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Faults in the rolling element bearings are a common problem in rotating equipment.
Therefore predicting and identifying the faults from vibration signals has gained increased
attention. The goal of this thesis is to explore and test methods used in bearing fault de-
tection. Fourier transform and envelope analysis are introduced from classical methods
and decision tree, k nearest neighbor, and artificial neural network from the field of ma-
chine learning. A literature review is conducted for each method separately and other
commonly used methods are introduced. As a result, each method was able to detect
the faults, and good classification accuracies were achieved. Machine learning methods
are dependent on feature extraction and the fault sensitivity of the feature will affect the
classification ability.



TIIVISTELMÄ

Lappeenrannan-Lahden teknillinen yliopisto LUT
School of Engineering Science
Laskennallinen tekniikka

Emma Hannula

Tilastollinen laadunhallinta koneoppimisella

Diplomityö
2023
44 sivua, 17 kuvaa, 7 taulukkoa
Tarkastajat: Professor Lassi Roininen ja M.Sc. Victoria Jorry

Hakusanat: Koneoppiminen, Laakerin vian tunnistaminen, Luokittelu, Laadunhallinta
Keywords: Bearing fault detection, Machine learning, Classification, Quality control

Vierintälaakereiden viat ovat yleinen ongelma pyörivissä koneissa. Siksi vikojen en-
nustaminen ja tunnistaminen värähtelysignaaleista on herättänyt kasvavaa kiinnostusta.
Tämän työn tavoitteena on käydä läpi ja testata menetelmiä joita on käytetty laakerei-
den vikojen tunnistamisessa. Klassisia menetelmistä valitaan Fourier muunnos sekä ver-
hokäyräanalyysi. Päätöspuu, K-lähimmän naapurin menetelmä sekä neuroverkko vali-
taan koneoppimismenetelmistä. Kirjallisuuskatsaus toteutetaan jokaisesta menetelmästä
erikseen ja sen lisäksi käydään läpi muita yleisesti käytettyjä menetelmiä. Tutkimuksen
tuloksena todetaan, että jokainen menetelmä onnistuu tunnistamaan viat ja saadut luokit-
telu tarkkuudet olivat hyviä. Koneoppimismenetelmät ovat riippuvaisia erotelluista omi-
naisuuksista ja ominaisuuden herkkyys vialle vaikuttaa menetelmien luokittelukykyyn.



ACKNOWLEDGEMENTS

I would like to thank my supervisors Professor Lassi Roininen and Victoria Jorry. Big
thank you also to my family for supporting me on the journey towards the Master’s degree.
I am very grateful to the guild as the daily coffee breaks and various conversations kept
me on track. Without all the support this would have not been possible.

Lappeenranta, October 29, 2023

Emma Hannula



5

LIST OF ABBREVIATIONS
ANN Artificial neural network
MLP Multilayer perceptron
FFT Fast Fourier transform
DFT Discrete Fourier transform
CWRU Case Western Reserve University
2DPCA Two-dimensional principal component analysis
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CNN Convolutional neural network
KNN K-nearest neighbors
ReLU Rectified linear activation function
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1 INTRODUCTION

Rolling element bearings are one of the most broadly used elements in machines. It is built
from two races which are separated by a rolling element for example balls. The purpose
of the rolling element is to help reduce friction between stationary and rotating races. Due
to the long operating hours, bearings are exposed to developing faults in different areas.

Faults can be divided into three main categories:
1. Fault in the inner race,
2. Fault in the outer race, and
3. Fault in the rolling element.

The location of the fault correlates with the signal it will produce. Large faults will affect
the acceleration vibration by increasing the amplitude and causing irregularities in the
signal. Therefore it is possible to separate and detect different faults based only on the
measured signal. Commonly this is performed with time-frequency analysis which can
be divided into categories of signal processing and machine learning.

Rolling bearing fault diagnosis and detection has gained increasing attention among re-
searchers. Diagnosing faults in the early stages can help to avoid unnecessary motor
failures and therefore decrease the maintenance cost of the motors. With that motivation,
a wide range of methods have been proposed to classify and detect different fault types.
The largest differences between these methods are mostly in signal preprocessing and
frequency extraction.

Machine learning is a subset of artificial intelligence. It implies that a system has the
ability to adapt and learn in a changing environment without constant supervision and in-
tervention by a human [2]. The field of machine learning has developed significantly due
to the increased interest in machine learning methods among researchers and companies.
New methods have been developed and proposed for classification, pattern recognition,
and feature extraction purposes. One of the main requirements for applying machine
learning is the availability of large and diverse datasets. Therefore, increased interest in
rolling bearing fault detection has been a motivation to develop and simulate such data.

