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Often with mechanical machines, the operating sound can indicate the condition,
the correctness of settings, or the need for maintenance. For example, many
drivers can tell, even without training, that there is something wrong with a car
by the sound it makes. Such skill is relatively easy for humans to master, but
reproducing it in an artificial system is challenging. An artificial system that could
detect impending faults or need for maintenance by utilizing only sounds would
have many potential applications. Microphones have relatively low-cost compared
to other kinds of specialized sensors. Sounds can be detected remotely and even
beyond barriers, allowing more freedom in the positioning of the sensor than, for
instance, vibration based solutions. We propose a system with three levels of
fault detection, from which this research will focus on the first two. Firstly, the
system detects an indication that there could be a fault; secondly it detects that
there is a high probability for fault occurring. On the third level, it would identify
specific faults. In this thesis, we conducted a literature review of the field. In
the literature, most methods are based on identifying specific pre-learned faults
in specific applications, with only a handful of general methods. We devised
a method and metrics to distinguish between normal and abnormal operating
sounds of a mechanical machine by utilizing several low-level features, which
were extracted both from time and frequency domain. We conducted experiments
to evaluate the implemented system. The experiments included various sounds
of machines operating normally and after they were damaged. In addition, we
evaluated performance with added -6 dB SNR Gaussian white noise. The results
indicate that the approach is valid and the system performed well even with added
noise. The results of this thesis will be utilized in further research on sound based
fault detection.
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Mekaanisten laitteiden toimintaäänesta voidaan saada tietoa laitteen kunnosta ja huollon tarpeesta. Esimerkiksi vaikka auton kuljettaja ei olisi ammattimekaanikko, pystyy hän useissa tapauksissa päättelemään auton käyntiäänestä,
että jotain on vialla. Asia verrattain on helppo ihmisille, mutta se on haastava ongelma koneille. Automaattisella järjestelmällä, joka pysytyisi tunnistamaan vian pelkästään äänen perusteella, olisi potentiaalisesti paljon hyötyä. Aanen käyttämisestä viantunnistukseen on etuja. Kuulo on etäaisti, joka pystyy
välittämään tietoa etäisistä tapahumista, jopa esteiden takaa. Tällöin saavutetaan etua verrattuna moniin muihin signaaleihin, jotka vaativat fyysisen kosketuksen tai asennuksen analysoitavaan laitteeseen, kuten tärinä signaali. Lisäksi
mikrofoni on verrattain halpa sensori, minkä ansiosta järjestelmästä voisi tehdä
kustannustehokkaan. Ehdotamme kolmitasoista viantunnistusjärjestelmää, joista tämä työ keskittyy kahteen ensimmäiseen. Ensimmäisellä tasolla järjestelmän
tulisi kyetä tunnistamaan mahdollisen ongelman esiintyminen, toisella sen tulisi
pystyä tunnistamaan, että vika on todennäköisesti olemassa. Kolmannella tasolla
järjestelmän tulisi kyetä tunnistamaan kyseisen vian tyyppi. Tässä työssä esittelemme kirjallisuuskatsauksen aiheeseen. Viimeaikoina on ollut kasvavaa kiinnostusta ääneen pohjautuvien viantunnistuksen tutkimukseen. Useimmat menetelmät luokittelevat äänisignaalin ennalta kerättyjen vikaäänien perusteella.
Yleisiä viantunnistusmenelmiä ei ole tutkittu yhtä kattavasti. Työssä esitämme
menetelmän, joka perustuu useisiin äänen piirteisiin, jotka kattavat sekä taajuus, että aika esityksen. Suoritimme kokeita, joiden avulla arvioimme toteutetun järjestelmän toimivuutta. Kokeissa nauhoitimme laitteiden normaaleja ääniä,
sekä ääniä, joissa esiintyy vika. Lisäksi arvioimme järjestelmän kohinan sietoisuutta lisäämällä kyseisiin ääniin -6 desibelin ääni-kohinasuhteella olevaa Gaussian valkoista kohinaa. Saamiemme tulosten perusteella, menetelmämme on validi
ja järjestelmä toimi verrattain hyvin huolimatta voimakkaasta kohinasta. Tämän
työn tuloksia tullaan hyödyntämää ääneen pohjautuvan vian tunnistuksen jatkotutkimuksessa.
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Kieli:
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Chapter 1

Introduction
Often with mechanical machines, the operating sound can indicate the condition, the correctness of settings, or the need for maintenance. For example,
many drivers can tell, even without training, that there is something wrong
with a car by the operating sound. Industrial drilling machines produce
characteristic sounds if there is a misalignment. Trained listeners can even
identify the specific nature of the problem by sound alone. Although such
skills are relatively simple for humans, the implementation of an equivalent
artificial system is not straightforward.
Akira Iwata laboratory at the Nagoya Institute of Technology is conducting sound related research. One of the new research interests is sound based
fault detection, where they are looking for methods to detect and identify
faults in mechanical systems by utilizing only operating sound.
The practical goal of this thesis is to implement a system able to detect
abnormalities in a sound signal for detecting faults and to identify previously
detected faults. Thesis also provides a literacy review of current sound based
fault detection methods, presents the implemented method, and conducted
experiments to evaluate the system.
The work for the thesis was done in fall 2014 and spring 2015 in the Akira
Iwata laboratory at the Nagoya Institute of Technology in Japan.

1.1

Problem statement

The laboratory is opening a new venue of research for methods to detect
emerging faults in mechanical systems based on operating sound. The goal
is to have a system implemented in a concrete device that could warn about
impeding faults and later later identify specific faults. Thus it sets requirements and limitations for the thesis. Firstly, the research point of view the
8
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thesis requires that the system is rapidly developable, but on the other hand
the method must utilize hardware friendly method so that it can be implemented as a embedded device.
As the fault detection is a new research venue, we have to make comprehensive literacy review of the field, including also related methods with
similarities, like vibration based methods. To get a good understanding of
the problem domain, we must study how different kind of characteristics of
faults are presented in different sound domain measures. Good understanding of the previous work and the experimental fault sounds are critical for
designing a method that could provide robust fault detection. In addition, in
order to prove the methods effectiveness, it has to be evaluated by conducting
experiments with relevant fault sounds. In addition, as sound is susceptible
to external noise, which could affect real-life performance of the system, we
have to evaluate the robustness of the method.

1.2

Motivation

Any mechanical machine needs to be maintained intermittently to prevent
faults and to ensure that it is operating with normal parameters. In spite of
maintenance, machines can break down for many reasons. Breakdowns and
incorrect settings incur costs in several ways, cost of the physical replacement
part, human effort to repair the machine, and lost production for the time
that a machine is not operating. In some cases, the cost can be high.
The probability of a fault can be lowered with maintenance. In many
cases, the maintenance interval is determined statistically and safety margin
is used. Avoiding breakages by using high safety margin, leads to unnecessary
often done maintenance. If impeding faults could be detected automatically,
lower safety margin could be used and downtime of the system decreased.
Thus a system that could automatically detect impending faults or wrong
settings in a machine before it breaks down, could bring resource savings.
A microphone is a relatively cheap sensor compared to other kinds of
specialized sensors, so it is cost effective and thus it could be applied in many
use scenarios. Additionally, hearing is a remote sense thus a microphone can
be positioned more freely, unlike many other sensors, like vibration sensors,
that require direct access to the machine in question. In addition, there are
different hardware platforms that provides high computational capabilities
for highly concurrent processing, which are mass producible. Thus such kind
of system could be widely applicable and could have many practical industrial
and commercial applications.
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Thesis structure

This thesis is organized as follows. After the introduction, chapter 2 describes related fault detection methods and related fault detection systems
in literature. Next chapter 3 explains use cases for system testing and evaluation. Chapter 4 defines measures that were used in the work. In chapter 5
we present system implementation details. Chapter 6 presents the evaluation
of the system. Chapter 7 provides discussion. Chapter 8 concludes.

