel Spectrum is generated from

the filter bank.

Plot of Mel scale vs frequency
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Figure 1.8: The Mel Scale.

1.5.3 Perceptual Features

Perceptual frequency features indicate information with semantic meaning in the context of
human listeners. Therefore, they are organized according to semantically meaningful aspects

of sounds including pitch, fundamental frequency, loudness, intensity and sharpness.

e Loudness (measured in sones) is the subjective impression of the intensity of a sound in

such a way that a doubling in sones corresponds to a doubling of loudness [7].

e Pitch is a perceptual property of sounds that allows their ordering on a frequency-related
scale. More commonly, pitch is the quality that makes it possible to judge sounds as

«higher» and «lower» in the sense associated with sound recording.

e Sharpness can be interpreted as a spectral centroid based on psychoacoustic principle.

It is commonly estimated as a weighted centroid of specific loudness [88].
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1.6 Classification

In machine learning, classification is referred to as the problem of identifying whether an object
belongs to a particular category based on a previously learned model. This model is learned
statistically based on a set of training data whose categorization is predefined [25]. The concept
of classification has been traditionally treated in a broad sense, very often including supervised,
unsupervised and semi-supervised learning problems [26]. In supervised learning, available
data comprises feature vectors together with target values. The data is analysed in order to tune
parameters of a model, which can be used to predict the target values for novel data that was
not contained in the training set [I148]. Unlike supervised learning, unsupervised learning
is concerned with learning patterns in the input data without any output values available for
training [149]. given a data set D consisting of N unlabelled observations x, € R”. These are

assumed to be drawn from an unknown true distribution as
D = [x,])_, ~ P(x) (1.3)

The goal is to learn some useful properties of the distribution P(z), where the properties of
interest depend on the specific application [I56]. Semi-supervised learning is more recent when
compared with the supervised and unsupervised learning [22], as the name suggests; semi-
supervised learning is somewhere between unsupervised and supervised learning [I50]. The
dataset provided to the semi-supervised learning model is partially labeled [I51], and is also
provided with some supervision information [I8]. The main objective of semi-supervised learn-

ing is to overcome the drawbacks of both supervised and unsupervised learning [22].

Although classification is usually understood as supervised learning, semi-supervised and un-
supervised scenarios can be considered as a way of obtaining better classifiers. In the semi-
supervised setting, both labeled and unlabeled examples are used during the classifier’s con-
struction to complement the information obtained by considering only labeled samples [52].
Unsupervised learning is sometimes applied as a way to obtain labels for training classifiers or
to derive some parameters of the classification models [53][54]. The general aim of supervised
classification algorithms is to separate the classes of the problem (with a margin as wide as
possible) using only training data. If the output variable has two possible values, the problem
is referred to as binary classification. On the other hand, if there are more than two classes,
the problem is named multiclass or multinomial classification. A classification problem can be
formally defined as the task of estimating the label y of K-dimensional input vector x where

r € X C RE (note that, for most ML algorithms, input variables have to be real-valued) and
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yeY ={C1,C2,....,CQ}. In Supervised anomaly sound detection requires the entire dataset
to be labeled "normal” or "abnormal” and this technique is basically a type of binary classifica-
tion task. Semi-supervised anomaly sound detection requires only data considered "normal” to
be labeled, in this technique, the model will learn what "normal” data are like. Unsupervised
anomaly sound detection involves unlabeled data. In this technique, the model will learn which

data is "normal” and “abnormal” [153].

1.7 Evaluation

To measure the performance of anomaly detection techniques, the “accuracy” metric was often
used. Nevertheless, in the event of imbalanced datasets, the reported accuracy will not offer
an accurate representation of the technique’s efficiency. To measure the performance more
accurately, metrics such as True Positive (TP), True Negative (TN), False Positive (FP), False
Negative (FN), AUC, pAUC are used [154][155].

1.7.1 Confusion Matrix

Confusion matrix is a measure used to evaluate a classifier’'s performance considering a pre-
known set of labeled data [145]. It contains information about actual and predicted classifi-
cations done by a classification system. Performance of such systems is commonly evaluated
using the data in the matrix[146]. The row dimension contains the actual values, whereas the
column dimension consists of the predicted class. Figure 1.9 provides a representation of the

confusion matrix.

Actual Value
| {Obtained by experiment) |

Figure 1.9: Confusion matrix [145].
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e True Positives (TP) are the cases where the actual class of the data point is positive

and the predicted also positive.

e True Negatives (TIN) are the cases where the actual class of the data point is negative,

while the predicted is negative.

e False Positive (FP) are the cases where the actual class of the data point is negative,

while the predicted is positive.

e False Negative (FN) are the cases where the actual class of the data point is positive,

while the predicted is negative.

The metrics that can be computed from the Confusion matrix includes precision, recall, F1-

score, the mean average precision and the classification accuracy [145].

1.7.2 Area under the ROC Curve (AUC / pAUC)

A receiver operating characteristics (ROC) graph is a technique for visualizing, organizing
and selecting classifiers based on their performance [73]. Estimating ROC graphs is a general
approach to tuning and evaluating binary classifiers in machine learning. The ROC curve
for a binary scoring-based classifier. In our case, a scoring-based anomaly detector is a two-
dimensional curve in which the Sensitivity, also known as the True Positives Rate (TPR),
is plotted on the Y axis and the false alarm rate ( 1 — Specificity), also known as False
Positives Rate (FPR), is plotted on the X axis. Thus, a ROC curve visualises the relative
tradeoff between TPR [0, 1] and FPR |0, 1] for each possible anomaly threshold [73]. Figure

1.10 illustrates an example of a Roc curve.

100%

40%

True Positive Rate (Sensitivity)

% 2% A% 0% Bt 100%
Falsa Possive Rate | 1-Specilicity)

Figure 1.10: Roc Curve example.
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Several ROC curve summary measures have been proposed in the literature, such as the area

under the curve (AUC) [74] given by :

AUC = /1 ROC(u)du (1.4)

AUC is a standard measure for the classification performance of binary scoring based classifiers
[73]. The larger the AUC, the better the overall classification performance over all possible
thresholds. AUC corresponds to a portion of the area of the unit square and, thus, its value
will always be within [0, 1|. Intuitively, the AUC of an anomaly detector is equivalent to the
probability that the anomaly detector will rank a random example from the abnormal class
higher than a random example from the normal class [73]. Nevertheless, the partial AUC
(PAUC) [75] has been proposed as an alternative to AUC in binary classification applications
when only a subrange of the ROC curve is of practical interest, e.g., FPR [0, 0.01]|. In anomaly
sound detection (ASD) the reason for the additional use of the pAUC is based on practical
requirements. If an ASD system frequently gives false alerts, it cannot be trusted. Therefore,
it is especially important to increase the true positive rate (TPR) under low FPR conditions

[144].

1.8 Statistical Tests

Recently, the machine learning community has become increasingly aware of the need for sta-
tistical validation of the published results [76]. Various researchers adopt different statistical
and common-sense techniques to decide whether the differences between the algorithms are real

or random. In this section we shall examine the statistical tests used in our thesis.

1.8.1 Sign Test

A popular way to compare the overall performances of classifiers is to count the number of data
sets on which an algorithm is the overall winner. When multiple algorithms are compared,
pairwise comparisons are sometimes organized in a matrix [65]. Some authors also use these
counts in inferential statistics, with a form of binomial test that is known as the sign test
[T7][78]. If the two algorithms compared are, as assumed under the null-hypothesis, equivalent,
each should win on approximately N/2 out of N data sets. The number of wins is distributed
according to the binomial distribution; the critical number of wins can be found in [65]. For
a greater number of data sets, the number of wins is under the null-hypothesis distributed

according to N(N/2,v/N /2 which allows for the use of z-test: if the number of wins is at least
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N/2+1.96v/N /2 (or, for a quick rule of a thumb, N/2++/N) the algorithm is significantly better
with p < 0.05. Since tied matches support the null-hypothesis they should not be discounted
but split evenly between the two classifiers [65].