The process of bearing fault detection begins with data acquisition implemented by sen-
sors or simulation equipment. Signals obtained from the accelerometers are usually long
time series where acceleration vibration is measured at certain time intervals. In a long
time series, each time state represented is used as a predictor causing a large space of
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features. A large set of features will raise the computational cost of the process, which is
why data processing and feature extraction are usually used to reduce the dimensionality
of the dataset and therefore make the calculations less complex.

Figure 1. The process of bearing fault detection

When applying the machine learning method to any dataset, one of the major problems is
how features are extracted efficiently and what features are suitable for detecting specific
fault types. Therefore, the feature extraction method must be chosen carefully. Complex
methods may not improve the results but make the model perform worse than simple,
commonly used methods which is why their results require a closer look.

1.1 Objectives and delimitations

The purpose of this thesis is to go through commonly used methods in the field of bearing
fault detection. Three popular machine learning methods and two classical methods are
tested with two different datasets. The main focus is to extract commonly used features
from the datasets and test them with chosen methods.

The main objectives of the thesis are:

• Compare chosen datasets and choose feature extraction methods

• Study classical and machine learning methods commonly used in bearing fault de-
tection

• Evaluate chosen classical and machine learning methods using two datasets

The datasets used in this thesis are long time series and both datasets have one signal
representing one fault. In order to use machine learning methods, datasets need to be
large and diverse. Currently, only a few publicly available datasets are available which
limits the possibilities of testing different methods. The quality of the dataset is not visible
without a thorough data exploration.
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Dividing large signals into smaller samples can be conducted in multiple different ways,
especially regarding the chosen length of the samples. Choosing the sample size can
have an impact on the properties of the original signal which is why the sample size must
be chosen carefully. Another property affecting the properties is implemented feature
extraction methods. The features can be extracted with a wide range of various signal-
processing methods in the time-, frequency- and time-frequency domains. The feature
extraction in this thesis is limited to time and frequency domains with commonly used
extraction methods.

1.2 Structure of the thesis

This thesis is divided into seven chapters. In Chapter 2, datasets used in experiments are
introduced and preprocessed. Classical bearing fault detection methods are introduced in
Chapter 3. Chapter 4 focuses on common machine learning methods used in the field in
question. In Chapter 5, different feature extraction methods are introduced and features
are extracted from the datasets. In Chapter 6, previously introduced machine learning
methods are tested with extracted features. Chapter 7 contains conclusions from the con-
ducted experiments and their value for future research.
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2 Dataset exploration and pre-processing

In this thesis, two datasets are used to test and compare chosen methods for bearing fault
detection. Both datasets consist of bearing acceleration time series with multiple faulty
and one normal bearing signal. Depending on the dataset, some faults are more easily
separated than others.

The LUT Department of Mechanical Engineering has kindly provided the first dataset.
The data was produced by simulating bearings with MATLAB Simulink and the bearing
used in the simulation was a deep groove ball bearing 6010 from SFK. The dataset has
not been previously used in any publicly available publications and is used in this thesis
to demonstrate the performance of chosen methods with simple and easily distinguishable
data.

The second dataset is provided by Case Western Reserve University (CWRU) bearing data
center [1]. The dataset is acquired by inducing different-size faults into three locations
of the bearing. Signals are collected by placing them into a test motor and using an
accelerometer to measure the vibration. The bearing used in the experiment is a deep
groove ball bearing 6205 from SFK. The CWRU dataset is a publicly available dataset
that has a lot of variation. It is also one of the most commonly used datasets in bearing
fault detection. Multiple classical and machine learning methods have been tested with the
dataset with varying outcomes [18, 29]. Therefore the achieved results can be compared
to the results in previous publications.

2.1 LUT rolling bearing dataset

The dataset consists of bearing acceleration data in 2.4 million time points with different
types of faults; fault on the inner side and fault on the outer side. Also, data without
fault was recorded. Data was collected with 12000 samples per second and with a rotat-
ing speed of 900 rpm (revolutions per minute). Later this Dataset will be referred to as
"Dataset 1".

The dataset is visualized in Figure 2. The vibration of the normal bearing is very small
without any large changes or irregularities in amplitude. Inner and outer race faults have
large variations in amplitude. Amplitude spikes in the inner fault are roughly double the
size of outer race fault spikes. Overall both inner and outer fault signals have a steady
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repeating pattern throughout the signal.

Figure 2c shows that in the beginning, acceleration differs in every case from the rest of
the signal. The effect is the most visible in normal bearing where the amplitude in the
beginning is 10 instead of 0.05 which remains in the rest of the signal. After roughly
2000 timesteps, the signal will become steady in all cases without any major changes.