Chapter 2

Background
Any mechanical system, like a combustion engines, a piping for transporting
gaseous or liquid substances, or a drill, can incur faults during operation.
Faults does not necessarily prevent the system for working, at least partially,
but if left unchecked can cause the system to breakdown. Faults can occur for
many different reasons, like wear or a defect of a part. Mechanical machines
are designed to operate inside tolerance values and in specific conditions.
Operating a machine with incorrect settings is can lead to a fault causing
system breakdown.
System breakdowns are undesired, they can cause danger to living organisms and environment and they also incur costs in many ways. For example,
a fault in an airplane could potentially cause large number of human casualties. Fixing a machine that has already broken and potentially have caused
additional damage due the breakdown requires materials and manpower. In
addition, often a system working non-optimally consumes more resources,
produces less output, or experience more wear than a machine working on
correct settings. For example, a combustion engine operating with wrong
settings consumes more fuel than correctly set one in order to produce the
same output. Additionally, downtime that the system or machine is under
the maintenance can incur huge costs, especially when the machine is a critical part of a larger system. For example a pump on an oil rig. Even though
it itself is a very expensive machine costing tens of thousands dollars, while
it is not working, the whole oil drilling operation is standing, which incurs
losses in the scope of hundreds of millions dollars per day [7].
There are three kinds of fault categories. Sudden faults that cause immediate system breakdown, which can be caused by breaking of a critical
part of the machine, like a crank shaft in a car. Gradual faults, which allows
the system to operate at least partially, while causing incremental damage
to the system before incurring total breakdown. Incorrectly set system can
11

CHAPTER 2. BACKGROUND

12

be considered as a one fault category, which allows the system to operate,
but affects the efficiency of the system or the amount of wear that system
experiences during operation. Incorrect settings does not necessarily lead to
system breakdown, but can be costly.
There are three approaches to address the problem: preventing faults,
detecting faults, and designing fault tolerant systems. Each approach has
drawbacks, but these methods can be applied together. For example, utilizing all three approaches in airplane operations has led to relatively few
accidents that happen due to faulty equipment, which results human casualties. Airplanes are maintained with conservative safety margins, they have
redundant systems to allow the plane to operate even if a fault happens, and
fault detection systems are utilized to warn the operators about impeding
faults.

2.1

Fault prevention

Mechanical systems are maintained periodically to prevent faults and to insure correctness of the settings. The required maintenance period is determined statistically, so that the machine is expected to function properly between maintenance periods. Safety margins and cost-of-breakdown analyses
are utilized to take account the consequences of a breakdown.
System maintenance requires resources and causes operation downtime,
thus incurring costs. There are many situations, where the machine will
have to take apart in order to inspect its condition. Dismantling a machine
for inspection can be time consuming. In addition, some cases dismantling
a machine is unpractical, like in case of large industrial heat exchangers
[30]. Additionally are structural defects that are not apparent to outward
inspection. In order to detect structural defects, stress tests can be utilize
to verify structural integrity of the part. Additionally, there are non-invasive
methods to inspect the structure of a part. Common methods include X-ray
and ultrasound imaging techniques.
Additionally, machines can incur faults in spite of being maintained. For
example, human error, faulty parts, and unexpected conditions can incur
faults. Thus fault detection schemes could be utilized together with fault
prevention to achieve safer and more cost effective solution.

CHAPTER 2. BACKGROUND

2.2

13

Fault detection

In literature, many various methods are used in non-intrusive fault detection.
Some methods are problem specific and act like monitors. For example a dedicated gas detection sensors, which are used in detecting leaks in gas pipes.
Fault detection methods are designed either to detect deteriorating operating
condition or identifying specific faults during operation time. These methods
utilizes different signals that an operating machine produces. Some methods rely on specific knowledge about the problem domain. There are two
approaches for detecting faults. One approach utilizes known fault signals
and identifies specific faults. The second approach utilizes signals of normal
operation in order to find differences that could indicate abnormal operating
state.
Methods utilizing known fault signals have a set of pre-gathered samples
of signals that represents different fault conditions and the normal condition.
The methods utilize a classifier that classifies operating time signals based on
the pre-learned set. These methods have advantage over general methods in
detecting specific faults, especially if the fault is presented itself consistently
distinct patterns. Additionally, in many cases they are tolerant for external
noise, which is due to approach of finding specific patterns occurring in a
signal. Disadvantages are that these methods cannot detect previously unknown faults and they require samples of specific fault conditions. Usually
gathering a comprehensive set of fault signals is difficult due irregular nature
of fault occurrence. For example, we can think of gathering signals from a
car, where the normal operation time is very long compared to fault occurrences. Moreover, some faults do not produce consistent signals that could
be classified properly.
The methods that utilize the second approach, are concentrating on finding differences in the signal that is not present in normal conditions. They
classify signals based on distance between normal operating sound and the
target signal. As advantage, these methods are more general, thus it is easier
to adapt them to different use scenarios without having to gather information beforehand. Additionally, they can detect previously unknown faults.
Moreover, they are more adapt to detect fuzzy occurrences, like squeaking
sounds [9]. On the other hand, they have limitations and disadvantages.
Firstly, they cannot ignore the operating context. Many machines produces
different signals during different states of operation, like signals during acceleration are different than operating in constant speed. Secondly, they are
more susceptible to external noise signals.
Operating state and condition of a machine can be deduced from many
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different kind of signals. With electrical machines, current can be used as
a measure to detect also physical faults. In their study, Gong measured
current signals to detect faults in Direct-Drive wind turbines [8]. The motor
current signature was also used in the study conducted by Khairnar, where
they use motor current signature as measure to detect stator faults in three
phase induction motors. They use artificial neural network (ANN) to classify
the condition of the motor to operating normally, operating under a load,
and experiencing fault.[12] Utilizing the operating current as a measure has
drawbacks, it requires direct access to the internal systems of the machine
and it is only limited to electrical machines that have windings, like electrical
motors and power generators.
Vibration is also commonly used in fault detection, as many machines
produce vibration signals during operation. Vibration can be detected by
sensors placed on the machine. Vibration signals are significantly similar
to sound signals. In the study conducted by Ngolah, they used vibration
signal for detecting faults in rotating motors, like a bench grinder. They
collected the signals from five piezoelectric transducers that were placed on
the machine. An ANN was used to recognize different faults. [17] Alameh
utilized vibration to detect faults in permanent magnet synchronous motors.
They gathered multiple features both time and frequency domain, like Rootmean-square (RMS) of the signal and mean frequency. [4]

2.3

Sound based fault detection

In addition to sight, the sense of sound is other remote sense that carries
information about remote events. Unlike sight, hearing is not limited by fieldof-vision. Mechanical systems commonly produces sound while operating.
The operating sounds carries information about the state of the system.
Thus, sound signals can potentially be utilized in fault detection. Recently
there has been growing interest to sound based fault detection, as table 2.1
shows.
Systems that are based on the sound has advantages over other methods.
Firstly, they do not require direct contact to the machine, like current or
vibration based methods. Secondly, they are can detect faults that do not
present as vibration, like leaking pipes. In addition, microphones are relatively cheap sensors, thus they can be applied cost-efficiently. Moreover, fiber
optic microphones can be utilized in environments with high electromagnetic
interference [28]. Sound based methods have a major drawback, they are
susceptible to background noise. There are methods that can alleviate the
effect of background noise, like noise dampening enclosures [30].
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We conducted a literature review in order to gain understanding of existing methods for sound based fault detection. We also reviewed research
conducted earlier than that presented here, but for brevity, we present only
modern literature. Table 2.1 presents a summary of research conducted in
the field. The table describes the features extracted from the sound, which
classifier was used in analysis, types of faults examined in experiments, and
the publication year of the research. The value ”Study case”, in the classifier
column, indicates that the research was done to examine feature’s feasibility
for fault detection.
Table 2.1: Fault detection methods in the literature.
Feature
Power spectrum

Classifier
ANN

MFCC

ANN

Multi-feature

Kernel
principal
component
analysis
Study case

IMF and power
spectrum
IMF and HHT

Study case

Frequency spectrum
Continious
wavelet
transform
Frequency spectrum
Daubechies
wavelet

Spectrum
parison
ANN

com-

Deviation energy

Threshold value

Multi-feature

Kohonen
SOM
and
Learning
Vector Quantization

Manalahobis distance
Dynamic
Time
Warping (DTW)

Fault
Electromagnetic
valve
Automotive
instrument production line
Axial
piston
pump

Ref.
[10]

Year
2002

[15]

2013

[23]

2011

Bearing and unbalance faults
Transformer
faults
Jet engine

[22]

2013

[29]

2009

[6]

2009

Various
faults

[11]

2010

Fan

[19]

2013

Honda Hero, one
exhaust and two
engine faults
Car cabin squeak
and rattle noises
Rotor and winding faults in motors

[5]

2013

[9]

2010

[2]

2014

engine
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Multi-domain

Threshold value

Formant frequencies and Normalized RMSE
Wavelet

Study case

Frequency spectrum
Hilbert-Huang
transformation
Frequency spectrum and HHT
Discrete wavelet

ANN

Linear cepstrum
coefficients

ANN

Support
machine
ANN

vector

Case based reasoning (Euclidian
distance)
Hidden Markov
Models
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Vacuum cleaner
engine,
quality
assurance
Shell bearing and
exhaust faults in
cars
Combustion
engine
Loudspeaker

[1]

2003

[14]

2010

[27]

2010

[20]

2009

Combustion
engine
Bearing faults

[26]

2014

[25]

2014

Industrialized
robots

[18]

2004

Pipeline damage
and leak

[3]