1.8.2 Wilcoxon Signed-Ranks Test

The Wilcoxon signed-ranks test (Wilcoxon, 1945) is a non-parametric alternative to the paired
t-test, which ranks the differences in performances of two classifiers for each data set, ignoring
the signs, and compares the ranks for the positive and the negative differences. let d; again
be the difference between the performance scores of the two classifiers on i-th out of N data
sets. The differences are ranked according to their absolute values; average ranks are assigned
in case of ties. Let R be the sum of ranks for the data sets on which the second algorithm
outperformed the first, and R~ the sum of ranks for the opposite. Ranks of d; = 0 are split

evenly among the sums [65], Their formal definitions are given by:

Rt = Z rank(d;) + % Z rank(d;) (1.5)

d; >0 d;=0

R = Z rank(d;) + % Z rank(d;) (1.6)

d; <0

Finally, the statistics T is computed as T = min(R", R~). For small N the critical value for
T can can be found in any textbook on general statistics [65], whereas for larger N the statistics:

L T—3iN(N+1) 7)

\/2—14N(N F1)(2N + 1)

1.9 Conclusion

In this chapter, we have reviewed the concept of sound and audio signals processing, we also
presented several types of features which play a huge part in our work as they are required to
be an input for the learning stage. We have reviewed some important concepts of classification
in general. Many classification paradigms have been applied for developing anomaly sound
detection systems. Most importantly, deep learning-based systems have attracted a wide spread
attention from the research community due to their effectiveness. Therefore, in the next chapter,
we will give an overview of some deep learning notions, including several well-known deep

architectures such as Residual neural networks and Autoencoders.
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Chapter

Deep Learning for Machine Condition
Monitoring

2.1 Introduction

In the previous chapter we discussed the concept of audio signals and the process followed to
extract the features that are required for the machine learning task. and we reviewed some
concepts of machine learning techniques for building an anomaly sound detection system. In
addition to machine learning , deep learning algorithms have become increasingly popular at
detecting anomalies , it completely surpasses traditional methods of machine learning which
makes it a crucial part in anomaly sound detection systems. In this chapter we introduce
the concept of Machine learning and Deep learning, then we focus on the supervised and the

unsupervised techniques that we used to build our ASD system.

2.2 Machine Learning Basics

Machine learning techniques have been widely applied in a variety of areas [I59]. With machine
learning techniques, computers are endowed with the capability of acting without being explic-
itly programmed, constructing algorithms that can learn from data, and making data-driven
decisions or predictions. During the past decades, machine learning has brought enormous
influence on our daily life with examples including efficient web search, self-driving systems,
computer vision, and optical character recognition. In addition, by adopting machine learning
methods, the human-level artificial intelligence (AI) has been improved as well, see [30][31][32]

for more discussions.
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2.2.1 Types of problems and tasks

Anomaly sound detection (ASD) refers to the problem of finding patterns in data that do not
conform to expected behavior. These non-conforming patterns are often referred to as anomalies
or outliers. Machine learning techniques for anomaly sound detection are mostly classified into
supervised and unsupervised. the ADS system can be trained using a supervised method that
is used in various Sound environment tasks such as audio scene classification [141], sound event
detection [14][15], and audio tagging [I6]. On the other hand, unsupervised ASD [I7][19] is the
task of detecting “unknown” anomalous sounds that have not been observed. many machine
learning techniques were used to detect anomalies in audio. However, two machine learning
techniques stand out: the Autoencoder (AE) and the Convolutional Neural Network (CNN)
[13]. Another categorization of machine learning tasks arises when one considers the desired
output of a machine learned system, this categorization gathers two broad tasks in machine
learning which classification and regression [23]. In regression output variable takes continuous

values while in classification output variable takes class labels [24].

2.3 Deep Learning

Machine learning techniques have been widely applied in a variety of areas such as pattern
recognition, natural language processing and computational learning [I59]. Nevertheless, when
it comes to the human information processing mechanisms (e.g. speech and vision), the perfor-
mance of traditional machine learning techniques are far from satisfactory [159]. Inspired by
deep hierarchical structures of human speech perception and production systems, the concept
of deep learning algorithms was introduced in the late 20th century [159].

Over the last years, deep learning has emerged as a popular set of machine learning methods
based on learning data representations. It has been shown that deep learning algorithms are
able to beat state-of-the-art approaches in traditional machine learning problems [27][28].Deep
learning is a set of learning methods attempting to model data with complex architectures
combining different non-linear transformations. The elementary bricks of deep learning are the
neural networks that are combined to form the deep neural networks.These techniques have
enabled significant progress in the fields of sound and image processing, including facial recog-
nition, speech recognition, computer vision, automated language processing, text classification
(for example spam recognition) [160]. Deep learning is a term that combines methods based
on the use of deep artificial neural networks inspired by the structure and function of the

human brain.
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2.3.1 Deep Neural Networks

An Artificial Neural Network (ANN) is an information processing paradigm that is inspired by
the way biological nervous systems, such as the brain, process information. The key element of
this paradigm is the novel structure of the information processing system [29]. Neural networks
process information in a similar way the human brain does. The network is composed of a large
number of highly interconnected processing elements (neurons) working in parallel to solve a
specific problem [29].

ANNSs, like people, learn by example. An ANN is configured for a specific application, such
as pattern recognition or data classification, through a learning process. Learning in biological
systems involves adjustments to the synaptic connections that exist between the neurons. This
is true of ANNs as well [29]. Basic ANN contains one or several layers of neurons. Layer
represents a set of neurons that are not connected between each other in most cases, and
stay between other layers. Some neuron layers are defined as input and output layers which
depend on their position [34]. An artificial neural network with more than one hidden layer
is considered to be a deep neural network, and a network with less than two hidden layers is
considered a shallow neural network [I6I]. The advantage of deep neural networks is evident
when processing large amounts of data. The quality of traditional algorithms, reaching a certain
limit, no longer increases with the amount of available data. At the same time, deep neural
networks can extract the features that provide the solution to the problem, so that the more
data, the more subtle dependencies can be used by the neural network to improve the quality

of the solution [I61].

2.3.1.1 Neuron

Artificial neurons, which try to mimic the behavior of the human brain, are the fundamental
component for building ANNs. The basic computational element (neuron) is called a node (or
unit) which receives inputs from external sources and has some internal parameters (including
weights and biases that are learned during training) which produce outputs [33]. Figure 2.1

illustrates the main components of an artificial neuron.
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Figure 2.1: Representation of an artificial neuron [162].

2.3.1.2 Multi-layer Perceptron

The multilayer perceptron is the most known and most frequently used type of neural network.
On most occasions, the signals are transmitted within the network in one direction: from input
to output. There is no loop, the output of each neuron does not affect the neuron itself.

A node, also called a neuron or Perceptron, is a computational unit that has one or more
weighted input connections, a transfer function that combines the inputs in some way, and an
output connection.Nodes are then organized into layers to comprise a network. A single-layer
artificial neural network, also called a single-layer, has a single layer of nodes, as its name
suggests. Each node in the single layer connects directly to an input variable and contributes
to an output variable.

Single-layer networks have just one layer of active units. Inputs connect directly to the outputs
through a single layer of weights. The outputs do not interact, so a network with N outputs can
be treated as N separate single-output networks [63]. A single-layer network can be extended
to a multiple-layer network, referred to as a Multilayer Perceptron. A Multilayer Perceptron,
or MLP for short, is an artificial neural network with more than a single layer.

The standard multilayer perceptron (MLP) is a cascade of single-layer perceptrons. There is a
layer of input nodes, a layer of output nodes, and one or more intermediate layers. The interior
layers are sometimes called “hidden layers” because they are not directly observable from the

systems inputs and outputs [63]. the architecture of the MLP is shown in the figure below.
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Figure 2.2: MLP network architecture [64].

2.3.1.3 Activation Functions

The primary neural networks decision-making units are activation functions. Moreover, they
evaluate the output of networks neural nodes; thus, they are essential for the performance of
the whole network. Hence, it is critical to choose the most appropriate activation function in

neural networks calculation [163]. some commonly used functions are :

e Sigmoid : Sigmoid is a smooth monotonic non-linear function, It has gained popularity
in Neural Networks as an activation function due to its ability to increase low signals and
to not get over saturated from high signals. The function can input signals from —oo to
+oo and outputs signal from 0 to 1, that makes it the best normalising function, It can

be defined as follows.

(z) = (2.1)

e Rectified Linear Unit (Relu): The Rectified Linear Unit has become very popular
in the last few years. The activation is simply thresholded at zero. It was found to
greatly accelerate the convergence of stochastic gradient descent compared to the sigmoid

function [35]. It can be defined as follows.

21



CHAPTER 2. DEEP LEARNING FOR MACHINE CONDITION MONITORING

ReLU = max(0, x) (2.2)

e SoftMax : The softmax function of z, is a generalization of the sigmoid function that
represents a probability distribution over a discrete variable with n possible values.
Softmax functions are often used as the output units of a classifier. Formally, the softmax

function is given by
e’

S

e Tanh : The tanh non-linearity is shown on the Figure 2.3. It squashes a real-valued

(2.3)

number to the range [-1, 1]. Like the sigmoid neuron, its activations saturate, but unlike

the sigmoid neuron its output is zero-centred [35].

10} —

03/

wn

=10 =5 I 10

Figure 2.3: Tanh graphic.