(a) Complete signals (b) Form of the signals

(c) Beginning of the signals

Figure 2. Signals of the Dataset 1

Histograms of the raw signals are in Figure 3. and histograms excluding the irregular be-
ginning of the signals are in Figure 4. The difference between raw and partial histograms
is most visible in normal bearing in which the vibration in the beginning is affecting the
tails of the deviation. Removing the beginning brings out the shape of the signal. Inner
and outer faults are not as clearly affected by the irregularities in the beginning.

In partial histograms, it can be noticed, that the normal bearing has the smallest standard
deviation even though there are two clear spikes on both sides of zero. The tails of the
distributions are larger in inner and outer race faults but in both, most values are placed



12

(a) Inner fault (b) Outer fault (c) Normal bearing

Figure 3. Histograms of the Dataset 1

(a) Inner fault (b) Outer fault (c) Normal bearing

Figure 4. Partial histograms of the Dataset 1

around the zero. Even though both faulty distributions are closely zero-focused, there is
a small number of data points on a wide area on both sides of the big spike.

2.2 CWRU seeded fault test data

The test motor is supported by two bearings, one in the drive end and one in the fan end.
Measurements with faulty bearings were made on both ends. Collected signals have an
average length of 120000 with few exceptions. The signal obtained from normal bearing
differs from the rest of the data because its length is 240000.

Faults induced to the bearings were sizes of 0.007 inch, 0.014 inch, 0.021 inch, 0.028
inch, and 0.040 inch. Because the outer race is stationary, measurements were made
with different fault placements relative to the load zone (centered 6 o’clock, orthogonal
3 o’clock, and opposite 12 o’clock). 3 o’clock and 12 o’clock outer race data from the
0.014-inch fault were not available.

A total of 13 faulty signals were recorded with motor loads from 0 to 3 horsepower. Each
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motor load has a separate speed varying from 1797 to 1720 rpm. Measurements were
made in both the fan and drive end of the motor with 12000 samples per second. Drive
end bearing faults were also collected at the speed of 48000 samples per second.

In this thesis, we will be using only 12000 samples per second drive end data with 0
hp motor load. Also, only faults from the size of 0.007 inches to 0.021 inches are used
because the bearings used in the two largest faults were from different manufacturers. All
signals used in the Dataset are listed in Table 1. Later this dataset will be referred to as
"Dataset 2".

Table 1. Fault types of Dataset 2

Index Fault location Fault diameter (10−3 inch)
1 ball 7
2 ball 14
3 ball 21
4 inner race 7
5 inner race 14
6 inner race 21
7 outer race @12 7
8 outer race @3 7
9 outer race @6 7
10 outer race @6 14
11 outer race @12 21
12 outer race @3 21
13 outer race @6 21
14 - -

The raw dataset is visualized in Figure 5. The amplitudes of signals differ between sam-
ples. In normal bearing, the amplitude is a maximum of 0.2. Most of the faulty signals
have amplitude between 2 and 5. The closest signal to the normal bearing is with a 0.007-
inch fault in the ball and inner race. Unlike Dataset 1, Dataset 2 does not have a significant
change during the first seconds of the measurements.

2.3 Data pre-processing

In Dataset 1, the beginning of the signals are different from the rest of the dataset due
to the building of acceleration in the simulation. As noticed in data exploration, the first
2000 samples of each signal differ from the rest of the signals and are therefore removed



14

to exclude their influence on experiences. Exploration of Dataset 2 did not reveal any
irregularities at the beginning of the signal. Therefore data can be used as a whole and
there is no need to remove any data points.

Both introduced datasets consisted of a single time series for each fault type. To get
large enough datasets for machine learning methods, each signal needs to be divided into
subsamples. Both Datasets are divided into samples with a length of 500 which grants
enough training samples for both datasets. Dataset 1 has larger raw signals which results
in a larger sampled Dataset than for Dataset 2. As a result, we get Dataset 1 with a size of
14325×500 with 3 classes, and Dataset 2 with a size of 3662×500 with 14 classes.

The large number of samples in a class will create a better classification model for the
class. Because Dataset 1 has more samples and fewer classes, it is simpler and easier to
classify. The smaller amount of data in each class in Dataset 2 might affect the creation
of the model.

2.4 Dataset quality

The CWRU dataset was produced by artificially inducing varying sizes of faults in differ-
ent parts of the bearing and placing them into a test setup. The LUT dataset was simulated
with MATLAB, which makes it an example of easily separatable bearing faults. In the
simulation, only one fault type was tested in both the inner and outer races.

Because of the ideal laboratory environment, the dataset collected will differ from data
collected in the actual engineering environment [7]. Laboratory-produced data is almost
noiseless and faults are focused on specific areas making the faults easy to separate. In
real-life situations, a bearing can have multiple faults with different severity levels making
the specific fault signal harder to isolate.