2006

Hayashi conducted a study, where they utilize difference in power spectrum to
detect faults in an electromagnetic valve. They used frequency bands from 55 Hz
to 1250 Hz with 5 Hz interval, thus generating 240 units long feature vector. The
fault classification was done by ANN with 30 hidden neurons. The network was
trained with sounds of the valve operating normally and sounds with the valve
having a 2mm diameter hole or 5mm crack. They concluded that the method is
feasible for fault detection, but did not present numerical results. [10]
Maniak utilized sounds analysis for quality assurance in production line of
sound signaling devices. They extracted 26 Mel frequency cepstral coefficients,
described in chapter 4, from the signal. The coefficients was used as an input
for a ANN, having 50 hidden neurons, trained with 40 faulty and 160 non-faulty
samples. In their experiments, they achieved up to 99.7% accuracy. [15]
In their study, Shengqiang used multi-domain feature vector from vibration and
sound signals in order to detect faults in axial piston pumps. The selected time
domain features include pulse factor, and kurtosis, and frequency domain features
include centrobaric and mean square frequencies. They utilize kernel principal
component analysis in decision making and achieve accuracy of 68% from sound
signals and 72% from vibration signals. [24]
Induction motor fault detection was studied by Salazar-Villaneuva. They obtained five intrinsic mode functions and the signals’ frequency spectrum as features. They analyzed the effectiveness of the selected features in fault detection
and concluded that they would be suitable for fault detection. [22] Intrinsic mode
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functions were also used in a study case conducted by Shutao, where they studied transformer fault detection. They apply Hilbert-Huang transformation to the
IMFs in order to obtain Hilbert spectra. The study case indicated that the method
is suitable for detecting faults in transformers. [29]
Bin conducted study to detect rumble noises in a jet engine in order to evaluate
performance of the engine. They obtained the frequency spectrum of the engine
operating in different static RPM levels. They utilized a frequency spectrum comparison and a threshold value to categorize the status of the engine. [6]
In the study conducted by Kurunakar, they used level five discrete wavelet
transform (DWT) to detect faults in internal combustion engines. In discrete
wavelet transform, the analysis window size differs by the frequency component,
thus allowing multi-resolution analysis of the signal. They utilized ANN with
undisclosed configuration to classify signals. They conducted experiments on
Hyundai I20 combustion engine to detect faults, like timing belt and fuel problems. A windows mobile platform was used in the experiment. Their results did
not present accuracy of the system, but the analysis time, was 1 minute 35 seconds
on the mobile platform. [11]
In the study conducted by Xiaotian, they concentrated on detecting squeak
and rattle noises occurring in a cabin of a vehicle. They utilized deviation energy
measure to detect human audible noises. Deviation energy, a stochastic measure
calculated from the frequency spectrum of a windowed signal, is defined in equation
2.1, where P denotes deviation energy of window i. D in equation 2.2, defines
deviation ratio coefficients for each frequency f . Deviation coefficients are obtained
by dividing the concerning frequency spectrum value by that frequency’s mean
value over the whole signal, which is defined as η(f ) in equation 2.3. For fault
classification, they use a threshold value defined as t = αM ax(P ), where α < 1.
M ax(P ) denotes the maximum value of signals’ deviation energy. They specified
α = 0.6 for their experiments. [9]
P (zi ) =

X

D2 (zi , f )∆f

(2.1)

X(zi , f )
η(f )

(2.2)

f

D(zi , f ) =

n

1X
η(f ) = E{X(z, f )} =
X(zi , f )
n

(2.3)

i=1

Germen’s study examined use of combination of Pearson cross correlation coefficients and 2D discrete wavelet transformation for fault detection of squirrel cage
induction motors. They used an array of five microphones positioned around the
motor. Firstly, they calculated Pearson product-monument correlation coefficients
for all combinations of microphone pairs, thus producing ten coefficients. The coefficients measure linear correlation of microphone pairs and is defined as covariance
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divided by product of standard deviations, as seen in equation 2.4. Secondly, they
converted the 1D normalized discrete sound samples to 2D grayscale images. They
utilized information that the motor’s fundamental frequency is 50 Hz, thus one row
of pixels in the image, corresponds to one revolution of the engine. They applied
2D discrete wavelet transformation to the image. They obtained mean values of
RMS energies and correlations coefficients of rows and columns of the image. The
resultant feature vector was used as input to Kohonen Self Organizing map (SOM).
SOM is a method of unsupervised classification that forms two dimensional map
from multidimensional feature vector. They then utilized linear vector quantization algorithm in order to classify different regions of SOM. The detected areas
indicate that a relationship between different engine sounds. Thus they could classify sounds that are related to normal engine sounds. They concluded that they
achieved 100% classification of normal engine sounds in their experiments. [2]
PN −1
[(xi (n) − xi )](xj (n) − xj )
rxi ,xj = q P n=0
P −1
N −1
2
[ n=0 (xi (n) − xi )2 ][ N
n=0 (xj (n) − xj ) ]

(2.4)

The research conducted by Benko presents a multi domain approach to fault
detection, although this publication focused on sound module of the system. The
fault detection system utilizes sound, vibration, rotational speed, voltage, current
and brush voltage signals in quality control of vacuum cleaner motors. After
bandpass filtering the sound for frequency band ranging from 2.5 to 3.5 kHz, they
apply Hilbert transform to the signal. By applying Hilbert transform, which shifts
phase of all frequency components by −n/2rad, amplitudes and instantaneous
frequencies can be obtained. They further filter the signal in order to extract four
frequency components, which then are combined to a single feature by using RMS.
For second feature, they utilize two weighted histograms of the signal in order to
detect intermittently existing brushing sounds. The first weight has a slope of one
and the second weight is standard deviation of the signal. As the research was a
study case of utilization of the two features for two kinds of faults, rubbing sounds
and intermittent brushing, they did not provide any classification results beyond
visualization. [1]
Madain studied potential of utilizing correlation between normalized RMSE of
a signal and Formant frequencies of between sounds to detect faults in combustion
engines. Formant frequencies are defined as spectral peaks of a complex sound.
They utilized spectrogram in peak extraction. As the research was a study case,
they did on analyze correlation between recorded faults and the gathered measure
and concluded that the measure would be suitable for fault detection. [14]
Electronic fuel injection engine fault detection by utilizing DWT was studied
by Yangsong. As previously explained in this chapter, wavelet transformation
method enables multi-resolution analysis of a signal by utilizing different sized
analysis windows depending on the frequency component. They utilize level five
Debaucheries wavelet and utilizes wavelet packet analysis, where unlike in usual
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DWT, in addition to approximation coefficients g[n], also detail coefficients h[n]
are utilized. Thus, Nth level WPA produces 2N coefficients. They utilized ANN for
classifying the sounds to either as normal or as one of 8 different fault categories.
While they did not provide single numerical accuracy, they conclude that their
method was reasonable successful in fault diagnosis. [27]
The study conducted by Paulraj, concentrated on loudspeaker quality control. They extracted five one kHz frequency bands as features. They used layerrecurrent ANN, which has recurrent connection to previous layer, in classification.
The network consisted of two hidden layers, having 15 and 20 neurons. They
achieved up to 90% correct classification rate. [20]

Chapter 3

Environment
Iwata laboratory is solving real-world problems that relates to sound. They have
researched sound recognition and localization techniques to be used in mobile,
embedded devices. For example aid devices for hearing impaired. The research
venue for fault detection is a new one and it will be continued after this thesis.

3.1

Hardware platforms

As the system is intended to be later implemented on a mobile embedded platform,
we charted potential platforms and what kind of limitations they might set for the
method. There are many mobile device platforms, on which the fault detection
could be implemented on.
Modern smart phones are versatile platforms for mobile computing. They
contain various sensors, including a microphone, and they have powerful general
CPUs with multiple cores. For example, Qualcomm’s Snapdragon 810 is common
in current high-end mobile phones. In addition to four ARM Cortex A57 64-bit
cores that can operated up to 2 GHz, it also contain four A53 cores with 64-bit
support. 1 In a study conducted by Mielke, they explored the possibility of using
a smart phone as a platform for real-time sound processing application. They
utilized a smart phone for environmental sound recognition, without the need
for external processing. They concluded that a modern smart phone is capable
of handling computations required by signal processing and classification tasks.
[16] Usability of smart phones as a platform is limited by their high price. In
addition, a smart phone is not a dedicated platform, thus its battery life depends
on many factors and is not predictable. The mentioned factors limits their use,
when considering their usage in fault detection system that could be deployed as
cost-effective solution.
Digital signal processors (DSP) are designed to be used in real-time signal
1