Therefore, in practice the tanh non-linearity is always preferred to the sigmoid nonlinearity.
Also note that the tanh neuron is simply a scaled sigmoid neuron, in particular the following
holds:

1 — 672x

Fo) = Te=

(2.4)
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2.3.1.4 Training Algorithms

The output of a neural network is calculated from its input and its parameters such as weights
and biases. In order to get the desired target outputs as the network output for a given input,
the network is trained using a certain optimization algorithm. Since the input cannot be
updated by the network, the network training involves the optimization of the network param-

eters [36].

Gradient Descent (GD)

The gradient descent approach is a first-order optimization algorithm which is used for finding
the local minima of an objective function. This has been used for training ANNs in the last
couple of decades successfully [42][43]. GD has three variants that differ based on the amount
of data utilized to compute the gradient of the hypothesis function.

e Stochastic Gradient Descent,or SGD for short, is an optimization algorithm used to
train machine learning algorithms, most notably artificial neural networks used in deep
learning. The job of the algorithm is to find a set of internal model parameters that
perform well against some performance measure such as logarithmic loss or mean squared
error. The optimization algorithm is called “gradient descent”, where “gradient” refers to
the calculation of an error gradient or slope of error and “descent” refers to the moving

down along that slope towards some minimum level of error.

e Batch Gradient Descent is a variation of the gradient descent algorithm that calculates
the error for each example in the training dataset, but only updates the model after all

training examples have been evaluated.

e Mini-batch gradient descent is a variation of the gradient descent algorithm that
splits the training dataset into small batches that are used to calculate model error and

update model coefficients.

Back propagation algorithm

Backpropagation is the essence of neural network training. It is the method of fine-tuning
the weights of a neural network based on the error rate obtained in the previous epoch (i.e.,
iteration). Proper tuning of the weights allows to reduce error rates and make the model
reliable by increasing its generalization. In other words, backpropagation compares the output
calculated by the system to the given target values. calculates the difference between the two,
and adjusts the weights between its units to improve its accuracy. It is a standard method of

training artificial neural networks. This method helps calculate the gradient of a loss function
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for a single weight by the chain rule. It efficiently computes one layer at a time, unlike a native

direct computation.

2.3.1.5 Overfitting and regularizations

Deep neural networks with a large number of parameters are very powerful machine learning
systems. However, overfitting is a serious problem in such networks [37]. The network is
overfitted when it fits in a high extent to the training data set and therefore loses its ability to
predict on new data [39]. Large networks are also slow to use, making it difficult to deal with
overfitting by combining the predictions of many different large neural networks at test time

[37]. There are several techniques proposed to address this issue.

e Dropout : It is a relatively new algorithm for training neural networks which relies on
stochastically “dropping out” neurons during training [38]. With the dropout algorithm ,
the activations of the hidden units are dropped out with a certain probability and therefore
these units do not have any effect on the output of the network [36]. This significantly

reduces overfitting and gives major improvements over other regularization methods [37].

e Early stopping : It was invented in the early days of neural networks. It has a straight-
forward approach; the training of the network is being stopped before it overfits to the
training data. Early stopping can be regarded as straightforward in the aspect of un-
derstanding the basics; the training should be stopped when generalization decreases.

Exactly when this occurs could be clear in some cases but less so in others [39].

e Batch Normalization : One of the most recently proposed regularization methods is
called batch normalization. It assumes normalization of each layer of neurons to have
zero mean and unit variance over each training batch. It allows the use of much higher
learning rates and saturating nonlinearities (such as sigmoid functions) without a risk of

divergence or being stuck in the saturated regime [40].

2.3.1.6 Hyper-parameters of Neural Network

Hyper-parameters are the variables which determines the network structure( and the variables
which determine how the network is trained, The hyper-parameters employed in this study are

as follows:

e The learning rate : It is an important component for training deep neural net-
work(DNN). The learning rate h is the step size considered during training which makes

the training process faster. However, selecting the value of the learning rate is sensitive.
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For example: If the value for is large, the network may start diverging instead of con-
verging. On the other hand, if the value for A& is small, it will take more time for the
network to converge. In addition, it may easily get stuck in local minimal. The typical

solution to this problem is to reduce the learning rate during training [41].

e Batch size : It is a hyper-parameter that defines the number of samples to work through

before updating the internal model parameters.

e Number of epochs : It is a hyper-parameter that defines the number times that the
learning algorithm will work through the entire training dataset. One epoch means that
each sample in the training dataset has had an opportunity to update the internal model

parameters. An epoch consists of one or more batches.

e Number of hidden layers: It determines the depth of the network. The higher the

value is, the deeper the network.

e Number of units in each layer: hey can be different for each layer. These values

determine the number of weights in total.

2.4 Unsupervised anomaly detection

Unsupervised anomaly detection methods detect anomalies without using anomalous data,
these methods evolved to cater to situations where anomalous data is either extremely scarce
or it has no expected structure [120]. Often clustering, dimensionality reduction, and generative
techniques are considered as unsupervised learning approaches. There are several members of
the deep learning family that are good at clustering and non-linear dimensionality reduction,
including Auto-Encoders (AE) [33]. Any test signal that deviates from this developed model
or structure is regarded as anomalous or abnormal. An anomalous “score” is calculated as the
distance between the trained model and the test signal. This score is compared to a threshold
and a binary decision of “normal or anomalous” is given. Figure (2.4) shows the basic flow of

this process.
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Figure 2.4: Flow of Unsupervised ASD.

2.4.1 Auto-Encoder

An autoencoder is an unsupervised neural network which is trained to reconstruct a given input
from its latent representation [68]. They are simple learning circuits which aim to transform
inputs into outputs with the least possible amount of distortion. These networks have a dis-
tinctive hourglass shape, with a first layer that has the same size as the last layer, but fewer
neurons in their hidden layers (Figure 2.5). While conceptually simple, they play an important
role in machine learning. Autoencoders were first introduced in the 1980s by Hinton and the
PDP group to address the problem of “backpropagation without a teacher”, by using the input
data as the teacher [53].

Input Output

code ]

Encoder Decoder

Figure 2.5: The Autoencoder architecture [69)].

The aim of AutoEncoders is to learn an input function to reconstruct the input to an out-
put of fewer dimensions. It approximates the identity function to get the outcome of a neural

network similar to the input. In other words, it tries to copy the input to its output. Mathe-
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matically, if z is the input (also called an encoder), 2’ is the network (also called a decoder).
The architecture of autoencoders reduces dimensionality using non-linear optimization [57]. As
represented by Eq. (2.5), the encoder network generates the feature representation by mapping
the given input network traffic x to hidden layer using an activation function f parameterized

by W as weights and b as the bias [70)].
h= f(Wz+b) (2.5)

Similarly, the decoder network reconstructs the original input network traffic from the generated

feature representation using the activation function g parameterized by W and b as given below
Z=gWh+1) (2.6)

To train an autoencoder, several parameters must be pre-set. These are parameters that de-

termine the architecture of an autoencoder such as :

e Code size: It is a number of units in the middle layer of an autoencoder or the last layer
of the encoder. Autoencoders who have a code size smaller than the input size are called
Undercomplete autoencoders. These Autoencoders are designed to capture useful
features in the data and reduce its dimensionality by representing the whole population
with captured silent features. In this case, the network is encouraged to learn some sort

of compression.

e Number of layers : Depending on the number of hidden layers, autoencoders can be
divided into deep and shallow. A shallow autoencoder has just one hidden layer. and

deep autoencoder has two or more hidden layers.

e Optimizer : are the algorithms that try to find optimal values of mathematical func-
tions used in training a neural network. The gradient descent algorithm is one of the

optimization algorithms used for autoencoders.It was considered in section 2.3.1.3.

The main purpose of this neural network is for the dimensionality reduction of the dataset
provided [56]. The existing auto-encoder can be divided into the following types : Sparse

AutoEncoder, Denoising AutoEncoder, Variational Autoencoder [58].

2.4.2 Loss function

The loss function evaluates the effectiveness of training neural networks. It returns a score that

indicates how well a network performs. In the case of autoencoder, it measures how good the
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reconstruction is, most commonly used loss functions are the mean squared error and the cross

entropy loss functions.

2.4.2.1 Mean Squared Error loss function

Typically used for real-valued inputs, the function L represents the sum of squared Euclidean

distances between the input vector x and reconstructed vector z’, as shown by the equation

Lo, g(F(@))) = 5 D20} = ) 2.)

where ¢(h) is the decoder output, h = f(z) is the encoder output or code. When the input
is real values | — oo;+o00] it is recommended to use a linear activation function in the last

reconstruction layer [164].