In machine learning data has to be balanced to train models correctly. A too-large dif-
ference in class sizes can result in sufficient representation of the smaller class [11]. The
lengths of signals in Dataset 1 are approximately the same. The problem is with Dataset
2 where the normal signal is almost double the length of any fault signal. Therefore the
normal bearing will have a much larger sampled dataset than any of the faulty bearings.
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(a) Fault in ball (b) Fault in inner race

(c) 7 inch fault in outer race (d) 21 inch fault in outer race

(e) 14 inch fault in outer race (f) Normal bearing

Figure 5. Signals of Dataset 2
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(a) Fault number 1 (b) Fault number 2 (c) Fault number 3

(d) Fault number 4 (e) Fault number 5 (f) Fault number 6

(g) Fault number 7 (h) Fault number 8 (i) Fault number 9

(j) Fault number 10 (k) Fault number 11 (l) Fault number 12

(m) Fault number 13 (n) Normal bearing

Figure 6. Histograms of Dataset 2
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3 Classical methods

In previous studies, many analysis techniques have been proposed for bearing signals, see
for example [18, 25]. Around the 1970s, one of the first papers was published on bearing
diagnostics by Balderston [4]. The goal of the research was to determine if a change in
frequency spectrum would indicate the onset of a bearing failure. Spectral density plots
were obtained with a frequency analyzer and the plots were analyzed by hand comparing
results with calculated rotational frequencies.

After recognizing the connection between bearing faults and resonance in high frequency,
synchronous averaging was used to expose the faults [25]. Envelope analysis was devel-
oped to reduce the range of high-frequency analysis.

3.1 Fourier transform

Fourier transform is one of the most common methods used in signal processing. It trans-
forms the signal into a frequency domain by composing the existing frequencies by in-
tensity which enables frequency analysis tools to be used. When the continuous signal is
replaced with a set of samples, discrete Fourier Transform (DFT) is applied [23]. DFT is
defined as

Xk =
N−1∑
n=0

xne
−i2πkn/N . (1)

Inverse discrete Fourier transform is defined as

xn =
1

N

N∑
k=0

Xke
i2πkn/N . (2)

Due to the computational complexity of DFT, Fast-Fourier-Transform (FFT) was devel-
oped to lower the complexity from O(N2) to O(N logN) [12]. FFT is mostly used
variation of Fourier transform when transforming time signals into frequency domains.

Multiple methods implementing the Fourier Transform and its variations have been in-
troduced in the field of bearing fault detection [19]. Fourier Transform is not usable as
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a diagnostic method but as a step to achieve frequency-domain signal in other analysis
methods.

One of the methods utilizing the FFT spectrum of the CWRU dataset was represented
by Li et al. [18]. Experiments were made only with two fault sizes with different loads.
They extracted FFT spectrum images from the signals and processed them with two-
dimensional principal component analysis (2DPCA). Principal components acquired by
2DPCA were used to classify faults with the minimum distance method. Depending on
the location of the fault and motor load achieved classification accuracy varied from 75%
to 100%.

3.2 Envelope analysis

Faults in bearings affect the vibration signal by increasing the amplitude of specific fre-
quencies. With enough information about the bearings, fault-specific vibration frequen-
cies can be calculated separately. Therefore extracting and processing the frequencies
where the fault could occur, can bring out the fault repetition frequencies in the envelope
spectrum [25]. The fault frequencies might be affected by the noise, which can make
them harder to identify.

The first step in the envelope analysis is to transform the time-domain signal to the
frequency-domain with FFT. The envelope signal is then created by filtering the wanted
frequency range and enveloping it for example with the Hilbert transform [10] which is
defined as

H[g(t)] =
1

π

∞∫
−∞

g(t− τ)

τ
dτ = g(t) ∗ 1

πt
, (3)

or with other demodulation techniques like bandpass filtering. The envelope spectrum is
formed by taking the FFT from the enveloped signal. The peaks of the spectrum can then
be compared against fault-specific frequencies. The frequency for the inner bearing fault
is defined as

fI =
N

2
f0

(
1 +

Dp

Db

cos(α)

)
, (4)
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where f0 is the rotational speed, Dp is the diameter of the pitch and Db is the diameter of
the ball. The contact angle to the bearing is α which is assumed as zero. For outer fault,
the fault frequency is defined as

fO =
N

2
f0

(
1− Dp

Db

cos(α)

)
. (5)

The performance of the envelope spectrum is affected by the demodulated band. Choosing
the correct frequency band has been a big challenge but it has been solved with spectral
kurtosis and kurtogram [25]. Spectral kurtosis is a statistical parameter that indicates
how the impulsiveness of a signal changes with frequency. Therefore it will receive high
values in frequencies where bearing fault is present. Spectral kurtosis is calculated from
the short-time Fourier transform (STFT) where the local Fourier transform is calculated
by moving a window along the signal. STFT is defined as

S(t, f) =

∞∫
−∞

x(τ)w(τ − t)e−j2πfτdτ, (6)

from which spectral kurtosis is calculated with

K(f) =
⟨|S(t, f)4|⟩t
⟨|S(t, f)2|⟩2t

− 2, f ̸= 0, (7)

where ⟨·⟩ is a time-average operator. Kurtogram is used to visualize spectral kurtosis as
two-dimensional with different window lengths for the STFT.