https://www.qualcomm.com/products/snapdragon/processors/810

20

CHAPTER 3. ENVIRONMENT

21

processing tasks. As dedicated devices, DSPs are optimized to be used in tasks
related to signal processing and operating on real-time signals. They are usually
time-synchronized, i.e. consequent operations are relying on the completion of
previous operations to be completed within delay tolerance. For example, Texas
instruments’ C66x series DSPs offer eight cores operating up 1.4 GHz. Utilizing
DSPs, a low cost system can be created. Field programmable gate arrays (FPGA)
are reprogrammable integrated circuits. They consists of logic blocks and reprogrammable connections between the blocks. Blocks can configured together to
handle complex computations. Hardware description language (HDL) is used to
describe the desired configuration, which is then fitted on the board by the compiler. Research conducted at the laboratory, has proven its effectiveness in sound
signal processing. They have utilized FPGAs successfully in environmental sound
recognition and sound localization tasks.
Recently, several companies have begun to offer small sized electronic boards
that can host a linux operating system. They usually contain a general CPU,
memory, connections via wifi or bluetooth, and pins that can operate or monitor
hardware devices easily. Their capabilities can usually be expanded by connectable
boards, like different kind of sensors. Most notable solutions are Intel Edison 2
and Adruino 3 They do not offer as powerful general computing capabilities as
smart phones or as efficient signal processing capabilities as DSPs or FPGAs. But
they offer low-cost solution with relatively easily expandable capabilities. In addition they are designed for low power consumption, thus they are suited for mobile
solutions. Moreover, as they utilize linux operating system that is supported by
many different existing software solutions, development time can be shortened by
utilizing existing solutions. Shorter development time is especially important in research, where various methods need to be evaluated by experiments. Even though,
there is no literature about utilizing them in solutions requiring signal processing,
they could be potentially be utilized in low-cost fault detection solutions.

3.2

Environmental factors in sound analysis

Using sound signals in fault detection has many advantages over other types of
signals. Sound carries information about condition of a machine from remote. In
addition, it can be implemented as a relatively low-cost device. Moreover, it can
detect wide variety of faults that are hard to detect with methods utilizing different
signals, like pipe leaks. Thus it can be applied to many different tasks in different
environments.
We can think of many potential usage scenarios for the system. Many scenarios presents challenges for the system usage. Utilization in vehicles, like cars or
motorbikes, requires understanding the situation context. Operating sound differs
2
3

https://software.intel.com/en-us/iot/hardware/edison
https://www.arduino.cc/
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in different phases of usage. Sound is different in acceleration phase than running in constant speed. Thus general fault detection methods, which are based
on analyzing difference from the normal operation sound, may interpret different
conditions as suspected faults. Also external circumstances, like condition of a
road or even weather conditions, affects the sound environment. In addition, loud
sound sources, like a combustion engine, can cover more silent fault sounds. Thus
positioning of the device is important factor when deploying the solution as a
real-world application.
Various industrial machines could benefit from automatic fault detections system. Use scenarios include automatic quality control and remote fault monitoring.
Industrial facilities, like factories, are often large and complex places containing
many kinds of machines. The sound environment can be full of sounds of machines
operating and sounds of workers doing various tasks. Thus the external unrelated
noise can present a challenge when deploying the system. Thus external noise is
important factor when considering positioning of the system.
In addition to fault detection of mechanical machines, the system could be
utilizable also in other tasks. As the system is based on difference of normal and
abnormal sounds, it can detect differences in various types of sounds. We can
think of potential applications to include usages like facility access control and
situation monitor. For example, in a situation that something abnormal happens
in a crowd, the change in the sound environment could potentially be detected to
identify potential hazards. Even though this kind of use scenarios are not in the
scope of this thesis, it could be a potential venue of research in future.
In the presented potential usage scenarios, external noise is one the most challenging aspect. It is common challenge in any sound related research, like sound
recognition or sound localization. There are ways to address or mitigate effects of
external noise. Microphone positioning can have effect how much noise is present.
In addition, insulating materials could be potentially applied to reduce external
noise. Moreover, there are signal processing methods that can reduce noise from
a signal, which are presented in chapter 4.

Chapter 4

Methods
In literature, sound based classification methods rely on different features that
can be extracted from a sound. Low level sound features can be classified to
two categories by the domain that they have been extracted from, temporal and
frequency domains. Additionally, there are features related to structure of a sound,
like rhythm, but they are meaningful only for sounds that has a structure, like
music or speech.

4.1

Sound acquisition and pre-processing

A sound signal has to be measured, digitalized, and pre-processed before features
can be extracted in a computer based system.
Sound signals are measured with a microphone. Microphones measures air
movement, very similarly to as vibration sensors measure vibration. They are
commonly built with a magnetic element that is attached to a stretched film,
so that the magnetic element can move in one dimension. The moving magnet
induces current to a surrounding coil, which can be measured. Although a common
microphone is a relatively cheap sensor, high quality microphones can be very
costly. In addition, there are specialized microphones, like fiber optic microphones
that can be utilized in environments with high electromagnetic interference [28].
The measured signal is then transformed into digital form in analog-digital
converter. The sound is presented as a set of discrete samples. The sampling
frequency or sampling rate measures, how many samples are measured in a time
unit. The amplitude of the signal is presented either as a floating point or an
integer number. The discrete sound signal can be processed in a digital device.
If the analysis does not utilize information from stereo signal, like some sound
localization methods that are based on time difference of arrival(TDOA), converting the signal to mono simplifies features extraction.
In the next pre-processing stage, the signal is manipulated in order to reduce
external noise. As stated previously in chapter 2, external noise presents chal-
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lenges to methods utilizing sound. In addition to physical means, like positioning
of the microphones, there are signal processing methods for noise reduction. Noise
reduction is difficult in common cases, when the external noise signal is not known
and thus cannot be completely removed from the sound sample. Common methods, like moving average filter, are based on identifying outliers in the signal and
removing them. Other common technique is filtering the sound with band pass
filter in order to remove frequency components that are known to contain noise.
These methods have tradeoffs. Firstly, noise reduction loses information from the
signal, which is problematic for fault detection, as also the part of the sound that
indicates presence of a fault may be removed. Secondly, many noise reduction
methods have high computational cost and thus can be challenging to implement
a real-time system cost effectively.
One of the simplest noise reduction methods are moving average or mean filters.
These methods remove sudden changes in a signal by substituting each discrete
measure by the average of surrounding measures, which constitutes as smoothing
of the signal. The moving average filter is presented in equation 4.1. Where the
yj denotes the value in the position y, the sum of weight α is one, and the N is
the length of the window. In Gaussian filter, the weight value α is calculated by
Gaussian normal distribution, presented in 4.2.
yj =

N
X

αj yi

(4.1)

i=−N
1 1

e− 2 x
φ(x) = √
2π

(4.2)

The previous noise reduction methods manipulate sound in time domain presentation. Other common methods first transform the signal to other domains.
One common method in literacy was discrete wavelet transform. The basic principle behind wavelet transformation is to decompose the signal in different scaled
and shifted versions of a wavelet called ”Mother wavelet”. There are many known
wavelet transformations, like Haar wavelet and Daubechies wavelet. The levels of
DWT coefficients can be obtained by recursive process of summing the samples
pairwise and taking their difference with original values. Small valued coefficients
can be interpreted as being part of the pure sound, without Gaussian white noise.
Thus applying a threshold to the coefficients, called thresholding, the noise can be
reduced.
Some methods, like pre-calculated filter banks, require pre-determined sampling rate. If the sampling rate of the sound recording differs from the predetermined value, the signal has to be re-sampled. Re-sampling process is relatively straightforward process. In the case that recording has higher sampling
rate, every Nth value can be discarded from the discrete presentation. On the
other hand, if the sampling rate is lower, new samples has to be added to the
recording. The most direct approach is to use average of neighboring samples, as
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seen in equation 4.3. The sampling rate also affects, how high frequency components can be obtained with Fourier transform. The Nyquist theorem states that
the maximum obtainable frequency is a half of sampling rate.
4.3.
yj−1 + yj+1
yj =
(4.3)
2
For analyzing the sound signal, it is split to windows in order to extract features. The length of the window depends on the design of the system. Usual values
for window’s length are from some tens of milliseconds to some hundreds of milliseconds. The window length, in samples, has also effect on frequency resolution
of Fourier transform.

4.2

Features

Various measures can be extracted from a sound signal. Features are extracted
from different presentations of the signal. In order to comprehensively describe
the sound, both temporal and frequency domain features are important. Here we
describe different low-level features that can be obtained from a sound signal. For
several of the features, definitions can be found in many textbooks, like ”Digital
Signal Processing” [21] and ”An Introduction to Audio Content Analysis” [13] in
varying forms.

4.2.1

Temporal features

Temporal features can be extracted from time domain signal. In time domain
presentation, signals can be represented as discrete time series of sound amplitude.