2.4.2.2 Cross Entropy loss function

Typically used for binary inputs, the loss function represents the sum of Bernoulli cross-

entropies between two distributions [164]:

Lz, g(f(x))) = —1 Z(%ZOQ(%) + (1= a)log(1 — 7)) (2.8)

2.5 Supervised anomaly detection

Unsupervised anomalous sound detection is concerned with identifying sounds that deviate
from what is defined as “normal”, without explicitly specifying the types of anomalies.

A significant obstacle is the diversity and rareness of outliers, which typically prevent from
collecting a representative set of anomalous sounds. As a consequence, most anomaly detection
methods use unsupervised rather than supervised machine learning methods.

Nevertheless, anomalous sound detection can be effectively framed as a supervised classification
problem if the set of anomalous samples is carefully substituted with outliers [66]. for instance
, in case of machine monitoring Outliers are all other possible sounds in the audio domain
excluding the normal data, which are all possible sounds emitted from a machine in a normal
operation state; and the abnormal data, which comprises all sounds emitted from a machine in

a non-normal state [67].
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Figure 2.6: Comparison between supervised, unsupervised, and outlier-exposed ASD [67].

In Figure 2.6 dark green area represents the negative, light green the positive class. Samples
in the light blue area are not available/ used.
If both normal and abnormal samples are available for training, anomaly detection can be con-
sidered a classification task, where normal samples belong to the negative class, and abnormal
samples belong to the positive class (Figure 2.6.a). However, the lack of anomalous samples
generally prevents from modeling anomaly detection in this supervised framework. To be able
to still treat anomaly detection as a classification task, the definition of the positive class ex-
tends to include various other samples, i.e., samples that are neither normal nor abnormal but
still in the same domain (outliers for short). If the anomaly detection problem is framed this
way, the classifier has to distinguish normal samples from any other possible sample in the same
domain [67].
Under the Outlier-exposed anomaly detection settings, many supervised learning techniques
can be used. For instance, Qiugiang Kong et al, used convolutional neural networks (CNN)
in [116] due to the great performance achieved by CNNs in image processing. In this project,
we have chosen a deep residual neural network used by koutini et al [I41] which is a variant
of the convolutional network, which has been successfully adopted for various audio-related

classification tasks [165].
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2.5.1 Convolutional neural networks

This network structure was first proposed by Fukushima in 1988 [44]. However, It was not widely
used due to limits of computation hardware for training the network. In the 1990s, LeCun et al
[45] applied a gradient-based learning algorithm to CNNs and obtained successful results for the
handwritten digit classification problem. After that, researchers further improved CNNs and
reported state-of-the-art results in many tasks. Convolutional Neural Networks, like their fully
connected counterparts, consist of a series of layered transformations of input data mediated by
computational nodes. However, they have more diverse architecture and are more efficient at
encoding relationships between input and output (in terms of number of parameters)[46], The
max pooling layer of CNNs is effective in absorbing shape variations. Moreover, composed
of sparse connections with tied weights, CNNs have significantly fewer parameters than a fully
connected network of similar size. Most of all, CNNs are trained with the gradient-based learn-
ing algorithm and suffer less from the vanishing gradient problem. this problem occurs when
long term components go exponentially fast to norm 0, making it impossible for the model
to learn correlation between temporally distant events during the training [90]. Given that
the gradient-based algorithm trains the whole network to minimize an error criterion directly,
CNNs can produce highly optimized weights [33]. A CNN is made up primarily of 3 kinds
of layers: Convolutional layers, Pooling layers, and Fully Connected layers [47]. the

sample architecture of the convolutional neural networks is shown in the figure below.

Fully connected lavers

Input = convolutional

Figure 2.7: Convolutional neural network architecture [47].

The Convolutional Layer : Convolutional layer is the most important component of any
CNN architecture. It contains a set of convolutional kernels (also called filters) [49]. Every filter
is small spatially (along width and height), but extends through the full depth of the input
volume [50]. The output of the kernels goes through a linear or non-linear activation function,

such as sigmoid, hyperbolic tangent, Softmax, rectified linear, and identity functions) to form
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the output feature maps. Each of the output feature maps can be combined with more than

one input feature map [33].

The Pooling Layer : Pooling is a key-step in convolutional based systems that reduces the
dimensionality of the feature maps [51] also referred as subsampling or downsampling[50]. It
combines a set of values into a smaller number of values, i.e., the reduction in the dimensionality
of the feature map. It transforms the joint feature representation into valuable information by
keeping useful information and eliminating irrelevant information. Pooling operators provide a
form of spatial transformation invariance as well as reducing the computational complexity for
upper layers by eliminating some connections between convolutional layers [51].

Two common types of pooling layers are max pooling and average pooling: the max pooling
selects the maximum valued cell out of the receptive field of that neuron, whereas average
pooling passes the average of the cell values in the local receptive field of the neuron. Either
before or after the pooling layer an additive bias and sigmoidal nonlinearity is applied to each

feature map [47].
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Figure 2.8: Max and Average Pooling [57].

The Fully Connected Layer : The output feature maps of the final convolution or pooling
layer is typically flattened, i.e., transformed into a one-dimensional (1D) array of numbers (or
vector), and connected to one or more fully connected layers, also known as dense layers,
in which every input is connected to every output by a learnable weight. Once the features
extracted by the convolution layers and downsampled by the pooling layers are created, they
are mapped by a subset of fully connected layers to the final outputs of the network, such as the
probabilities for each class in classification tasks. The final fully connected layer typically has

the same number of output nodes as the number of classes. Each fully connected layer is followed
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by a nonlinear function [52]. In addition, Regularization techniques can be applied in the fully
connected layers to prevent overfitting [50]. table 2.1 represents some of hyperparameters used

in convolutional neural networks.

Table 2.1: A list of parameters and hyperparameters in a convolutional neural network
(CNN)[52]

Parameters Hyperparameters

Kernel size, number of kernels, stride, padding, ac-

Convolution layer Kernels tivation function
Pooling layer None Pooling method, filter size, stride, padding
Fully connected layer =~ Weights Number of weights, activation function

Model architecture, optimizer, learning rate, loss
Others function, mini-batch size, epochs, regularization,
weight initialization, dataset splitting

2.5.2 Deep residual neural networks

Residual Network (ResNet) is is a Convolutional Neural Network, developed by the MSRA
(Microsoft Research Asia) in 2015 [91]. They acknowledged the fact that stacking of more
and more convolutional layers does not always lead to better performance [91]. ResNet was
developed with the intent of designing ultra-deep networks that did not suffer from the vanishing
gradient problem that predecessors had [33]. ResNet is a traditional feedforward network with
a residual connection [33]. It comprises many stacked residual blocks with a key component
called the skip connection [88| that skips one or more layers. Instead of hoping each few
stacked layers directly fit a desired underlying mapping, these layers fit a residual mapping.
Formally, denoting the desired underlying mapping as H(z) of the input =z, the stacked
nonlinear layers fit another mapping of F(x) = H(z) — x [91]. The basic block diagram of the

ResNet architecture is shown in Figure 2.9.

Fix)
x J—' Conv Layer, filter [ Conv.Layer. filter Aé‘«ﬁ’rﬁc) = Fx)+x

Figure 2.9: Basic diagram of the Residual block [33].
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The skip connections in the residual blocks facilitate preserving the norm of the gradient,
avoiding by this manner the vanishing gradient problem and leading to stable backpropagation

[92].

2.6 Summary of empirical and theoretical findings

While various approaches on classification [93|[T11] and tagging of acoustic scenes [94] have
been proposed in the last years, acoustic anomaly detection is still underrepresented. Due to
the release of publicly available datasets [95][96] [97]|[98] the situation is gradually improving and
numerous attempts have been made by the research community [104][105][106] The majority of
approaches to acoustic anomaly detection relies upon deep autoencoders. For example, Marchi
et al, use a bidirectional recurrent denoising AE to reconstruct auditory spectral features to
detect novel events [99]. In [I0I] the authors compare various AE architectures, they con-
clude that a convolutional architecture operating on the Mel-Frequency Cepstral Coefficients
is well suited for the task while a One-Class Support Vector Machine represents a strong and
more parameter efficient baseline. Kawaguchi et al [102], explicitly address the issue of back-
ground noise. An ensemble method of front-end modules and backend modules followed by
an ensemble-based detector combines the strengths of various algorithms. Frontends consist of
blind-dereverberation and anomalous sound- extraction algorithms, back-ends are AEs. The
final anomaly score is computed by score-averaging [102].