Zhao et al. [31] implemented envelope analysis to vibration and residual signal. The
purpose of the residual envelope was to remove the influence of characteristic frequencies,
which is a common problem in outer race fault detection. The filtering will increase the
signal-to-noise ratio (SNR) of the fault frequency and make fault detection easier.

3.3 Other methods

While Fourier transform and envelope analysis are a couple of the most commonly used
and well-performing methods in bearing fault detection, multiple different methods also
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have been introduced [19, 25].

Lopez-Gutierrez et al. [21] implemented empirical wavelet transform to a CWRU outer
race fault. Empirical wavelet transform decomposes the signal into multiple compo-
nents which can be used to extract amplitude and frequency-modulated components with
Fourier transform. Three Goodness of Fit tests were applied to the achieved modes, Kol-
mogorov–Smirnov Test, Kuiper test, and Pearson Chi-Square Test. The method was able
to detect the damage in the bearing.

Another proposal applying the same Goodness of Fit test to bearing fault detection is
presented by Avina-Corral et al. [3]. The tests are applied to motor current and squared-
current signal analysis. The Kuiper test is able to detect faults from the motor square-
current signal. Also, other tests produced decent results for both signals. The conclusion
stated that the Goodness of Fit tests are capable of working along other bearing fault
detection methods.

Cumulative control charts have been used to detect small changes in the signal. Upper
and lower cumulative sums are calculated from the signals and plotted with control lim-
its. Samples outside the limits are flagged as faulty. Jawad and Jaber [14] proposed the
method for bearing fault detection. They extracted time-domain features from the signal
and marked standard deviation as the most sensitive to the fault and it was used as a base
for the control chart. The method was able to detect small-size bearing faults but it is
dependent on the extracted time-domain feature.
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4 Machine learning methods

There have been multiple studies about machine learning and how it could be applied in
bearing fault detection and classification, see for example [11, 17, 22]. Applied methods
varied from basic decision trees and K-nearest neighbors to convolutional neural networks
(CNN).

Different algorithms and methods have been tested with CWRU Dataset with varying re-
sults [22,29]. The biggest difference between articles is how the Dataset is preprocessed.
There are different styles of dividing the large signal into smaller samples and what fea-
tures are used. Because the Dataset is large, many researchers choose to use only part
of the data. Due to the nature of the data, this could cause differences between applied
methods. The latest research focuses on whether it is possible to make classifications only
using the raw signal [26].

Every machine learning method involves a learning process. This process can be divided
into two main categories: supervised and unsupervised. Supervised learning uses labeled
datasets and is mostly used in classification and regression tasks. Unsupervised learning
tries to find patterns and similarities in the data and fits best to clustering problems.

4.1 Decision tree

A decision tree is one of the basic supervised decision-making methods. It is formed by
nodes from which the node that has no incoming edges is called root and nodes that have
no outgoing edges are called leaves [20]. Each leaf will represent a class and starting
from the root, each node has assigned a feature or a variable. Based on the variable of the
node, branches are assigned a value/range of the values from the variable. The complexity
of the tree can be controlled for example by assigning a maximum number of leaves or
nodes. An example of a simple decision tree that is built from three nodes and four leaves
is in Figure 7.

A classification tree is a simple classification method that uses features to construct an
accurate model. The problem is that decision tree models are easily overfitted and thus
badly generalized [17]. Therefore careful data preprocessing and feature extraction are
needed to get appropriate results from the algorithm.
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Figure 7. A simple example of a decision tree.

Euldji et al. [9] implemented a decision tree C4.5 algorithm for bearing fault detection. 15
time-domain features were extracted and used in classification. An accuracy of 94% was
achieved when using all features. Reducing the amount of features by careful selection
accuracy increased to 100%.

4.2 K-nearest neighbors

K-nearest neighbors (KNN) is a non-parametric supervised learning model. The model
evaluates samples based on their calculated distance from other samples. The sample is
classified into the class that has the most samples within the number of neighbors. The
number of closest neighbors is limited with the parameter k which is defined by the user.

