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ABSTRACT

FAULT DIAGNOSIS IN REFRIGERATORS USING FAN-INDUCED
ACOUSTIC SIGNALS

BÜŞRA ÖZ

COMPUTER SCIENCE & ENGINEERING M.S. THESIS, DECEMBER 2023

Thesis Supervisor: Asst. Prof. Sinan Yıldırım

Keywords: fault diagnosis, refrigerator, ensemble model, fan blade, machine
learning

Detection of the source of the fault is an important issue in industrial products.
According to the analyses regarding refrigerators, it has been determined that the
majority of customer complaints are caused by noise-based complaints. Therefore,
it is very important to identify the main source causing the noise problem and
correct it as fast as possible. The aim of this thesis is to classify fan-related faults in
refrigerators using sound signals. The method applied to diagnose the source causing
the fault was preferred to be data-based, and for this reason, it was aimed to carry
out the study with the help of a suitable algorithm that learns from the dataset.
Creating a reliable and detailed dataset in order to improve the data infrastructure
for use in this thesis and future studies is the secondary aim of the study. In this
thesis, in the case of only one of the 3 fan sources of the refrigerator is faulty and all of
them are working properly, a sound dataset is created by acquiring sound data in ISO
3745 compliant full anechoic measurement environment. An ensemble classification
model is proposed by using a machine learning model trained by extracting the
statistical features of the sound signal and a CNN (Convolutional Neural Network)
architecture trained using mel spectrograms, which are the visual representation of
the sound signal. The proposed model classifies with an accuracy of 93% when the
non-faulty class is not included and 89% when the non-faulty class is included.
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ÖZET

SES SİNYALİ KULLANILARAK BUZDOLAPLARINDA FAN KAYNAKLI
HATA KAYNAĞI TESPİTİ

BÜŞRA ÖZ

BİLGİSAYAR BİLİMİ VE MÜHENDİSLIĞİ YÜKSEK LİSANS TEZİ,
ARALIK 2022

Tez Danışmanı: Asst. Prof. Sinan Yıldırım

Anahtar Kelimeler: hata teşhisi, buzdolabı, topluluk modeli, fan kanadı, makine
öğrenmesi

Hata kaynağının tespiti endüstriyel ürünlerde önemli bir konudur. Buzdolapları
ile ilgili olarak yapılan analizlere göre müşteri şikayetlerinin büyük çoğunluğunun
gürültü tabanlı şikayetlerden kaynaklandığı belirlenmiştir. Bu nedenle, gürültü
problemine neden olan kök kaynağın belirlenmesi ve hızlı bir şekilde düzeltilmesi çok
önemlidir. Bu çalışmanın amacı, buzdolaplarında fan kaynaklı hataların ses sinyal-
leri kullanılarak tespit edilmesidir. Hataya neden olan kaynağın tespiti için uygu-
lanan yöntemin veriye dayalı olması tercih edilmiş ve bu nedenle çalışmanın veriden
öğrenen bir algoritma yardımıyla gerçekleştirilmesi hedeflenmiştir. Bu çalışma ve
gelecek çalışmalarda kullanılmak üzere veri altyapısının güçlendirilmesi amacıyla
kuvvetli ve detaylı veri seti oluşturulması da çalışmanın ikincil amacını oluşturmak-
tadır. Bu tezde, buzdolabına ait 3 fan kaynağından birinin hatalı olduğu ve hepsinin
düzgün çalıştığı durumlarda, ISO 3745 uyumlu tam yansımasız ölçüm ortamında
ses verileri toplanarak bir ses veri seti oluşturulmuştur. Ses sinyaline ait istatistiksel
öznitelikler çıkarılarak eğitilen bir makine öğrenmesi modeli ile, ses sinyalinin görsel
ifadesi olan mel spektrogramları kullanılarak eğitilen CNN (Evrişimsel Sinir Ağı) mi-
marisi bir arada kullanılarak bir topluluk sınıflandırma modeli önerilmiştir. Önerilen
model, hatasız olma durumunu dahil etmediğimizde %93, hatasız olma durumunu
da dahil ettiğimizde %89 oranında doğruluk değeri ile sınıflandırma yapar.
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1. INTRODUCTION

Refrigerators are one of the most used household appliances which almost everyone

has at home. It is a cooling machine that works with the method of vapor com-

pression and ensures that foods are kept cold for a long time (Wikipedia, 2022a).