Short time energy
Short time energy is a low level temporal feature of a sound, it is defined for
continuous signal in equation (4.4), where x(t) is the function of the signal. For
discrete signals, short time energy is defined in (4.5).
Z ∞
E=
|x(t)|2
(4.4)
−∞

Ew =

X

|es |2

(4.5)

Root mean square amplitude
A signal’s amplitude contains both positive and negative values, thus using an
average of the instantaneous samples as a measure of the signal is problematic.
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Thus Root mean square amplitude can be utilized. As defined in equation (4.6),
taking a square of the sample values addresses the concern of negative sample
values.
v
u n
u1 X
Erms = t
x2t
(4.6)
n
t=1

Amplitude variance
Variance is a measure that describes, how much a group of values varies. The
variance for discrete set is defined in equation 4.7. The variance of an amplitude
can be used to describe the sound signals variation in a window.
Ei (X) =

Nw
X

(x (i) − µx )2

(4.7)

1

Zero crossing rate
Zero crossing rate is defined as count of times that an amplitude value of a signal
switches sign. Zero crossing rate can be defined as in (4.8). This definition does
not differentiate positive-going and negative-going crossings. In speech recognition,
zero crossing rate is commonly utilized in detecting segments of the signal that
contains speech. Zero crossing rate can also be utilized in fundamental frequency
estimation. Moreover, zero crossing rate can be utilized in detecting delay of arrival
in stereo sounds.
N −1
1 X
zcr =
ksign(x(t)) − sign(x(t − 1))k
N
t=2


1, if x (i) > 0
sign (x (k)) =  0, if x (i) = 0 
−1, if x (i) < 0

4.2.2

(4.8)

(4.9)

Spectral features

The frequency spectrum of a sound signal provides information how the energy of
the signal is distributed to different frequencies. Many characteristics of a sound
can be analyzed from the spectrum presentation. Many of the features related to
frequency spectrum describes the shape, size, or the position of the spectrum.
The frequency spectrum of a discrete signal can be obtained by discrete Fourier
transform. DFT is defined as seen in equation 4.10. The frequency resolution is
relative to number of samples used in the calculation, and thus X(k) denotes the
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k:th frequency basket. Fast Fourier Transform algorithm (FFT) is commonly used
to calculate the DFT.
X(k) =

N
−1
X

x(i)e

−j2πki
N

(4.10)

i=0

There are also other methods to obtain a frequency spectrum of a signal. One
approach is to utilize a set of band pass filters. The method utilizes a bank of N
band pass filters to uniformly cover the desired frequency spectrum. The number
of banks is the frequency resolution that is obtained. Energy of a frequency band
can then be obtained by root-mean-square of each band’s signal, thus resulting a
frequency spectrum presentation of the signal. Computational complexity of the
method can be significantly reduced if filter bank is pre-calculated. The filter bank
method can be more efficiently implemented on some embedded platforms, like on
FPGA that can handle multiple concurrent I/O processing tasks.

Spectral peak
The spectral peak is a measure that indicates the frequency band that contains
the highest energy value. The spectral peak can be obtained efficiently by finding
the index of the maximum value in the spectrum.

Spectral centroid
Spectral centroid measures the center of mass of the spectrum. The spectral
centroid is defined as (4.11), where x (i) is weighted value of frequency band.
PN
fcentroid =

i=1 f (i) x (i)
P
N
i=1 x (i)

(4.11)

Spectral kurtosis
Spectral kurtosis is a measure for how closely the spectra is similar to Gaussian
distribution. Thus it measures peakedness of the spectra.
v (i) =

2

PN

i=1 (|x (i, n)|
fmax σx4

− µx )4

−3

(4.12)

Spectral spread
Spectral spread measures how centered the spectra is around the spectral centroid.
sP
N
2
2
i=1 (i − fcentroid (x)) |x(i)|
(4.13)
vspread =
PN
2
|x(i)|
i=1
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Spectral flatness
Spectral flatness measures how flat the spectra is.
 P

exp N1 N
ln
x
(i)
i=1
Vf latness =
1 PN
i=1 x (i)
N

(4.14)

Mel frequency cepstral coefficients
Mel frequency spectral coefficients(MFCC) describes the power spectrum. In order
to obtain the coefficients, the spectrum presentation is mapped with specifically
placed triangular filters to Mel scale. The scaling changes each frequency band to
resemble effect of human auditory system. After filtering, log operation is applied
for each obtained spectrum value. The coefficients can be obtained by taking
discrete cosine transform of the spectra. DCT is defined in equation 4.15.
X(k) =

N
−1
X
i=0

π
1
xI cos( (n + k)))
n
2

(4.15)

Chapter 5

Implementation
Goals for the thesis are following. Firstly, to conduct a literature review of the
research field in order to chart existing methodologies, secondly, to derive basic
metrics of sound signal to produce a robust feature vector for the method. Thirdly,
to implement the method in order to conduct experiments to evaluate the system.
Moreover, to implement an existing method for comparing the performance of
the implemented system. A one future goal is to realize the developed system as
a real-life embedded device. Although the device implementation is not in the
scope of this thesis, the implemented system has to take it into account and use
methodologies that can be implemented hardware friendly way.
The system’s first functionality is general real-time fault detection. The basic
concept is that the system continuously obtains a segment from a sound signal and
analyzes the following segments using it as basis for comparison. This methodology
has advantage that it does not require complex learning of pre-gathered samples.
Even though it does not require complex learning of gathered data sets, it can
utilize previously stored segments for detecting changes happening during longer
period. The stored data sets can be also utilized in the second phase of the system,
identification of specific faults. In order to identify specific faults, the gathered
data in the storage has to be labelled manually for classification.
We chose Matlab for the implementation of the actual system. Matlab has
advantages compared to many other options, like C++. Firstly, as this thesis is a
research project, its goal is to device a new method, thus the implementation has
to be flexible and rapidly alterable if the research has to be redirected. Matlab has
lots of functionality related to matrix operations, and as discrete sound signals can
be stored as vectors of samples, Matlab is well suited tool for sound analysis. In
addition, it offers broad visualization capabilities. During the design phase, it is
advantageous to be able to visualize the data in human readable form. Moreover,
methodologies that are hardware friendly can be also implemented with Matlab.
At last, Matlab has many tools for signal analysis, like fast Fourier transform.
Even though the final implementation does not utilize these features, they are
important for quick prototyping concepts. Thus we chose Matlab as the tool to
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implement the first version of the system.
The implementation consists of steps related to sound processing and analysis.
Figure 5.1 presents the overview of the system.

Figure 5.1: Flowchart of the implemented system.

5.1

Signal acquisition and pre-processing

The system uses pre-recorded sounds in wav format. Utilizing pre-recorded sounds
is only used in the development stage, when changes to the system has to be tested
against the reference set. Additionally, the system can be easily adapted to realtime sound acquisition through a microphone connected to a computer.
The first preprocessing stage consists of converting the audio to a mono signal.
We do not utilize information that can be acquired from several channels and the
mono conversion simplifies the feature extraction process. We assume that all used
reference sounds that are recorded in stereo, have microphones placed so close to
each other that there is no noticeable time difference between channels.
In the second step, we resample the signal to have 48 kHz sampling rate, in
order to efficiently obtain the frequency spectrum. The process is explained in
detail later in this chapter.
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The third pre-processing step is noise reduction. In common usage scenarios,
presented in chapter 3, we assume that there will be external noise present. The
presence of random noise may affect system performance negatively, especially the
false detection rate. Although, the noise presents a challenge to the system, removing noise from the signal could also remove indications of faults. Thus we utilize
included only light noise removal that can be optionally used. We implemented
moving average filter that removes outlier samples and smooths the signal in small
degree.
In the last preprocessing step, we window the signal to 200 ms consecutive segments. Optionally, the windowing could have been done with overlapping parts,
but the added computational complexity would be a challenge for realizing a realtime system. Additionally, the system is intended for analyzing the signal continuously, thus the need for overlapping signals is not so important. The system
extracts features from each window separately.

5.2

Frequency spectrum extraction

In order to extract frequency related features, we transform the windowed signal also to frequency domain presentation. Fast Fourier transform is a common
method for extracting frequency spectrum from a discrete signal. FFT is computationally complex method to implement in an embedded device. Thus we extract
the frequency spectrum with a filter bank approach. Filters are presented in figure
5.2. The filter bank consists of 256 band pass filters, distributed evenly from 100
Hz to 16 kHz. Each filter is narrow 4th order, 4-stage Infinite Impulse Response
(IIR) elliptical filter. The filters have been pre-calculated for signals having 48 kHz
sampling rate in order to lower computational cost. After bandpass filtering, we
take root mean square of each band, thus producing the frequency spectrum for
each segment. Although the filter method implementation is slower than Matlab’s
FFT implementation, but the method can be implemented efficiently in various
embedded devices, like FPGAs.