In [86] anomalous sound detection is interpreted as statistical hypothesis testing where they
propose a loss function based on the Neyman-Pearson lemma. In contrast to these architecture-
driven approaches, Koizumi et al, introduced Batch- Uniformization, a modification to the AE’s
training procedure where the reciprocal of the probabilistic density of each sample is used to
up-weigh rare sounds [104]. Another line of work investigates upon methods that operate di-
rectly on the raw waveform [105][I12]. These methods use generative, WaveNet-like (Oord
et al., 2016)[106] architectures to predict the next sample and take the prediction error as a
measure of abnormality. Their results indicate a slight advantage over AE based approaches
at the cost of higher computational demands. Fully-supervised approaches for anomaly de-
tection usually ignore unlabeled data during the training-phase: for example, (Almgren and
Jonsson, 2004) [107] employ a max-margin classifier that separates the innocuous data from
the attacks. Stokes and Platt, present a technique which combines approaches for effective
discrimination [108]. Mao et al. take a multi-view and co-training approach based on [110]
to learn from labeled and unlabeled data. table 2.2 shows a synthesis of the previous studies

analyzed including: dataset, audio features, ML model and evaluation method for each one.
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Table 2.2: Summary of related works

Study | Year | Dataset Audio Features ML Model Evaluation Method
DenseNet-121,
Mivia STFT, MFCC,
[113] 2020 7 MobileNetV2,
Dataset [123] Mel-Scale
ResNet-50
ToyADMOS SPIDERnet, AE, | AUC, ROC,
[114] 2020 | [137],MIMII Mel-Filterbank Naive MSE;, TPR, FPR,
[136] PROTOnet F-measure
Precision,
UrbanSound8K Agglomerative
LPC, MFCC, and Recall, F1-
[115] 2019 | [126], TUT Clustering,
) GFCC score, TP,
Dataset [127] BIRCH
FP, FN
DCASE2018
) Fl-score,
Task 1 [12§], FFT, and Log mel
[116] 2019 CNN AUC, mA
DCASE2018 spectrogram
) A ER
Task 2 [129]
TUT Dataset
One-Class SVM,
[117] 2019 | [127], NAB Raw data Accuracy
) and LSTM-AE
Data Corpus|[130]
DCASE AE, VAE, and AUC, TPR,
[118] 2019 | MFCC
2016 Dataset|I31] VAEGAN and pAUC
Toy Car
Time-series of
[119J 2019 Runnjng AE AUC
) acoustic
Dataset [132]
General WaveNet, AE,
Log mel filter
[105] 2018 | Sound Effects - BLSTM-AE, Fl-score
an
Library[133] AR-LSTM
Log mel energies, Siamese NN, F1-score,
[121} 2018 A3FALL[134J SVM’ One-Class Recal]’
DWT SVM Precision
Elliptic Envelope, | Fl-score,
[122] 2018 | TUT Dataset|127] | MFCC
Isolation Forest and ER

1Recognition Rate
2Miss Detection Rate
3Error Rate

4mean average precision
Saverage precision
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in this work we used the MIMII and ToyAdmos dasets used in [114] and we extracted the log
mel energies features from every audio file as they are used in many Anomaly Sound Detection
tasks [105][121], our models’ architecture is inspired by the auto-encoders used in [105] [114][118]
and a deep residual neural network used in [II3|[141], we evaluated our developed systems
using area under the receiver operating characteristic curve (AUC) and pAUC as they are the
most used evaluation metrics in numerous ASD studies [IT14]|[116][118] due to the problem of

imbalanced datasets in anomaly detection tasks.

2.7 Challenges
2.7.1 Lack of Data

In the case of real world factories, from the view of the development cost, it is impracticable to
deliberately damage the expensive target machine. In addition, actual anomalous sounds occur
rarely and have high variability [86]. Therefore Obtaining an exhaustive number of recordings
from anomalous operation for training is not suitable as it would require either deliberately
damaging machines or waiting a potentially long time until enough machines suffered from
damages, thus there is an imbalance in the data between number anomalous sounds and non-

anomalous sounds.

2.7.2 Noisy Data

In factories, where there are many other types of equipment operating alongside the equipment
being tested for anomalies. All the sounds emitted by the additional equipment will constitute
background noise that interferes with the collection of sounds from the target equipment. In
such environments, the background noise can drown out the sounds made by the operation of
the target equipment. Therefore, it is essential to reduce this background noise in order to use

sound as a means of detecting equipment operating anomalously [103].

2.8 Conclusion

Throughout this chapter, we have reviewed some important concepts of deep learning methods.
First, we have presented the deep neural networks architectures used in our work, both su-
pervised and unsupervised techniques. Furthermore, we have summarized some empirical and
theoretical findings on the differences of the architectures presented in this chapter. Finally,

we have discussed the challenges related to anomaly sound detection systems.
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Chapter

Design of Anomaly Detection Systems for
Machine Condition Monitoring

3.1 Introduction

This chapter presents the pipeline for building our anomaly detection systems. First, in Section
3.2 we present our dataset. Then, in Section 3.3, we describe our implemented Anomaly
Sound Detection systems, and present the features used to train the system as well as the

model topology.

3.2 Dataset

The data used for this task comprises parts of ToyADMOS [137] and the MIMII Dataset [136]
consisting of the normal /anomalous operating sounds of six types of toy /real machines. Anoma-
lous sounds in these datasets are collected by deliberately damaging the target machines. The
following six types of toy/real machines are used in this task: Toy-car and Toy-conveyor from
ToyADMOS, and Valve, Pump, Fan, and Slide rail from the MIMII Dataset. To simplify the
task, we use only the first channel of multichannel recordings; all recordings are regarded as
single-channel recordings of a fixed microphone. Each recording is an approximately 10-sec-long
audio that includes both the target machine’s operating sound and environmental noise. The
sampling rate of all signals has been downsampled to 16 kHz. We mixed a target machine sound
with environmental noise, and only noisy recordings are provided as training/test data. The
environmental noise samples were recorded in several real factory environments. the details of
the recording procedure are in chapter 4 section 4.2.

In this task, we define two important terms: Machine Type and Machine ID. Machine Type
means the kind of machine and Machine ID is the identifier of each individual of the same type
of machine, which numbers three or four in the training dataset and three in the test dataset.

For each Machine Type and Machine 1D, the development dataset includes around 1000 sam-
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ples of normal sounds for training and 100-200 samples each of normal and anomalous sounds
for the test. The evaluation dataset consists of around 400 test samples each for Machine Type
and Machine ID, none of which have a condition label (i.e., normal or anomaly). Note that
the Machine IDs of the evaluation dataset are different from those of the development dataset.
Thus, we also provide an additional training dataset that includes around 1,000 normal samples

each for Machine Type and Machine ID used in the evaluation dataset.

3.3 Design and analysis of Anomaly Sound Detection sys-
tems

We aim at building two different Anomaly Sound Detection systems for machine condition
monitoring that are able to identify whether the sound emitted from a target machine is normal
or abnormal under a condition of using only normal sound samples as training data. Our two
systems consist of an unsupervised system based on an autoencoder and a supervised system
based on a residual neural network. For both our systems we used log-mel energies as the
acoustic features with the same parameters as input to our models to calculate the anomaly
score of each test sample instead of the decision result. Here, the anomaly score takes a large
value when the input signal seems to be anomalous, and vice versa. After calculating anomaly
scores per frame, we aggregate them into an anomaly score of the sound signal. Figure 3.1

represents the process of our anomaly sound detection systems.
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Figure 3.1: Overview of our ASD systems.
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3.3.1 Feature Extraction

Feature extraction is one of the most crucial stages in the anomaly sound detection task frame-
work. This stage contributes greatly to the effectiveness of an ASD system. One of the most
popular features applied in the ASD tasks are representations of Mel-frequency scales such as
Log-Mel energies [140]. The main reason for their success is that they provide a reasonably
good representation of the spectral properties of the audio signal. In addition, they produce a
reasonably high inter-class variability allowing for class discrimination.

We have extracted the frequency domain features: Log-Mel band energies from the audio sam-
ples to train our models. The sampling rate of all signals has been down sampled to 16 kHz.
As a first feature extraction step, we have applied a Short-Time Fourier Transform with a
Hamming windowing function size of 1024 and hop length of 512 samples. Next, 64 bin
Mel-filter bands are applied to the calculated power spectrums. Finally, the resulting Mel-
energy values are logarithmically scaled to obtain the Log-Mel features. We have extracted
these features using the Librosa version 0.6.3 python package.Table 3.1 represents a summary

of the values and variants used in extracting Log-Mel band energies.

Table 3.1: Log-Mel energies parameters.

Parameter Configuration
Sample rate 16000 Hz
Hamming Window 1024

Mel-filter bands 64

Hop length 512

3.3.2 Neural Network Architectures

We have built two network architectures to build our ASD systems. The first one employs
an unsupervised approach which is a simple autoencoder, whereas the second is based on a

supervised approach which is a deep residual network.