The distance can be determined for example with Euclidean or Mahalanobis distance.
Euclidean distance calculates the distance between two samples and is defined as
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D(X, Y ) =

√√√√ N∑
i=1

(Xi − Yi)2. (8)

Mahalanobis distance calculates the distance between a sample and a distribution and is
given as

D =
√

(y − µ)TΣ−1(y − µ), (9)

where µ is the mean and Σ is the covariance matrix of the distribution.

KNN is easy to implement but for large datasets computational cost, the balance of data,
and determination of parameter k could affect the performance [17]. High dimension-
ality becomes a problem when the distance vector is equal in length for each sample.
The algorithm is also prone to overfitting which can be solved by feature extraction and
dimensionality reduction example with principal component analysis.

In the field of bearing fault detection, Kumar and Upadhyaya [16] introduced a method
combining wavelet transform and KNN. Wavelet transform was used to compose signals
from which overall 17 time-domain features were calculated. These features were used in
the KNN algorithm resulting in 83% accuracy.

Sharma and Jigyasu [27] presented weighted KNN in bearing fault detection. Experi-
ments were done with multiple k-values and different distance metrics. Extracted time-
domain features were normalized and then classified with weighted KNN. Classification
accuracy varying from 97.3% to 100% was achieved with k values from 9 to 33 and
Mahalanobis distance. Implementing PCA did not improve the results.

4.3 Artificial neural network

Artificial neural network (ANN) constructs from nodes and layers. The basic neural net-
work is built from three different layers. The input layer is for receiving the data, the
hidden layer is for data processing, and the output layer is for results. Several hidden
layers are related to the complexity of the neural network. Simple ANN has only one
hidden layer making the complete neural network 3 layers deep. An example structure of
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a simple ANN is in Figure 8.

Input

Hidden

Output

Figure 8. Simple neural network with one hidden layer

Each layer has several nodes which are connected. These connections are assigned differ-
ent weights during the training process. Depending on the type of input layer and hidden
layers, neural networks have different types, for example, convolutional neural network,
wavelet neural network, and graph neural network [17, 28].

In a standard neural network structure, the network consists of fully connected layers
which are followed by activation layers. The size of fully connected layers and the type
of activation layer can be specified during the training.

In hidden layers, often used activation layers are rectified linear activation function (ReLU),
Sigmoid, and Tahn. The selection of the used layer is the choice of the user, but the pur-
pose and the size of the network can help in the decision.

The ReLU layer has become a default activation function in neural networks because
networks where it was used usually perform better and faster compared to other activation
functions [5]. The principle of ReLU is that it will output the input directly if the input
is positive. In other cases, the output will be zero. Therefore the computation is efficient
even in complex problems.

For multiclass classification, softmax is the most preferred as an output activation func-
tion. It normalizes the input vector into a probability vector of the same size. Softmax is
defined as
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S(xi) =
exp (xi)∑n
j=1 exp (xj)

, (10)

where n is the number of classes.

4.4 Deep learning models

When a neural network has more than 3 hidden layers, it is called a deep neural network
which belongs to the field of deep learning. Deep learning models are neural network-
based models that can solve more complex and larger problems than traditional neural
networks. One of the most common applications for deep learning is image classification
as the models extract important features during the training. Automated feature extraction
reduces the amount of human interference and makes the models more accurate as the
features can be optimized.

Deep learning was originally invented in the 1980s, but implementing it was not possible
[24]. Deep learning models require large datasets and a lot of calculation power which
have been previously limited. The latest progress in computer science and the amount of
new data have increased significantly and allowed the use of more complex methods.

Shao et al. [26] implemented an ensemble deep auto-encoder for bearing fault detection.
A deep auto-encoder is an unsupervised feature learning model that is constructed from
multiple auto-encoders. Auto-encoder is a three-layer neural network that uses raw data
as input and whose goal is to minimize the reconstruction error between input and output
data. Ensemble deep auto-encoder is constructed from multiple deep auto-encoders for
which Shao used different activation functions. The proposed method was compared to
individual deep-learning methods by using the CWRU dataset. The average classification
accuracy achieved was 99.15% which was better than any other compared method.

Chen et al. [8] employed three deep neural networks to identify bearing faults; Deep
Boltzmann Machines, Deep Belief Networks, and Stacked Auto-Encoders. All models
were tested with raw input signals and with various preprocessed data. Deep Boltzmann
Machines are constructed from multiple Boltzmann Machines which are built from sym-
metrically coupled stochastic units. Deep Belief Network is a combination of Boltz-
mann Machines and belief networks. Preprocessing was conducted by extracting time-,
frequency- and time-frequency-domain features. All three models were able to predict
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faults with roughly 99% accuracy when using frequency- or time-frequency-domain fea-
tures.