Considering that the refrigerator works for 24 hours, it would not be wrong to say

that it is the most used household appliance. The sound level of a machine that

works day and night at home is very important. The sound produced by the prod-

ucts has become an important quality parameter for consumers, especially due to

the increase in the time spent at home during the pandemic and spending more

time in the same environment with household appliances. According to an analysis

speci�c to refrigerators, the majority of customer �eld failure complaints are caused

by noise problems. The source of this noise is not only disturbing to the human

ear, but the failure that occurs may reduce the performance of the cooling system,

and suitable temperature conditions for perishable products may not be provided

(Ballestas-Ortega and Villa, 2020). For this reason, it is important for customer

satisfaction to detect the source of the fault causing the excessive noise and repair

it in a short time. The fundamental sound sources of a no-frost refrigerator are the

compressor, refrigerant, fan motors, and fan blades (Demir, 2022). In this thesis,

we focused on identifying the sources of fan blades based refrigerator noises.

Faults are de�ned as deviations from usual, acceptable or standard conditions from

at least one parameter or characteristic property of the system (Schrick, 1997).

Fault diagnosis refers to the process of examining, characterizing the fault, and

identifying the source of the fault after the failure has occurred (Pozo Arcos, 2022).

For the product repair process, Pozo Arcos (2022) refers that fault diagnosis as

the most important step and Kane (2016) is of the opinion that is the most time-

consuming step. The fact that fault diagnosis is so important has triggered studies to

make the fault diagnosis process easier and more understandable. Pozo Arcos et al.

(2022) studies the utility of user manuals in the diagnostic process, on four types

of household appliances. Insomuch that, Pozo Arcos (2022) examines the impact of

the design of household appliances on making the diagnostic process easier or more
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di�cult. Fault diagnosis is usually done by quali�ed technicians. Technicians may

have to examine each component or even disassemble the product to �nd the fault

source, which slows down the fault diagnosis process. The idea of using machine

learning algorithms for fault detection and diagnosis as an alternative to technicians

dates back to the 1980s (Soltani et al., 2022). Machine learning is the prediction

or decision on unseen data of computers using the meaning that they have deduced

from the data by learning a data (Saravanan and Sujatha, 2018).

There are various studies for fault diagnosis across cooling systems. For exam-

ple, Kocyigit et al. (2014) examine the changes in thermodynamic properties of the

compressor fault, clogged automatic expansion valve, clogged �lter drier, dirty con-

denser, refrigerant charge, and evaporator fan fault. Soltani et al. (2022) evaluate

various machine learning classi�ers to diagnose possible twenty faults in refrigera-

tion systems. In the study of Pardo-Cely et al. (2022), the variation in the thermal

behavior of the refrigerator as a result of 3 di�erent refrigerator faults (deterioration

of the speed of the fan coupled to the condenser, degree of external fouling on the

condenser, and area restriction on the rear cover), and the e�ect of the fault type

on the performance of the refrigerator are investigated. An unsupervised machine

learning technique is proposed for the fault classi�cation problem to be applied in

the refrigerator test line, temperature, current and power measurements are made

and used as input to the model in the study of Cordoni et al. (2020). These studies

are good examples of the importance of fault diagnosis in cooling systems and the

studies in this �eld. However, in these studies, thermal, current, power, and energy

features of the refrigerator are used as diagnosis criteria instead of the sound of the

refrigerator. Kou and Du (2016) present an experimental investigation using the

wavelet denoising method for detecting the noise source in a refrigerator. However,

when we consider the refrigerator as a whole, there are not many studies that per-

form fault diagnosis using the sound signal. Instead, there are various examples of

component-based fault diagnosis studies. For example, the compressor is a compo-

nent of a refrigerator and Toprak and Iftar (2007) study hermetic compressors to

identify faults using sound measurements. They use sound power level as raw data

and fed it to ANN. In their study, the compressor is investigated as solo, not embed-

ded in a refrigerator. Fans are rotating components used in many systems including

refrigerators. There are many studies on fault diagnosis in fans. Chen and Liaw

(2021) use vibration and sound pressure data of the rotating fan for fault diagnosis.