3.3.2.1 Unsupervised approach: an autoencoder for Sound Anomaly Detection

Autoencoder is a kind of artificial neural network used in semi-supervised learning and unsu-
pervised learning. It can learn the efficient representation of input data, so it is widely applied

in dimensionality reduction and anomaly detection.
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The encoder and decoder networks consist of four fully-connected layers with 128 hidden
units, followed by Batch Normalization and ReLLU as the activation function. The bottleneck
layer is set as one fully-connected layer with 8 hidden units, resulting in a 8-dimensional latent
space. And 5 concatenated frames to form a 320-dimensional input vector. Figure 3.2 illustrates

the AE architecture.
i 320

128 128 128 128 128 128 128 128

Input Encoder code Decoder Reconstruction

Figure 3.2: AE Network architectures.

The difference between the original input vector and the AE output response is called the
reconstruction error , in this task the reconstruction error element is used to detect sound
anomalies. Firstly, an AE is trained with only normal sound samples, aiming to minimize
the reconstruction error. The obtained model is assumed to be capable of compressing the
input features, learning their most relevant relationships. Secondly, the trained AE can be
tested with unseen data. If the unseen data is similar to the trained patterns (related to the
normal sounds), when the AE should reproduce the new input with good accuracy. However,
if the unseen data is anomalous, the AE should not be able to reconstruct the input and the
error will be greater. Thus, the magnitude of the reconstruction error can be used to detect
anomalies. The test samples’ reconstruction error, averaged over the whole sample, is used as
anomaly score. we first calculated the log-mel energies of input X € RF*T where F = 64
and T = 5 are the numbers of mel filters and time frames, respectively. Then, the acoustic

feature at t is obtained by concatenating before/after P frames of log-mel-filterbank outputs

as ¢ = (Xp_pyoeenne. Xi+p). The anomaly score is calculated as
1 I
Ap(r) = T Z | & — AEg(oy) ||§ (3.1)
t=1
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where ||.|| is the (2 norm , and AFE is an autoencoder with parameter 6. The (2 norm
calculates the distance of the vector coordinate from the origin of the vector space. As such,
it is also known as the Euclidean norm as it is calculated as the Euclidean distance from the
origin. The result is a positive distance value. The ¢2 norm is calculated as the square root of
the sum of the squared vector values.

The encoder and decoder were trained to minimize the Mean Squared Error (MSE) between
input and its reconstruction, using a learning rate of 0.001 and the Adam optimizer for 100

epochs with batch size of 512.

3.3.2.2 Supervised approach: a Residual Network for Sound Anomaly Detection

We choose the model architecture introduced by Koutini et al [141], a receptive-field-regularized,
fully convolutional, residual network (ResNet) [91], which has been successfully adopted for var-
ious audio-related classification tasks [165]. Figure 3.3 represents our ResNet model architecture

that we used in this task , the residual block is represented inside the red frame.
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The model consists of three stages with four residual blocks for the first stage, one and two
residual blocks for the second and third stages respectively. The first stage is preceded by a
convolutional layer with 64 filters of kernel size 5x5. We apply global average pooling after the
last layer, which allows us to use inputs of varying sizes. In the first stage, a max-pooling layer
with kernel size 2x2 follows after the first, second, and fourth residual block. Each residual
block consists of two convolutional layers, where we use 64, 128, and 256 filters in the first,
second, and third stage, respectively. In the first stage, we use filters of size 3x3, except for
the second convolution of the first and fourth block where we use 1x1 filters. In the other two
stages, we use filters of size 1x1. A batch normalization layer follows each convolutional layer
and we use ReL U activations.

To overcome the scarcity problem of anomalous sounds, we propose to substitute real abnormals
with Outliers, i.e., carefully selected recordings that are neither normal nor abnormal sounds.
Note that, compared to anomalous sounds, outliers are cheap and easy to collect if not already
available in abundance. To determine what kind of outliers can be utilized for acoustic Machine
Condition Monitoring, we take advantage of machine sounds contained in the combined version
of the MIMII [136] and ToyAdmos [I37] datasets. The training process is for a specific machine
instance (ID) and not per machine type which means we use the training set of this particular
machine instance as normal data and we set the remaining machines instances’ training sets as

outliers, Figure 3.4 represents the training method we used in this task.

/ AITMIT or TovAdmos \

Di ID

Target 1 IDO

K Machine Tvpe 1 R Machine Typen /

Figure 3.4: Outlier Exposed Strategy.

In Figure 3.4 The target set contains the normal sounds (light blue). outliers sets are se-
lected from the remaining machines’ training sets (green).

Our model is trained on random snippets of 256 frames length to minimize the Binary Cross
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Entropy (BCE) which is defined as a measure of the difference between two probability distri-
butions for a given random variable or set of events [142]. We have 100 epochs and ADAM
update rule and batch size of 64. Batches are stratified to contain 32 positive and 32 negative
samples.

The anomaly score for each test example is obtained by collecting all 256-frame windows of
the input, computing the logit score for each of them, and then mean aggregating all the logit

scores to a single value.

3.4 conclusion

In this chapter, we have described the setup used to conduct our task. We have presented
the dataset used to train our systems as well as the features and the models used in our ASD
systems. In the following chapter, we will present the results of our experiments and analyze
them in order to derive guidelines for building Anomaly Sound Detection systems based on

numerous statistical comparisons.
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Chapter

Experimental Results and Discussion

4.1 Introduction

This chapter describes and discusses the experimental results and findings that we have obtained
during our experiments. The main goal of our case study is to compare the performances of

several Anomaly detection systems.

4.2 Data acquisition procedure

We have carried out our experiments on the MIMII dataset [136] and the Toy ADMOS dataset
[137], first, the MIMII dataset contains the sound of four different types of machines: valves,
pumps, fans, and slide rails. The valves are solenoid valves that are repeatedly opened and
closed. The pumps are water pumps that drain water from a pool and discharge water to the
pool continuously. The fans represent industrial fans, which are used to provide a continuous
flow of gas or air in factories. The slide rails represent linear slide systems, which consist of a
moving platform and a stage base [136].

Each type of machine includes seven individual machines IDs, a total of 26,092 normal sound
segments for all machines were recorded. In addition to this, different real-life anomalous
scenarios have been considered for each kind of machine: contamination, leakage, rotating

unbalance, rail damage, etc. The various running conditions are listed in Table 4.1.

Table 4.1: list of operations and anomalous conditions [136]

Machine type operations Examples of anomalous conditions
Valve Open / close repeat with different timing ~ More than two kinds of contamination.
Pump Suction from / discharge to a water pool Leakage, contamination, clogging, etc.
Fan Normal operation Unbalanced, voltage change, clogging, etc.
Slide rail Slide repeat at different speeds Rail damage, loose belt, no grease, etc.
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Secondly, The ToyADMOS dataset consists of normal and abnormal sounds of two sub-
datasets for two types of tasks. A different toy is used for each task. The list of sound files for
each machine type of ToyAdmos dataset is provided in Table 3.1. The name and overview of

each sub-dataset are as follows:

e Toy car: Designed for product-inspection task. A toy car runs on an inspection device.
Sound data are collected with four microphones arranged close to the inspection device.
Anomalous sounds were generated by deliberately damaging the shaft, gears, tires, and

voltage of the ToyCar [I37], as shown in Table 4.2.

e Toy conveyor: Designed for fault diagnosis of a fixed machine. A toy conveyor is fixed
on a desk, and sound data are collected with four microphones. One is fixed on the
body of the conveyor, and the other three are placed on the desk. Anomalous sounds
were generated by deliberately damaging the tension pulley, trail pulley, and belt and

excessively lowering/raising the voltage of the ToyConveyor [137], as shown in Table 4.2.

Table 4.2: List of deliberately damaged parts and their conditions [137]

ToyCar ToyConveyor
Parts Condition Parts Condition
Shaft - Bent Tension pulley | - Excessive tension
- Deformed ] - Excessive tension
Gears Tail pulley
- Melted - Removed

- Attached metallic object 1
) - Coiled (plastic ribbon)
Tires Belt - Attached metallic object 2
- Coiled (steel ribbon)
- Attached metallic object 3

- Over voltage - Over voltage
Voltage Voltage

- Under voltage - Under voltage

The number of train and test samples we used in our task for both the development and

evaluation datasets of MIMII and ToyAdmos are in table 4.3 below.
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Table 4.3: Summary of provided datasets.