Xiao et al. [28] proposed a graph neural network for bearing fault detection using the
CWRU dataset. Extracted time- and frequency-domain features were transformed into
graphs by calculating similarity and assigning weights for samples with the highest simi-
larity. The graph is formed by connecting samples with weights larger than 0 and is finally
used as an input for the network. The best average classification accuracy achieved was
99.1%.

Neupane and Seok [22] reviewed multiple publications where CWRU and a few other
datasets were used with deep learning methods. They compared research made with
example auto-encoders, convolutional neural networks, and deep belief networks. The
review concludes that the CWRU dataset requires more benchwork study and the data
quality is a big challenge.
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5 Feature extraction

In most of the methods used in machine learning, data cannot be used in the form it is
measured, because of its size. Information needs to be extracted as numerical features
while preserving the nature of the original data. Extracting features reduces the dimen-
sionality of the data which has a straight correlation to the complexity of the calculations.

Previous studies have shown that extracted features contribute to classification accuracy
[9]. Features can be extracted in time-domain, frequency-domain, or time-frequency-
domain [17]. The number of possible features can lead to increased computational cost
which feature extraction is trying to solve. Some features are more sensitive to the fault
than others therefore only sensitive features must be chosen.

5.1 Time-domain features

Time-domain features are basic statistics calculated from the signals themselves. They
can include example mean, standard deviation, skewness, and kurtosis among many oth-
ers [13]. Many time-domain features have been previously used with multiple machine
learning methods [15, 17].

The mean is one of the basic features of the signals. Another varying method is a root
mean square (RMS) which can be used to represent the vibration level. RMS calculates
the mean magnitude of the signal disregarding their direction. In bearing fault detection,
RMS might be a more presentive feature, but in our experiments, a standard mean is used.

Standard deviation tells how far on average values are from the mean. It is defined as

σ =

√√√√ 1

n

n∑
i=1

(xi − x̃)2, (11)

where x̃ is mean and n number of samples. Asymmetry in probability density is expressed
with skewness [6]. When a distribution is normally distributed, the skewness value is
approximately zero. Skewness is calculated with
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S =
1

n− 1

1∑
i=1

(xi − x̃)3, . (12)

Kurtosis is a measurement that indicates the size of distribution tails. It is an important
indicator in bearing fault diagnostics. Kurtosis is defined as

K =
1
n

∑n
i=1(xi − x̃)4

σ4
. (13)

Average time-domain features were calculated from both Datasets to show the trend of
each feature in different faults. For classification purposes, features were also calculated
separately for each sample introduced in 2.3, to form large enough training datasets.

Results for Dataset 1 are shown in Table 2. Data from the normal bearing is very closely
mean-centered and has a small standard deviation. The standard deviation in the inner and
outer faults have only a small difference meaning the samples are similarly distributed
around the mean. Kurtosis values indicate that the tails of the distributions have large
differences and the inner fault has more values far from the mean.

Table 2. Time-domain features of the Dataset 1 for each fault

Standard deviation Skewness Kurtosis Mean
Inner fault 1.333 0.892 24.507 -1.247×10−7

Outer fault 1.667 0.147 5.858 -1.902×10−7

Normal bearing 0.007 6.887×10−3 9.736 -3.820×10−9

For Dataset 2, average time-domain features are listed in Table 3. As seen, standard
deviation, mean and skewness have no significant difference between faults. Kurtosis has
large differences between samples indicating that the tails of the distributions have large
variation.

5.2 Frequency-domain features

Frequency-domain features can be extracted with multiple methods for example empiri-
cal mode decomposition, wavelet transform and Fourier transform [18, 30]. The Fourier
transform is the most popular and widely used but offers limited information for example
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Table 3. Time-domain features of the Dataset 2 for each fault

Index Standard deviation Skewness Kurtosis Mean
1 0.139 -0.009 2.985 0.013
2 0.153 0.225 17.769 0.005
3 0.134 0.033 8.549 0.021
4 0.291 0.164 5.396 0.013
5 0.195 -0.059 21.957 0.034
6 0.525 0.302 7.445 0.014
7 0.237 -0.038 8.053 0.011
8 0.769 0.066 4.239 0.007
9 0.669 0.057 7.649 0.023

10 0.100 0.001 3.056 0.014
11 0.383 -0.324 34.950 0.065
12 0.315 0.086 6.947 0.008
13 0.583 0.105 21.006 0.005
14 0.073 -0.035 2.764 0.013

of the location of the frequencies present.

Frequency-domain features used in this thesis were extracted with MATLAB Diagnostic
Feature Designer. First spectral estimation of the original time-domain signal is calculated
with the auto-regressive model. From the received spectrum data, peak amplitude, peak
frequency, and band power are calculated.