In the time domain, the root mean square (rms) of vibration and in the frequency

domain, the amplitude of the �rst peak (rotating speed) of vibration and the aver-

aged amplitude of the �rst ten peaks of sound are given as features to the machine

learning models SVM and RF. Chen and Liaw (2021) also apply deep learning with

2



1D CNN. In another study, faults of factory machinery such as fans, pumps, valves

and slide rails are examined (Müller et al., 2021). The authors in that study ob-

serve visually the time-frequency representation (e.g. mel spectrogram) of a sound

recording. For fault detection, pretrained CNN is used. Müller et al. (2021) states

that the features that are based on images are versatile and therefore also produce

strong results for detecting acoustic anomalies. Alhazmi (2020) generates manual

faults to cooling fans to prede�ned types of failures (holes, brokenness, cracks), as

we do in this thesis, then it makes vibration and acoustic measurements with the

faults it creates. They indicate that vibration and noise data can e�ectively detect

possible faults in fan systems.

In this thesis, a study is carried out on refrigerator fans. Unlike the literature, the

fans are not addressed as solo, the fault source is diagnosed while fans are running

embedded in the refrigerator. The point to be noted here is that since we have

limited the scope of the thesis speci�cally to the fans, only the fans are powered

while the refrigerator is in operation. There are 3 fan sources in the refrigerator

used in this thesis. A condenser fan to prevent overheating in the condenser area,

named as COND; a freezer fan for cooling the freezer compartment named as FRZ;

and a fresh food fan to cool the fresh food compartment, named as FF are placed in

the refrigerator. The aim of the thesis is to determine the faulty fan source which

causes noise in case one of these 3 fans is faulty. In addition, a fault diagnosis study

that has the same scenario using a sound signal, speci�c to the refrigerator has not

been encountered in the literature. Although it is more popular to use a vibration

signal in rotating machines such as bearings and gearboxes, fault detection studies

with sound signals have been observed a lot (Yu et al., 2020; Yao et al., 2021, 2018;

Wang et al., 2020).

In fault diagnosis studies with sound signals, the classical statistical properties of the

signal are extracted and used with classical machine learning algorithms. Wavelet

transformations are made and analyzed. In some studies, the sound signal is fed

directly to 1-D CNN in the form of raw data. Studies in which deep learning is

applied using the image representation of the signal have been observed.

Kankar et al. (2011) proposes a fault detection and diagnosis for ball bearings, they

train SVM and ANN classi�ers using the range, mean value, standard deviation,

skewness, kurtosis, and crest factor which are statistical features. Yadav and Kalra

(2010) use nine statistical features like kurtosis, shape factor, crest factor, mean,

median and the variance of the spectrogram of the acoustic signal for classi�cation.

Wu and Liu (2008) use wavelet package transformation to extract features of the

sound signal to train ANN classi�er. Lee et al. (2016) and Kemalkar and Bairagi
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(2016) extract MFCC(Mel-frequency cepstrum coe�cients) from the sound signals

to fault diagnosis . Gao et al. (2015), Dong et al. (2014), Khamparia et al. (2019)

and Janssens et al. (2016) use image representation of the sound signal to train CNN.

Tran and Lundgren (2020) extract mel spectrogram and scalogram from sound signal

and classify drill faults using CNN.

In this thesis, we created a comprehensive ensemble model which uses together

the machine learning model trained by extracting classical statistical features and

wavelet coe�cients, and the deep learning model CNN trained using mel spectro-

grams which is the image representation of the sound signal. We extracted more

statistical features than we observed in the literature in both the time domain and

frequency domain, and we performed feature selection in accordance with the study.