5.3

Feature extraction

In literature, there are many approaches for selecting features. Common utilized
features include frequency spectrum, Mel frequency cepstral coefficients, and different wavelet coefficients. Sound signals contains lots of information and faults
can detected from either time domain frequency domain, or both. For example, the
misalignment in the drilling sounds, presented in chapter 6, can be detected only
from time domain presentation. Thus we need a robust feature vector that covers both domains. In order to realize real-time performance on embedded device,
computational cost of feature extraction should be minimized. Thus we utilize
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Figure 5.2: Filter bank.

multiple low level features, encompassing both domains, to describe the sound.
Time domain features are calculated from array presentation of discrete samples. We calculate features from each window. We extract following time domain
features:
• Short time energy
• Root mean square amplitude
• Amplitude variance
• Zero crossing rate
The selected time domain features measure various aspects of the sound. Analyzed fault sounds commonly exhibited increased amplitude. In addition, in case of
misaligned drill sounds, misalignment could only be detected from increased amplitude. Amplitude variance is a statistical measure that describes how amplitude
varies inside a window. Zero crossing rate, relates to the pitch of the sound.
The frequency domain features are extracted from the frequency spectrum extracted from each window. They describe the shape and position of the spectrum.
Some faults affects the shape of the spectrum. For example, squeak can be detected from difference in the spectrum. We extract following features from the
signal:
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• Spectral peak
• Spectral centroid
• Spectral kurtosis
• Spectral spread
• Spectral flatness
• Mel frequency cepstral coefficients
• Deviation energy
We measure spectral peak, i.e. the frequency containing the most energy,
in order to detect anomalies in frequency spectra that does not contain enough
energy to change the whole distribution. We utilize spectral centroid to measure
the center of mass of the spectrum in order to detect considerable changes in
frequency distribution. On the other hand, spectral kurtosis, spread, and flatness
describes the overall shape of the spectrum. We normalize the features to range
from zero to one. Normalization ensures that features have equal importance.

5.4

Feature selection

Utilizing many low-level features is advantageous, as they describe the sound comprehensibly. Although in some use cases, all features does not present useful
information. Thus it is prudent to utilize only those features that are relevant to
the use case in question. To discover which features are the most useful in each
scenario, we implemented an automatic feature selection.
There are two approaches for feature selection, feature elimination and feature
selection. Feature elimination algorithms start with full set of features and removes
those features that are not useful. In other hand, feature selection algorithms
start with empty set and add most relevant features. The problem in automatic
feature selection is to discover, which features are the most relevant in the case.
In addition, choosing wrong features may lead to over-fitting. Feature selection
is computationally costly problem, thus we implemented a greedy algorithm for
feature selection.

5.5

Fault detection

The first phase of our method is a general fault detection. The basis for the method
is to detect differences in the sound and to detect potentially faulty segments. This
approach has advantages. Firstly, we do not need a sets of known sounds of the
machine in different operating conditions. Obtaining a comprehensive set of of
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sounds is difficult and time consuming. Thus adapting the system to new use scenarios is easier. Secondly, we can utilize simpler classification method that does
not require prior learning phase. In the first fault detection phase, we utilize a reference vector as a base for comparison. The system supports reference vectors that
are averaged values over multiple windows. We calculate the difference between
the reference vector and the target feature vector with Euclidian distance. The
decision for suspicion of faulty signal is done by a threshold value. The threshold
value is adjusted separately for each application. Second, higher threshold value
is utilized to detect that there is high probability of a fault.
The second stage of the system is identification of specific faults. In order to
identify specific fault conditions, the system saves the suspected fault segments into
a database for further analysis. The suspected sounds are then labelled manually
in order to identify different fault conditions. The saved data includes reference
feature vector, target feature vector, their difference, and the window position in a
sound file. In addition, the system also saves periodically sounds without suspected
fault for acquiring a set of normal operation sounds. The current system utilizes
a comma separated value file as database.

5.6

Experiments

We implemented an automatic test functionality in order to experiment with the
implemented system. The feature provides a way to experiment with different
configurations of the system by automatically executing the experiments. Firstly,
it consists producing the selected set of sound files for the experiment from the
sound database. The database consists of both artificially generated and recorded
sounds. A script labels the files with descriptive names. Secondly, it executes the
desired experiments with given parameters for each sound file in the selected set.
Lastly, it generates and stores graphs of the selected features and results of the
fault detection for later analysis.

5.7

Comparative method

We implemented the method proposed by Xiaotian for comparing our fault detection method to an existing research in literature. [9] The proposed method is
described in detail in chapter 2. The implementation was made with Matlab and
it utilizes same components sound acquisition and test components than our system. We split the sound signal to windows of 200 ms in order to acquire frequency
resolution on 5.3 Hz as described in paper. The frequency spectrum is extracted
with Matlab’s FFT function. We calculate deviation energy measure for each window, as defined in equation 2.1. As the way of calculating the fault threshold,
as t = αM ax(P ), was not suitable for testing the system with our experimental
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sounds, we modified the method. Instead of using the maximum deviation energy
value, we defined the threshold as indicated in 6.1, thus obtaining mean of 10 highest values. This ensures improves sensitivity of the method so that single outlier
values do not affect the fault detection result in such extent. We used the same
definition α = 0.6 that was presented in the experiments conducted by Xiaotian.
[9]

Chapter 6

Evaluation
We conducted several experiments to evaluate the implemented system. Firstly,
we generated a set of artificial sounds for evaluating how different components
of a sound affects the result. Secondly, we recorded several different machines
both working normally and after we damaged them to obtain sounds of a faulty
machine. The experiments were executed with the implemented automatic test
functionality described in the chapter 5.
We recorded sounds of different mechanical machines to evaluate the system’s
performance in real-life situations. In the experiments, we used a TASCAM DR-07
mk2 linear PCM recorder. Sound files were recorded as 48 kHz stereo sounds and
saved as wav files. Experiments were conducted in an anechoic chamber located in
building number 18 at the Nagoya Institute of Technology. The dimensions of the
anechoic chamber is 2.3 m * 2.1 m * 1.9 m, and the background noise level is 19
dB. All experiments were repeated with, -6 dB sound to noise ratio (SNR) level,
Gaussian white noise added to the sound with Matlab’s awgn function. The SNR
of -6 dB can be considered as very strong noise and is fit for testing noise tolerance
of the system. Figures of separated features, both with and without added noise,
are included in appendix section. They show measures of individual features, for
to provide a way to asses fault sound’s effect on each feature separately.

6.1

Artificial sounds

We generated a set of artificial sounds in order to understand how different components of the sounds are affecting fault detection result. By utilizing artificial
sounds, it is simpler to gain more comprehensive understanding, how changes in
individual components of the sound affects the detection result. By utilizing artificial sounds, we could evaluate method’s sensitivity to different changes. The
results are presented in appendix H as graphs showing each individual feature.
1. 1 kHz pure tone sound with small increase in amplitude.
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2. 1 kHz pure tone sound with small decrease in amplitude.
3. 1 kHz pure tone sound with change to 1.1 kHz.
4. 3 kHz pure tone sound with added white noise.

6.2

Experiment 1: AC fan

In the first experiment we used NMB model 11938MB-A0N-EA 100 volt AC fan,
50-60 Hz, 2600-2900 rpm, and with diameter of 10.5 cm. The experiment was conducted in Nagoya, western Japan, where electric grid operates on 60 Hz. The fan
was fixed to a 90 cm * 25 cm * 1.8 cm wooden board, and two 5 kg concrete blocks,
as seen in the figure 6.1. In addition, due to strong vibration that the damaged
fan caused, two persons were holding the platform stable during the experiment.
We conducted the experiment in three phases, collecting over 5 seconds of each of
following sounds.
1. The fan running without any modifications.
2. The fan running with a bolt fixed through one of the fins of the fan.
3. The fan running without the bolt having a hole in one of the wings and
having suffered damage from running with the bolt attached.
The sounds concatenated to one recording containing only sounds of the fan
operating constant rate of RPM. Figure 6.2 shows the fault measure, the fault
threshold is indicated by a red line and green lines mark the boundaries of reference
windows. The lower fault value indicates greater similarity compared to indicated
reference segment. The x axis is time measured in windows. We use segment of
undamaged fan sound as basis for comparison. As can be seen, the system detects
that there is a fault in the parts of sound that contains sound of damaged fan with
or without the bolt attached. In addition, all three sounds are distinguished clearly
in the figure, indicating that the system is able to distinguish between different
fault types. The experiment was repeated with added noise as described earlier
and the result is presented in figure 6.3. The added noise affects the result so that
although the sound segment of damaged fan with the bolt fitted is still detected
as faulty, but the segment without it is not detected. Taking into account that -6
dB SNR can be considered strong noise, we consider this as a good result. Figures
A.1 and A.2, in appendix A, shows individual features from the experiment.
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Figure 6.1: Experiment with an AC fan