. Audio Files . Audio Files
Machine Type | mode | ID Machine Type | mode | ID
Train | Test Train | Test
00 | 891 00 | 968
02 | 608 02 | 968
Dev Dev
Valve 04 | 900 Slide rail 04 | 434
06 | 892 06 | 434
01 899 01 1246
Eval 03 1083 Eval 03 1246
05 1399 05 712
00 | 906 01 | 1000
02 | 905 02 | 1000
Dev Dev
Pump 04 | 602 ToyCar 03 | 1000
06 | 936 04 | 1000
01 1119 05 1515
Eval 03 819 Eval 06 1515
05 1256 07 1515
00 | 911
01 | 1000
D 02 | 916 D
ev ev 02 | 1000
Fan 04 | 933 ToyConveyor
03 | 1000
06 | 915
01 1360 04 1555
Eval 03 1340 Eval 05 1555
05 1458 06 1555

4.2.1 Recording environment and setup :

The MIMII dataset was collected using a TAMAGO-03 microphone manufactured by System In
Frontier Inc [I35]. It is a circular microphone array that consists of eight distinct microphones.
The microphone array was kept at a distance of 50 cm from the machines (10 cm in the case
of valves), and 10-second sound segments were recorded. Note that each machine sound was
recorded in a separate session. Under the running condition, the sound of the machine was
recorded as 16-bit audio signals sampled at 16 kHz in a reverberant environment. Apart from

the target machine sound, background noise in multiple real factories was continuously recorded
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and later mixed with the target machine sound for simulating real environments. For recording
the background noise, the same microphone array was used as for the target machine sound
[136].

Four omnidirectional microphones (SHURE SM11-CN) were used in ToyAdmos dataset for
collecting these sounds, The main advantage of the ToyADMOS dataset over other datasets
[138][139] is that it was built under controlled conditions [137].

4.3 Development environment and utility libraries

We have conducted our experiments using Python which is an object oriented open source pro-
gramming language [167] we begun with extracting features from the dataset and displaying it
using librosa which is a python package for audio analysis, Furthermore, the machine learning

process was managed using multiple Python packages, including :

Librosa: Librosa is a Python package for audio and music signal analysis and processing. It
provides implementations of a variety of common functions that fall into four categories hat
are audio and time-series operations, spectrogram calculation, time and frequency conversion,

and pitch operations [168] These functions are heavily used throughout our experiments.

Tensorflow: Tensorflow is an open-source library that implements automatic learning meth-
ods based on the principle of deep learning neural networks. We have used Tensorflow in our
work as it supports a variety of applications, with a focus on training and inference on deep

neural networks [169].

Keras: Keras is a high-level API written in python that runs on a Tensorflow backend. It
is an approachable, highly-productive interface for solving machine learning problems, with a
focus on modern deep learning. Its simplicity helps users develop a deep learning model quickly

and provides a ton of flexibility while still being a high-level API [170].

Pytorch: PyTorch is an open-source library developed by Facebook that performs instan-
taneous dynamic tensor computations with automatic differentiation and GPU acceleration,
while maintaining performance comparable to the fastest modern libraries for deep learning
[34].

In addition to the above mentioned deep learning libraries we have made use of the Numpy

library to perform manipulation operations on our data, the Matplotlib library for plotting and
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graphical representations, tqdm library that allow the output of smart progress bars. Table 4.4

provides additional information about the libraries we have used in our work.

Table 4.4: Utility python libraries

Utility Library Version

Python 3.7
Librosa 0.8.1
Keras 2.6.0
Tensorflow 2.6.0
PyTorch 1.0.0
Matplotlib 3.2.2
Numpy 1.19.5
Tqdm 4.62.0

We have trained our classifiers using Google Colaboratory which is a google cloud environ-
ment,for machine learning, data analysis and educationit consist of an executable Python
notebooks (Jupyter notebooks) that execute code on Google’s cloud servers, and are highly
integrated with Google Drive which we used as a storage of our dataset, making them easy to

set up, access, and share.

4.4 FEvaluation

Both of our systems are evaluated using the area under the receiver operating characteristic
( ROC) curve ( AUC) and the partial-AUC ( pAUC'). The pAUC is an AUC calculated from
a portion of the ROC curve over a prespecified range of interest. In our metric, the pAUC
is calculated as the AUC over a low false-positive-rate ( F'PR) range [0, p| with p = 0.1.
The reason for the additional use of the pAUC is based on practical requirements. If an ASD
system gives false alerts frequently, it could not be trusted Therefore, it is especially important
to increase the true-positive-rate under low F PR conditions. AUC and pAUC are calculated

as
N_ Ny

1 N _
AUC = N > H(Ag(z]) — (27)) (4.1)

i=1 j=1

PAUC = e 35 H(Aa7) = (o) (4.2

i=1 j=1
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where |[.] is the flooring function and H(z) returns 1 when z > 0 and 0 otherwise. Here,
x; and xj are normal and anomalous test samples, respectively,and have been sorted so that
their anomaly scores are in descending order. Here, N_ and N, are the number of normal

and anomalous test samples, respectively.

4.5 Experiments

The main goal of this work is to design Anomaly detection systems for monitoring machine
condition. To this end, we have developed two systems: an AutoEncoder and an outlier-exposed
ResNet. Note that the description of both systems is provided in Chapter 3. In this section,

we describe and discuss three conducted experiments :
e Experiment 1: Supervised vs Unsupervised.
e Experiment 2: Impact of the code size.

e Experiment 3: Deep vs Shallow Neural Networks.

4.5.1 Experiment 1 : Supervised vs Unsupervised

We dedicate this experiment to compare the AutoEncoder system with the outlier-exposed

ResNet. Table 4.5 reports the obtained AUC and pAUC scores of each machine.
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Table 4.5: AUC and pAUC scores of AE and ResNet.

Outlier Exposure AutoEncoder
Machine ID | AUC pAUC AUC pAUC
1 81.89 % 74.84 % 62.75 % 52.66 %
ToyCar 2 87.69 % 76.74 % 64.41 % 53.08 %
3 96.07 % 90.6 % 55.94 % 52.16 %
4 99.91 % 99.53 % 61.94 % 51.07 %
Average 91.39% 85.43 % | 61.26 % | 52.24 %
Machine ID | AUC pAUC AUC pAUC
1 88.45 % 80 % 73.97 % 59.99 %
Toy Conveyor | 2 77.05 % 63.12 % 62.58 % 54.83 %
3 72.82 % 62.10 % 68.6 % 57.36 %
Average 79.44 % | 68.41% 68.39 % | 57.4 %
Machine ID | AUC pAUC AUC pAUC
0 62.39 % 60.48 % 58.31 % 50.23 %
Fan 2 98.48 % 95.10 % 46.68 % 50.10 %
4 76.23 % 67.15 % 60.28 % 52.17 %
6 100 % 100 % 48.22 % 51.07 %
Average 84.27 % | 80.63 % | 53.37 % | 50.89 %
Machine ID | AUC pAUC AUC pAUC
0 82.43 % 78.46 % 65.06 % 55.64 %
Pump 2 76 % 61.87 % 57.6 % 57.51 %
4 99.83 % 99.10 % 81.56 % 58.10 %
6 97.5 93.6 % 72.15 % 56.96 %
Average 88.94 % | 83.26 % | 69.09 % | 57.05 %
Machine ID | AUC pAUC AUC pAUC
0 99.58% 97.81 % 91.78 % 62.55 %
Skider 2 91.43 % 75.61 % 76.39 % 56.75 %
4 99.76 % 98.75 % 94.52% 72.85 %
6 83.13 % 48.07 % 62.44 % 48.07 %
Average 93.47 % | 80.06 % | 81.28 % | 60.05 %
Machine ID | AUC pAUC | AUC pAUC
0 100 % 100 % 68.42 % 53.69 %
Valve 2 32.07 % 48.99 % 63.12 % 51.27 %
4 98.89 % 96.14 % 74.65 % 52.45 %
6 99.81 % 99.56 % 56.36 % 49.38 %
Average 82.69 % | 86.17 % | 65.64 % | 51.7 %
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The performance of each system in terms of AUC and pAUC averaged per machine type
is illustrated in Figures 4.1 and 4.2. The results shown in Table 4.5 indicate that the outlier-
exposed ResNet outperforms the AutoEncoder system over most machines and by a large
margin. In order to assess whether this margin is significant or not, we have opted for a sign test.
The sign test is a non-parametric statistical test alternative to the paired t-test. In addition,
according to numerous authors [65], this test is considered the best strategy to compare two
algorithms over multiple domains when the data is drawn from unknown distribution. Under
the null hypothesis, we assume that the observed differences are due to chance. The results
as shown in Table 4.5 indicate that the supervised learner achieves 6 significant wins over its
counterpart learner. According to statistical tables [65], this difference is significant with p-
value < 0.05; specifically ( p — value = 0.03), which allows to. This finding confirms our initial

observation regarding the difference in performances.
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4.5.2 Experiment 2 : Impact of the code size

In this experiment, we investigate the impact of varying the size of the bottleneck layer, i.e the
code size, on the performance of the AutoEncoder-based system with regards to each machine
type. To this end, we have carried out the following experiment: we have tested 10 values of
code sizes 4, 5, 8, 10, 12, 20, 40, 80, 160, 320 and plotted the AUC score for each machine type.
We report in Figure 4.3 the obtained results.