We also analyzed wavelet functions and used the one that best �ts our dataset. We

proposed an ensemble model that both uses many approaches together and uses a

dataset created by us of a problem that we have not encountered with the same

scenario in the literature before.

The remainder of this thesis is organized as follows. Chapter 2 provides detailed

background information about features and machine learning models which are men-

tioned in this thesis. In Chapter 3 the creation of the data set, the acquisition of

data, the conditions under which the data were collected and the processes followed

are presented. In Chapter 4, �rst, we present our methodologies of a fan-based fault

diagnosis system. Then we propose the merging of these two methodologies as the

�nal model. Chapter 5 gives the performance results of the models we develop in

this thesis. Chapter 7 concludes the thesis and elaborates on future work.
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2. BACKGROUND

In this chapter, we mention the basic information about the features and machine

learning models that are used in this study.

2.1 Features

In this section, features extracted from raw data are explained. These features

are metrics that make it easier for machine learning models to understand data.

Section 2.1.1 and Section 2.1.2 describe the statistical features extracted from the

time domain form and frequency domain form of the sound signal, respectively.

Section 2.1.3 describes the image representation of the sound signal.

2.1.1 Time Domain Features

This section provides information about the time-based features of the sound signal.

Equation 2.1 shows that a general form of a sound signal, eachx i value for i =

1;2; : : : ;n are sound pressure values for thei th timestamp. For this thesis, sampling

rate was determined as 4096 Hz. Accordingly, it should be noted the sampling is

done such thatn = 4096 for a signal of length1 second.

(2.1) X =
h
x1; x2; : : : ; xn

i
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2.1.1.1 Zero Crossing Rate

Zero crossings are the points where the signal cuts the x-axis for normalized signals.

The zero crossing rate is the feature that shows how many times the signal changes

sign by cutting the x-axis in a speci�ed time interval.

2.1.1.2 Mean

The mean is essentially the time-dependent average of the signal values for a speci�ed

time interval. For n signal length, the arithmetic mean of the signal can be calculated

using the following equation.

(2.2) mean(X ) =
1
n

nX

i =1
x i =

1
n

(x1 + : : :+ xn)

2.1.1.3 Root Mean Square

The root mean square represents the square root of the mean of the squares of the

values of a signal in a speci�ed time interval. This feature is also called �quadratic

mean� in the literature. The following mathematical expression is valid for all signal

forms.

(2.3) rms(X ) =

vu
u
t 1

n

nX

i =1
x2

i

2.1.1.4 Peak Value

Peak value refers to the maximum absolute value of the signal.

(2.4) peakValue(X ) = max( x1;x2; � � � ;xn)
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2.1.1.5 Crest Factor

The crest factor is equal to the ratio of the maximum peak value of a signal detected

in a speci�ed time interval to the root mean square of the signal. In other words, the

crest factor is a feature that shows how much of the energy carried by the signal is

related to the peak value of the signal and can be expressed in terms of time. Since

the increase in the peak values of a signal will increase the crest factor, it indicates

a possible fault in the signal (Mathworks, 2022).

(2.5) crest(X ) =
peakValue(X )

rms(X )

2.1.1.6 Clearance Factor

For rotating machinery, this feature has maximum value for healthy components.

Decreasing clearance factor indicates a possible fault existence. According to Math-

Works documentation, the clearance factor has the highest separation ability for

defective inner race faults.

(2.6) clf(X ) =
peakValue(X )

( 1
n

P n
i=1

q
jx i j)2

2.1.1.7 Impulse Factor

The impulse factor is the height of a peak divided by the mean of the mean level of

the signal.

(2.7) impulseFactor(X ) =
peakValue(X )

1
n

P n
i=1 jx i j

2.1.1.8 Shape Factor
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The ratio of rms to the mean of the absolute value. It is independent of the signal

dimensions.

(2.8) shapeFactor(X ) =
rms(X )

1
n

P n
i=1 jx i j

2.1.1.9 Peak to Peak

The peak to peak is the value of the signal for the di�erence between maximum to

minimum.