Figure 6.2: Fault measure

Figure 6.3: Fault measure with
added -6 dB white noise

Figure 6.4: Experiment with AC fan

6.3

Experiment 2: Computer CPU and chassis fan

In the second experiment, we used Delta electronics model AFB0712HHB DC
computer CPU fan with 12 volt, 0.45 A, and with diameter of 6.5 cm. The fan
was fixed on a large wooden board, as shown by figure 6.8. The microphone was
placed so that the airflow did not directly affect the recording. In the experiment,
we operated the fan with different current levels, ranging from 6 volts to 13 volts
with one volt intervals. We recorded over 5 seconds of each segment. The difference
of one to two volt increments are detectable by human hearing if both sounds can
be heard in succession, but separately it is difficult to distinguish sounds. The
largest differences in sound were observed when the voltage was set to lower part
of the range. Thus the experiment is suitable for evaluating the sensitivity of the
method.
Sounds of fan running with different voltage settings, from six volts to thir-
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Figure 6.6: Fault measure with
added -6 dB white noise

Figure 6.7: Experiment with CPU fan
teen volts, were concatenated to one recording. The reference window was set to
segments from 55 to 56, which contains the fan operating with correct 12 volts.
Figure 6.5 shows that the system can distinguish each segment and it detects fault
when the fan is operating below 11 volts. With the current threshold value, a
fault is not detected when operating with 13 volts due similarity of the sounds.
The experiment with added noise is shown in figure 6.6. The added noise affects
the result so that the segments of operating below 11 volts are detected as faulty.
This indicates that the system is able to detect small differences in spite of strong
noise. Figures B.1 and B.2 in appendix B, shows individual features from this
experiment.
We conducted an experiment with similar setting, using DC Centaur model
CNDC12B7P-030 DC computer chassis fan with 12 volt, 0.38 A, and with diameter
of 11 cm. The fan was also fixed on a large wooden board, like in the previous
experiment. The voltage range and increment were same. The resulted sounds
were similar with previous experiment, but the variation in the sounds was larger.
Same experimental setup was used in the experiment with computer chassis
fan, seen in figures 6.9 and 6.10. The result is similar than with CPU fan, but
unlike with the CPU experiment, fault is not detected when the chassis fan is
operating with 11 volts. In addition, unlike with the CPU fan, the added noise
does not affect the fault detection result.
Figures C.1 and C.2 in appendix C, shows individual features from this experiment.
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Figure 6.8: Experiment with a CPU fan

Figure 6.9: Fault measure

Figure 6.10: Fault measure
with added -6 dB white noise

Figure 6.11: Experiment with chassis fan

6.4

Experiment 3: Vacuum cleaner

In the third experiment, we used Hitachi CV-W85 vacuum cleaner. The aim was
to obtain sound of the vacuum cleaner engine both with and without load. In the
load phase, the intake of the nozzle was blocked with a cloth. In usual operation,
the sound of air intake from the nozzle is dominant and in order to exclude it, the
nozzle was lead outside of the anechoic chamber via small hole. The whole was
sealed with a fabric to prevent external noise. We recorded three sounds, with the
nozzle unblocked, semi-blocked, and fully blocked. The vacuum cleaner was set to
maximum power mode, but shortly after blocking the intake there was a change in
the sound as vacuum cleaner’s internal logic adjusted operating parameters of the
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Figure 6.12: Experiment with a vacuum cleaner

Figure 6.13: Fault measure

Figure 6.14: Fault measure
with added -6 dB white noise

Figure 6.15: Experiment with vacuum cleaner
motor. The transition parts were cut out from the recordings, leaving only static
parts for analysis. As seen in figure 6.13, the system detects fault in segments that
contain sound of blocked intake. The semi-blocked state was not detected. Even
with added noise, the segment of blocked sound was detected as faulty, as seen in
figure 6.14. Figures D.1 and D.2, in appendix D, shows individual features from
the experiment.

6.5

Experiment 4: Coffee grinder

In the fourth experiment, we used a DeLonghi model EAM1000BJA coffee machine, shown in figure 6.16. The coffee machine operates in separate phases: initialization, coffee bean grinding, water heating and coffee brewing, and cleaning
phase. Thus the sound each functionality can be recorded without disturbance
of sounds of other phases. The bean mill operates even if coffee beans are not
inserted, thus we concentrated on coffee bean grinding sounds in the experiment.
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Unlike other experiments, this one was conducted in an office setting. The experiment was done in two parts, running the machine both with and without coffee
beans. The difference in the sound is human audible. The sound of grinding with
beans was used as a reference. The result, shown in 6.17, indicates that the system
detects fault in those sound segments where there are no beans in the machine.
The repeated experiment with added noise, seen in 6.18, also detects same segments as faulty. Figures E.1 and E.2, in appendix E, shows individual features
from the experiment.

Figure 6.16: Experiment with a coffee machine

6.6

Experiment 5: Drilling sounds

We used sounds of an industrial drill machine from laboratory’s sound bank. The
sound contains the drill in operation in four different stages of alignment. With
careful listening with headphones and comparing of sounds, the difference is audible even to a layman. In real-life conditions, only a seasoned professional can
identify the misalignment of the drill and correct the settings of the machine. The
drill operations was used to evaluate how the system can distinguish small changes.
Sounds were concatenated to one sound file and the sound of correct alignment
is used as a reference. The results of the experiment is presented in figure 6.20,
which indicates that the system detects misalignments as faulty segments. In the
repeated experiment with added noise, shown in figure 6.6, the second misalignment sound is not detected as faulty. Even though that one of the misaligned drill
sound was not detected, we still consider this as good result due the difficulty of
sounds. Figures F.1 and F.2, in appendix F, shows individual features from the
experiment.
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Figure 6.18: Fault measure
with added -6 dB white noise

Figure 6.19: Experiment with vacuum cleaner

Figure 6.20: Fault measure

Figure 6.21: Fault measure
with added -6 dB white noise

Figure 6.22: Experiment with drill sounds
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Figure 6.24: Fault measure
with added -6 dB white noise

Figure 6.25: Experiment with a sound of breaking refrigerator

6.7

Experiment 6: Refrigerator breakdown

In the sixth experiment, we used a sound of ”refrigerator breaking”, which was
obtained from freesound.org database. The sound is three minute recording of a
refrigerator in developing a increasing fault condition. The recording begins with
normal operating sound, which develops increasing fault condition that leads to
eventual breakdown. The fault sound is clearly humanly audible. The normal
operating sound was used as a reference. The results of the experiment, presented
in figure 6.23, indicates that the system detects the faulty condition in early stages
of the fault. In the repeated experiment with added noise, presented in figure 6.24,
faulty segments are still detected, but due to the strong noise, the system did not
detect a fault after breakdown, when the sound was silent. This is due to strong
SNR and comparably silent sound of normally operating refrigerator. Figures F.1
and F.2, in appendix G, shows individual features from the experiment.

6.8

Deviation energy method

In order to compare performance of our method, we implemented cabin noise fault
detection method presented by Xiaotian [9]. Detailed description of the method
is presented in chapter 2. In short, they extract deviation energy measure from
sound signal. The measure can be described as stochastic process over the signal, as they utilize mean values over the signal for calculating deviation energy
value for each window. They use a threshold value of t = αM ax(P ), whereα < 1,
where M ax(P ) is the maximum value of the whole signals’ deviation energy values. Thus the method has fundamentally different approach, where the presented
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method is based on comparison of different segments, deviation energy method is
based on identifying those parts of the sound that has highest deviation energy
values. Therefore we compared only those sounds that could be detected with
deviation energy method. In addition, we augmented the way how the threshold
was calculated. Using threshold αM ax(P ), any outlier in the signal can affect the
detection result. Thus we utilized threshold value defined in equation 6.1, where
Xi denotes value deviation energy, ordered in decreasing order. Thus when taking
average of N highest values of deviation energy, we lower the impact of possible
outlier values for the fault detection. We used N = 10 in the experiment.
t=

N
1 X
Xi
N

(6.1)

i=0

We chose the sounds of breaking refrigerator, and vacuum cleaner for comparison. The selected sounds are fit for comparison, as they contain clear fault sounds,
which is an assumption in the compared method. The comparative method is
unfit for several of the experimental sounds, like the sound of AC fan experiment.
As seen in figure 6.26, the comparative method failed to detect fault in the later
segments with damaged fan while detecting fault in normal operation sound. The
method detected the fully blocked vacuum cleaner sound faulty, as seen in figure
6.27, and the fault detection result is comparable to ours. With the refrigerator
sound, the method detected only parts of the sound that contained strong fault
noise, as seen in figure 6.28. The result is is affected by a loud bang noise, of the
refrigerator experiencing terminal failure, that happens at the end of sound.
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Figure 6.27: Vacuum cleaner

Figure 6.28: Fridge breakdown
Figure 6.29: Experiment with deviation energy method