AVG AUC for all machines with diffrent code size
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Figure 4.3: Average AUC per Machine Type with different code size

We can summarize the analysis of the illustrated results by two main observations:

1. For machine type: slider and valve, increasing the code size has an overall positive
impact on the AUC scores. Specifically, the curves exhibit fluctuation for all code sizes.
This behavior is expected since we have not tested sufficient values of code sizes, which
make the curves appear inconsistent and noisy. Most importantly, we notice a remarkable
increase in AUC scores when the code size is set to 320. Additional investigations should

be conducted in order to fully understand the impact of the code size on these two machine
types.
2. For the remaining machine types, increasing the code size has an overall negative impact

on AUC scores. Specifically, the curves fluctuate for code sizes lower than 50; then begin

decreasing slowly as the code size gets larger.
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4.5.3 Experiment 3 : Deep vs Shallow Neural Networks

The goal of this experiment is to examine the influence of the number of hidden layers of the
autoencoder. To this end, we have built several detection systems, while varying the number of
hidden layers. We have set this parameter to the following values : 1, 2, 3, 4 and 5. We report
in Table 4.6 the AUC scores of these 5 systems.

Table 4.6: AUC and pAUC scores (%) for different number of layers

1 Layer 2 Layers 3 Layers 4 Layers 5 Layers

AUC | pAUC | AUC | pAUC | AUC | pAUC | AUC | pAUC | AUC | pAUC
ToyCar 75.49 | 64.82 77.53 | 66.37 75.33 | 64.63 61.26 | 52.24 75.34 | 65.22
ToyConveyor | 65.18 | 55.62 67.89 | 57.49 67.86 | 58.01 68.39 | 57.4 68.9 58.41
Fan 60.68 | 52.47 61.82 | 53.03 62.11 | 52.28 53.37 | 50.89 62.55 | 52.14
Pump 68.94 | 58.29 70.74 | 60.31 71.63 | 61.88 69.09 | 57.05 68.73 | 54.17
Slider 79.04 | 61.48 82.13 | 64.35 81.94 | 63.31 81.28 | 60.05 84.11 | 68.04
Valve 51.29 | 49.87 59.16 | 50.44 53.14 | 48.81 65.64 | 51.7 66.01 | 51.1

In order to compare these scores, we have followed Demsar methodology [65]. We have
chosen the Wilcoxon signed-ranks test. This test is used for comparing two techniques over
multiple domains; in this case, machine types. The main difference between the sign and
Wilcoxon test is that, the Wilcoxon test ranks the differences between the scores and compares
the ranks for the positive and the negative differences, whereas the sign test counts the number

of machine types on which a system is the overall winner without considering the differences

between the scores.

Table 4.7: Summary of the Wilcoxon signed-ranks statistics.

Layer 2 | Layer 3 | Layer 4 | Layer 5

W/T/L|6/0/0 5/0/1 4/0/2 4/0/2
Layer 1

p-value | 0.0277 | 0.0464 | 0.7532 0.1159

W/T/L 3/0/3 2/0/4 4/0/2
Layer 2

p-value 0.6002 0.2489 0.7532

W/T/L 2/0/4 5/0/1
Layer 3

p-value 0.1730 0.3454

W/T/L 5/0/1
Layer 4 /T/ /0/

p-value 0.0464
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We compare in Table 4.7 the AUC scores in a pairwise manner based on the Wilcoxon test.
We report in each entry of this table the number of Win/Tie/Loss of the system in the column
over the system in the row, and the second row shows the p-values for the Wilcoxon test.

The results shown in Table 4.7 indicate that:

the models trained with two and three layers exhibit significantly better performance compared
to the one layer model with p-value 0.02 and p-value 0.04 respectively.

the 5 layer model outperforms the 4 layer model with p-value 0.04 which leaves the 4 layer
model to have the poorest performance among the other models.

Based on these observations, we can conclude that the number of the hidden layers influences
on the AE system performance. Specifically, our analysis indicates that deep architectures do
not always guarantee better predictive performance because they tend often to overfit [157],
although the shallow model ( one layer) on the other hand has the poorest performance within
the other models, thus we observed that the 2 layers and 3 layers models surpasses the shallow

and deeper models ( 4/5 layers ) at predicting anomalies.
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Conclusion

The primary goal of this thesis is to conduct empirical analysis and comparisons among
Anomaly Sound Detection systems that are able to distinguish between normal and abnor-
mal sounds emitted from a target machine. To this end, we have carried out two sets of
ASD systems and conducted multiple experiments to analyze the behavior of the unsupervised

system.

summary of experimental findings

We have carried out our experiments on the MIMII dataset [I36] and the ToyADMOS
dataset [I37] consisting of the normal/anomalous operating sounds of six types of toy/real
machines which consists of 54, 254 sound files in wav format. In this project we made use of
two deep learning-based models: AutoEncoder (AE) and Residual Neural Network (ResNet).
We trained these models on Log-Mel energies features using the same parameters for both
models.To evaluate each developed system, we used AUC and pAUC due to its efficacy with
unbalanced datasets. Finally, we supported our analysis and discussion with various powerful
statistical tests namely: Sign test and Wilcoxon signed rank test. From this experimental study,

we can derive the following conclusions:

1. Framing the anomaly sound detection as a supervised classification problem using a deep
residual neural network showed robust and consistent results of the ASD system compared

to the unsupervised system.

2. Increasing the code size of the autoencoder has an overall positive impact on detecting

anomalies for some machines and a negative impact for the other remaining machines.

3. Varying the number of the hidden layers of the autoencoder model showed that shallow

AE has a poor performance compared to deeper AEs.
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4. Statistically testing the obtained scores is a powerful mechanism for comparing and un-

raveling existing differences among anomaly sound detection systems.

Contributions

Although a great number of Anomaly Sound Detection systems have been developed using
different audio processing methods and machine learning paradigms, most of them have fo-
cused on extracting relevant features and finding suitable classifiers to improve the overall
performance. Furthermore, several seminar papers have been published recently, most of them
have invoked recent deep learning architecture, for instance: AutoEncoders, Deep Residual
Neural Network [I3]. Motivated by these needs, we have designed and analyzed the behavior
of two Anomaly Sound Detection systems. Additionally, we have conducted extensive exper-
imental comparisons among the developed systems. In what follows, we summarize our main

contributions:

1. We conduct thorough and extensive experiments on anomaly sound detection systems
trained using a large-scale audio dataset of parts of ToyADMOS [137] and the MIMII
Dataset [136] consisting of the normal /anomalous operating sounds of six types of toy /real

machines.

2. We have designed our ASD systems using well-known deep neural network architectures,
which have been successfully used in audio-related tasks [I41][114]. Specifically, we have
studied Deep Residual Neural Network (ResNet) and AutoEncoder (AE). In addition, we

have supported our analysis and discussion with numerous statistical tests.

3. We analyze the importance of well-tuning of some parameters of the unsupervised model

architecture and its impact on the performance of the ASD system.

4. We expand our research work by statistically comparing the two developed ASD systems

using numerous tests.

Limits and Future work

In the previous section, we have summarized our main contributions. However, it is of paramount
importance to specify the limitations of our work and highlight potential future work directions.
In our experiments, we have only considered the use of the log-mel energy feature, an appealing

work direction would be to thoroughly investigate other features such as MFCC and LFC.
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Similarly, the hyperparameters used for training the deep learning models considerably affect
the detection ability. A natural extension of this work would be to investigate tuning several
hyperparameters for the ResNet model by varying the learning rate instead of fixing it which
showed a better impact in numerous studies. Another appealing work direction would be to
use different advanced deep learning architectures for both our systems such as Convolution
Recurrent Neural Network (CRNN) for the supervised system and Denoising AE, variational AE
for the unsupervised system. During this project, we have encountered many difficulties. The
training of the learning models took a very long time due to the lack of dedicated computational
platforms. In addition, when performing model selection, storing the trained classifiers caused
a considerable increase in the usage of memory space.

In this project we learned the main steps for building a machine learning experiment, and how
to statistically compare between systems. We also learned how to process sound and extract

useful features from it for further machine learning tasks.
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