(2.9) peakToPeak(X ) = max( x1;x2; : : : ;xn) � min(x1;x2; : : : ;xn)

2.1.1.10 Mean to Min

The mean to min is the value of the signal for the di�erence between mean to

minimum.

(2.10) meanToMin(X ) = mean(X ) � min(X )

2.1.1.11 Mean Absolute Value

The mean absolute value is the mean of absolute signal values. Forn is the signal

length it can be calculated by using the equation below.

(2.11) mav(X ) =
1
n

nX

i =1
jx i j

2.1.1.12 Kurtosis
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Kurtosis is an important indicator that characterizes a signal. In particular, it

expresses the change of the peak values of the signal according to the rms value

of the signal. Signals with multiple peaks higher than three sigmas indicate the

presence of peaks greater than three times the rms value. For a normal distribution,

the kurtosis is equal to 3. Faults increase outliers, so if the fault exists, the kurtosis

value is expected to increase. The kurtosis is calculated by dividing the variance of

the fourth central moment by the square (second statistical moment).

(2.12) kurtosis(X ) =
1
n

P n
i=1 (x i � �x)4

h
1
n

P n
i=1 (x i � �x)2

i 2

2.1.1.13 Skewness

Skewness is a quantity that gives information about the symmetry of a distribu-

tion. For a normal distribution, the skewness value is equal to zero. The skewness

value increases in the signal corresponding to the faulty condition. This means that

the symmetry is broken. The skewness is calculated by dividing the third central

moment by the 1.5th power of the variance.

(2.13) skewness(X ) =
1
n

P n
i=1 (x i � �x)3

h
1
n

P n
i=1 (x i � �x)2

i 3=2

2.1.2 Frequency Domain Features

This section presents the frequency-based features of the sound signal. Fourier

transform (Fast Fourier Transform- FFT) is used to calculate the frequency content

of a time-domain signal.

2.1.2.1 Peak FFT

The peak FFT is a metric for maximum value of FFT of signal
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2.1.2.2 Peak FFT Index

The peak FFT index is a metric for the index of the maximum value of the FFT of

the signal.

2.1.2.3 Wavelet Coe�cients

The discrete wavelet transform (DWT) is a mathematical method for representing a

signal as a series of localized wavelets, which capture the signal's frequency content

at di�erent time scales. The DWT operates by convolving the input signal with a

set of orthogonal wavelet functions, which have the property that they are localized

in both time and frequency. This allows the DWT to represent the input signal with

a series of coe�cients that capture the signal's local frequency content at di�erent

time scales (Talebi, 2020). The DWT has many applications in signal and image

processing, including denoising, compression, and feature extraction.

The �rst discrete wavelet transform was used by Alfred Haar in his thesis in 1909

(•kiz, 2006). However, the usage of wavelets increased signi�cantly after 1988 with

Daubechies. She formulated a set of discrete wavelet transforms and also included

the Haar wavelet in her family of wavelets (Wikipedia, 2022b). Haar wavelet is the

�rst and simplest one. It has a form of a step function. The db1 wavelet is the

same as the Haar wavelet. It is not continuous and not di�erentiable. The other

Daubechies wavelets can be seen in Figure 2.1. In order for the wavelet function

to be used, it must have the following properties: The center of the main wavelet

function must be at zero, it must converge to 0 on the x-axis, and the mean value

of the wavelet function should be zero.
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Figure 2.1 Daubechies wavelet functions (Natarajan and K I, 2009)

In this thesis, we used �db1� as the base wavelet to extract wavelet coe�cients

before wavelet selection.