Chapter 7

Discussion
All mechanical machines are vulnerable to faults and breakdowns, even with carefully conducted maintenance. Breakdowns are undesired because they incur costs
in many ways. In addition, needlessly often done maintenance is costly and still
does not completely prevent faults. Moreover, machines operating with wrong
settings, often work inefficiently and cause wear. Thus detecting the condition of
a machine during operation time would be beneficial. There are fault detection
methods that utilize different signals or their combinations. Vibration, current,
voltage, or sound signals are commonly utilized.
There has been an increased research interest for Sound based fault detection
methods in recent years. Sense of sound is, along with sight, a remote sense,
capable of detecting remote events and sound signal carries information about
the condition of the machine. Thus utilizing sound in fault detection has advantages. Firstly, unlike in methods based on vibration or current, it does not need
direct contact or modifications to the machine. Secondly, a microphone is relatively cheap sensor, thus making it cost effective solution that has wide range of
potential applications. While sound based methods are immune to many kinds
of interference, like electromagnetic fields, they are susceptible to external noise,
which presents a challenge for reliable fault detection. In common case, the noise
signal is unknown, thus making it difficult to remove. There are ways for mitigate
the problem. Firstly, positioning of the microphone can affect the level of noise.
Secondly, in some applications insulating structures can be used to block external
sounds. Lastly, there are signal processing methods that can reduce noise, like
mean filters and wavelet based noise reduction. On the other hand, noise reduction could remove also signal components that indicates a fault, thus presenting a
challenge in their utilization.
In this thesis, we presented a literature review of the field. There are many
approaches and applications for sound related fault detection. Reviewed publications can be categorized by three aspects, generality of the method, features
used, and utilized classification methods. Additionally, computational cost and
other limitations can be taken in consideration. Specific methods commonly uti-
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lize comprehensive pre-known data set of different operating sounds. On the other
hand, limitations and design of the method to fit only specific purpose also can be
a factor when analyzing methods generality. Many of the second category methods utilize specific knowledge of the problem domain, like what kind of frequency
distribution is normal. Commonly these methods are utilized in quality control,
where conditions are static and desired operating sounds are well known. General
methods, do not commonly include such assumptions, which specific methods rely
on, or the assumptions are open. For example, assuming that a fault affects energy
levels of the signal increasingly.
The presented methods utilized many different features. There are several
methods that utilize coefficients obtained from discrete wavelet transformation.
Other common approach was to extract intrinsic mode functions with HilbertHuang transformation. Some methods combined several features, even including
other types of signals. The most common classifier was artificial neural network,
and usually back propagation was utilized. The downside utilizing ANN is that
its training requires a comprehensive set of different operating sounds. Some publications assessed features’ fitness for fault detection or to certain use case, thus
commonly they did not provide specific fault classification method or they compared several ones.
In the thesis, we presented a fault detection method that utilizes several lowlevel features. Selected features were extracted both from time and frequency
domain to comprehensively describe the sound. Extracting several features can
be efficiently implemented in embedded solutions with ability to utilize high concurrency. While the method is currently implemented with Matlab, we utilized
methods that are efficiently implementable in embedded devices, like frequency
spectrum extraction with filter bank method. By utilizing Euclidean distance and
a threshold value in the first phase of fault detection, we do not need to use classifiers with high computational cost. In addition, we can utilize the first phase
of fault detection to gather comprehensive data set of fault sounds for detecting
specific faults in the second phase of the system.
We conducted several experiments to evaluate the method. We recorded sounds
of different machines operating both in normal and abnormal conditions. For
example, we fitted a bolt to one fin of a AC fan to damage it. The experiments
were repeated with added -6 dB SNR of Gaussian white noise, which can be
considered as very strong noise. In all experiments, except the experiment with
vacuum cleaner, the segments of sound that were abnormal were detected as faulty.
In the experiment with vacuum cleaner, the semi-blocked state was not recognized
as faulty. We still consider this as very good result, as the difference between nonblocked and semi-blocked sounds was quite small. The system performed well,
even with the added noise. In the experiment with DC fans operating in different
voltage levels, the CPU fan fault detection lowered only by 1 volt, while the noise
did not effect fault detection result of the chassis fan experiment. In the experiment
with AC fan, the added noise affected the fault detection result so that the part
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of fan operating when the bolt was taken off was not recognized as faulty. As the
sounds were similar, SNR was high, and the system still detected fault when the
bolt was attached, we consider this as fair result. In overall, the system performed
well. Even when the noise was added, fault detection results were good. Thus we
consider the method of utilizing many low level features feasible option in sound
based fault detection.
We implemented a method for comparing our solution with a method in literature. As the selected method had fundamental differences, we only compared
those sounds that the other method could obtain meaningful recognition result.
In addition, we modified the method’s way to calculate the fault threshold for
adjusting sensitivity of fault detection. In the sounds of refrigerator breaking and
vacuum cleaner sounds, the compared method performed similarly to our method.
But the experiment with with AC fan was not successful. The comparative method
detected parts operating normally as faulty and parts with damage as non faulty.
Thus we can conclude that our method detects also the same faults, but also is
able to detect many other kind of faults. For example, our method is able to detect
those kind of faults that exhibit decrease in signal energy. Moreover, the compared
method’s fault threshold calculation assumes that there is a squeaky noise present.
In future, more suitable method for comparison should be used.
The presented results from the experiments indicate that our approach is valid.
Thus this work will be used as base for future research at the laboratory. There
are various venues for future work. One important aspect will be to implement
the method in suitable embedded device. The methods performance in different
situations must be assessed to gain more comprehensive understanding its use in
real-life conditions. For example, by conducting experiments in a vehicle in real
operating situation. Other potential venues include integrating the fault detection
system with laboratory’s research in sound localization. By utilizing the direction
information of the sounds, the effect of external noise cold potentially be lessened.

Chapter 8

Conclusions
In this thesis, we presented a research project for sound based fault detection. We
presented literature review of the field, theoretical basis for the proposed method,
implemented system for fault detection, and conducted experiments to evaluate
the implemented system.
The literature review of the field, indicated that there is a growing research
interest for sound based fault detection. There many methods that utilize different
features for fault detection. The literature review did not reveal any publications
that utilized low level features in such extend for fault detection. Thus our approach to fault detection is novel. In addition, we did not find any publications
that was specifically intended to be implemented in a embedded device.
The proposed fault detection method is based on several low level features extracted from sound. Features are extracted both from time and frequency domain.
Utilizing different features in the feature vector describes the sound from many
aspects, thus providing a way to detect different faults. For example the sound of
misaligned drill was only detectable from time domain features.
We conducted several experiments to evaluate the implemented method. As
the results indicate, we conclude that our method is effective detecting differen
kinds of faults. In addition, we repeated tested the system with same fault sounds,
but -6 dB SNR noise added to the original sounds. The results showed that
there were cases that the noise affected the fault detection result, but in all cases
the most faulty conditions were recognized. For example, in the case of drill
misalignment experiment, only one of three sounds were misclassified. When taken
to account that -6 dB SNR means strong noise compared to the original signal and
the similarity of the sounds, as in real-life situation only a professional could detect
the misalignment, we consider this as a good result. In overall, we conclude that
the system produced good results and performed well even with added noise.
This thesis provides a basis for future research of Fault detection at Akira Iwata
laboratory in Nagoya Institute of technology. The future work includes improving
the method, completing the implementation of the distinct fault detection module,
and implementing the system in embedded device.
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First appendix

Figure A.1: Features of AC fan sound
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APPENDIX A. FIRST APPENDIX

Figure A.2: Features of AC fan sound with -6dB white noise

56

Appendix B

Second appendix

Figure B.1: Features of CPU fan sound
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APPENDIX B. SECOND APPENDIX

Figure B.2: Features of CPU fan sound with -6dB white noise
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Appendix C

Third appendix

Figure C.1: Features of chassis fan sound
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APPENDIX C. THIRD APPENDIX

Figure C.2: Features of chassis fan sound with -6dB white noise
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Appendix D

Fourth appendix

Figure D.1: Features of vacuum cleaner sound
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APPENDIX D. FOURTH APPENDIX

Figure D.2: Features of vacuum cleaner sound with -6dB white noise
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Appendix E

Fifth appendix

Figure E.1: Features of coffee grinder sound
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APPENDIX E. FIFTH APPENDIX

Figure E.2: Features of coffee grinder sound with -6dB white noise
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Appendix F

Sixth appendix

Figure F.1: Features of drill sound
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APPENDIX F. SIXTH APPENDIX

Figure F.2: Features of drill sound with -6dB white noise
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Appendix G

Seventh appendix

Figure G.1: Features of refrigerator sound
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APPENDIX G. SEVENTH APPENDIX

Figure G.2: Features of refrigerator sound with -6dB white noise
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Appendix H

Eight appendix

Figure H.1: Features of 1 kHz tone with decrease in amplitude
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APPENDIX H. EIGHT APPENDIX

Figure H.2: Features of 1 kHz tone with increase in amplitude
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APPENDIX H. EIGHT APPENDIX

Figure H.3: Features of 1 kHz tone with change to 1.1 kHz
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APPENDIX H. EIGHT APPENDIX

Figure H.4: Features of 3 kHz tone with added -6 dB white noise
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