Figure 2.2 Haar/db1 wavelet function (Wasilewski, 2022)

The DWT uses a high-pass �lter(h) which is derived from the wavelet function and

a low-pass �lter(g) which is derived from the scaling function to decompose the

signal into di�erent frequency bands. The high-pass �lter is used to produce a set

of detail coe�cients, which capture the high-frequency content of the signal. The

low-pass �lter is used to produce a set of approximation coe�cients, which capture

the low-frequency content of the signal. The �ltered output is then subsampled by

a factor of 2, which further reduces the dimensionality of the input and allows the

DWT to operate on a smaller input.
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Figure 2.3 Block diagram of one level transformation (Wikipedia, 2022b)

(2.14) ylow [n] =
1X

k= �1
(X [k]g[2n � k])

(2.15) yhigh [n] =
1X

k= �1
(X [k]h[2n � k])

We used 6 levels of transformation to get 7 coe�cients. 6 levels transformation looks

like in Figure 2.4.

Figure 2.4 Block diagram of 6 levels transformation

2.1.3 Mel Spectrogram

A mel spectrogram is a spectrogram where the frequencies are converted to the mel

scale. It is composed of two concepts: mel scale and spectrogram.

The mel scale refers to a human perceptual-based scaling of sound frequencies.

Humans cannot perceive the same amount of change at low-frequency and high-

frequency levels in the same way. Humans are more sensitive to changes at low

frequencies but less sensitive to changes at higher frequencies. For example, al-

though there is a di�erence of 100 Hz between them, signals between 100 Hz and

200 Hz frequencies can be easily distinguished, while two signals with a frequency
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of 5000 Hz and 5100 Hz can not be easily distinguished. Therefore, the mel scale is

a pitch scale in which frequencies are divided into equal intervals in terms of human

perception (Roberts, 2022). Figure 2.5 graphically shows the relationship between

the hertz scale and the mel scale. The following mathematical expression is used for

the transformation in question (O'Shaughnessy, 1987).

(2.16) M = 2595� log(1+
f

700
)

Figure 2.5 Hertz Scale to Mel scale

A spectrogram is a three-dimensional graph that simultaneously contains the time,

frequency, and amplitude information of a signal. Spectrogram can be used for

all physical phenomena (sound pressure, sound power, vibration, etc.) involving

time and frequency variation. The spectrogram is generally obtained as a result of

dividing the signal into �xed time intervals and frequency transform for each time

interval (Doshi, 2021). Nested windows are used to correct the discontinuity at

the start and end points of time intervals. Negligible changes occur in the signal

character according to the window functions used. Since this does not harm the

general character of the signal, it provides a very useful tool for extracting the

features of the signal in a healthy way. FFT is generally used for the frequency

transform of time intervals. Fourier transform-based spectrograms contain a �xed

time and �xed frequency range and are brie�y referred to as STFT. Figure 2.6 shows

spectrograms using frequency and mel scale.
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Figure 2.6 The mel spectrogram of a sample data (FRZ-B-2000_1400_1300-FAR-4)

2.2 Machine Learning Models

Machine learning is an application of arti�cial intelligence in which computer pro-

grams can learn patterns through algorithms and training data. Based on the train-

ing data provided to the algorithm, a machine learning algorithm can detect data,

make predictions, and complete tasks automatically by learning how it can be im-

proved. In this thesis, machine learning algorithms are used for a classi�cation

problem. It is aimed to use the algorithms to learn from the data and determine

the fault class.

The random forest algorithm we use for feature selection is explained in Section 2.2.1.

Section 2.2.2 explains the XGBoost algorithm, which is one of the classi�cation

methods used in this thesis. Section 2.2.3 contains information about the CNN

algorithm, which is one of the deep learning algorithms, deep learning is a subset of

machine learning.
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2.2.1 Random Forest

Random forest algorithm (Tin, 1995) is one of the supervised classi�cation algo-

rithms. It is also an ensemble machine learning model. It consists of decision trees.

Random forest generates various models by training each decision tree on a di�erent

observation sample. It makes majority voting among the predictions of each dif-

ferent decision tree and makes the classi�cation decision in this way. The decision

tree is a tree-based algorithm that includes the root node, internal nodes, and leaf

nodes. A decision tree algorithm divides a training dataset into branches based

on the condition of the current node. Nodes represent attributes. This process is

repeated until it reaches the leaf node. Each leaf node represents a class for the

decision tree classi�er.

Figure 2.7 Schema of Random Forest (Mbaabu, 2020)

2.2.2 Extreme Gradient Boosting (XGBoost)

Gradient Boosting (Friedman, 2001) is a tree-based ensemble technique, it is a com-

bination of Gradient Descent and Boosting concepts. In Gradient Boosting, initially,

the �rst leaf is created. Afterward, new trees are created by taking into account the

estimation errors. This process continues until the decided number of trees is reached

or no further improvement can be made from the model (Muratlar, 2020).
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XGBoost (Chen and Guestrin, 2016a) is a high-performance version of the Gradi-

ent Boosting algorithm optimized with various modi�cations. The most important

features of the XGBoost algorithm are that it can achieve high predictive power,

prevent over-learning, manage empty data and do them quickly. According to Chen

and Guestrin (2016b), XGBoost runs 10 times faster than other popular algorithms.

Figure 2.8 Schema of XGBoost (Jiwei, 2022)

2.2.3 Convolutional Neural Networks (CNN)

CNN is one of the deep learning algorithms. CNN algorithm is a classi�cation

algorithm, it is frequently used in image classi�cation, object identi�cation, and

image and captioning problems. CNN algorithm consists of di�erent layers. Each

layer performs a di�erent operation and thus the entire architecture captures the

features in the images and categorizes them.

The convolutional layer is the core of a convolutional network. In the convolutional

layer, there are �lters that allow us to �nd features through the image given as

input. Filters are called kernels. The kernel is in a form of a matrix. The learned

parameters in CNN algorithms are the values in this matrix. The model constantly

updates these values and begins to create features better. The kernel moves over

the input data by the stride value. It performs convolution with the sub-region of

input and a feature map is created as a result of all convolutions. The convolution

operation is indicated by the� symbol and performs dot product between pixels in

the sub-region and �lter.

(2.17) (I � K )xy =
hX

i =1

wX

j =1
K ij :I x+ i � 1;y+ j � 1
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Figure 2.9 Convolution operation

The result of the convolution is sent to the activation layer. Activation layers add

non-linearity to the system using activation functions. The activation function is

chosen speci�cally for the problem. In this thesis, we used �ReLU (Recti�ed Linear

Unit)�. ReLU is a non-linear function that operates as in Equation 2.18. The reason

for inserting the operation into the ReLU function is to reset the negative values.

(2.18) f (x) = max(0;x)

The other layer is the 2D Batch normalization layer. Batch normalization is a

technique used to improve the performance and stability of convolutional neural

networks. It helps to prevent over�tting, which is when a model becomes too spe-

cialized to the training data and loses its ability to generalize to new data. Batch

normalization works by normalizing the inputs to each layer of the network, which

has the e�ect of regularizing the network and improving its performance.

Pooling layers in deep learning are used to reduce the dimensionality of the input

through down-sampling. This can improve the computational e�ciency of the net-

work, as well as increase its invariance to small transformations of the input. Several

di�erent pooling methods exist, including max pooling and average pooling, which

compute summary statistics within non-overlapping local regions of the input and

use these statistics as the output of the pooling layer.

The linear layer performs a linear transformation on the input data. It basically cre-

ates a single-layer feed-forward network. It is useful for learning linear relationships

in the data.

(2.19) y = xA | + b
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3. DATA ACQUISITION

In this chapter, the creation of the data set, the acquisition of data, the conditions

under which the data were collected and the processes followed are presented.

3.1 Setup

For the data acquisition process, 2 microphones and 1 accelerometer were used.

One of the microphones was located at the front side of the refrigerator and the

other at the backside. Each microphone was placed at a distance of 10 cm from the

refrigerator and at a height of 100 cm from the �oor. The accelerometer is placed in

the middle of the side surface of the refrigerator as shown in Figure 3.1. The data

is collected through these 3 channels at the same time. The data obtained from

the accelerometer was used for control purposes and was not used in analysis and

modeling studies in line with the purpose and scope of the study. Figure 3.1 shows

the placement of the refrigerator and the location of the microphones.
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