Features extracted from the Dataset 1 are listed in Table 4. Both faulty signals have large
peak amplitude while the normal bearing has a very small peak. The location of the peak
is similar in all of the signals. The difference in bandpower indicates that the size of the
peak is largest in the outer fault and smallest in the normal bearing.

Table 4. Frequency-domain features of the Dataset 1

Peak Amplitude Peak Frequency Bandpower
Inner fault 59.970 0.091 0.896
Outer fault 51.570 0.087 1.396

Normal bearing 0.009 0.092 2.739×10−5

In Table 5 are listed features calculated from Dataset 2. The values of peak amplitude have
large differences, but the highest peaks are with faults 6 and 8. Peak frequency values are
similar in each fault excluding the normal bearing. The variation in bandpower is also
small. but different faults can be separated. The normal bearing has the lowest values in
each feature.



30

Table 5. Frequency-domain features of the Dataset 1

Index Peak Amplitude Peak Frequency Bandpower
1 0.667 0.272 0.010
2 0.633 0.265 0.012
3 0.313 0.272 0.009
4 0.648 0.279 0.043
5 0.363 0.275 0.020
6 10.570 0.252 0.140
7 1.948 0.282 0.028
8 21.889 0.230 0.299
9 6.211 0.279 0.226

10 0.085 0.293 0.005
11 3.444 0.275 0.076
12 0.581 0.257 0.049
13 5.718 0.274 0.171
14 0.033 0.084 0.003
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6 Experiments and results

Classical and machine learning methods introduced in Chapter 3 and 4 are tested with
datasets from Chapter 2. Classical methods are tested with raw signals, but extracted
features are needed for machine learning methods.

Features for machine learning calculated in the previous Chapter, are divided into two
models. Model 1 is constructed from a total of 4 features in the time domain. Calculated
averages of used features are listed in Tables 2 and 3. In Model 2, the first model is
expanded by adding 3 frequency-domain features making the Model 2 a size of 7 features.
Averages of features are listed in Tables 4 and 5.

Table 6. Features of models used with machine learning methods

Features

Model 1
Standard deviation Kurtosis

Skewness Mean

Model 2

Standard deviation Mean
Skewness Peak Amplitude
Kurtosis Peak Frequency

Bandpower

Classification results of machine learning methods are validated with K-fold cross-validation
with 5 folds. K-fold cross-validation will divide the dataset randomly into training and
testing sets K times. Both datasets are standardized during the training process which is
defined as

z =
x− µ

σ
. (14)

6.1 Fourier transform

Fourier transforms are calculated from both datasets using MATLAB function fft. The
FFT spectrum of Dataset 1 is presented in Figure 9. The shapes of the spectrum are similar
in all three cases. Frequencies in normal bearing are more focused on the same area and
the maximum amplitude is significantly larger than in faulty spectrums. The inner and the
outer fault spectrums are mostly similar in size and shape. The difference is in the width
of the large spike which can be visually divided into three separate spikes.
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(a) FFT spectrum of inner fault (b) FFT spectrum of outer fault

(c) FFT spectrum of normal bearing

Figure 9. FFT spectrum of Dataset 1

In Figure 10 are FFT spectrums from Dataset 2. Only one fault is chosen from the ball,
inner race, and outer race fault type. The spectrum of normal bearing is focused on lower
frequencies and has only two thin spikes. Spectrums obtained from faulty signals are
distributed to a larger area. The inner and outer fault spectrums have one wide spike in
the frequencies between 5 and 10. The ball fault does not have any large and wide spikes
but has a lot of thin thin spikes in almost every frequency.

The spectrums obtained from the LUT dataset are not as clearly separatable as in the
CWRU dataset. The CWRU dataset has more variation in existing frequencies and ampli-
tudes. The largest difference between the LUT spectrums is in the amplitude of the most
common frequency.
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(a) FFT spectrum of ball fault number 1 (b) FFT spectrum of inner fault number 4

(c) FFT spectrum of outer fault number 7 (d) FFT spectrum of normal bearing

Figure 10. FFT specrum of Dataset 2

6.2 Envelope analysis

The envelope spectrum is created with MATLAB function envspectrum which cal-
culates the envelope signal and spectrum from the time-domain signal. Inner and outer
fault-specific frequencies are also calculated for both datasets according to Equations 4
and 5.

The spectrum and fault frequencies of inner and outer faults for Dataset 1 are visualized
in Figure 11. The outer fault frequencies are clearly matching to the harmonics. In the
inner fault, frequencies do not match the harmonics which can be due to the nature of the
data. Also in the outer fault, harmonics match in the beginning but are slightly off at the
end.

In Figure 12 are envelope spectrums of faults 4 and 7 from Dataset 2. Both are 0.007-inch
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(a) Envelope spectrum of LUT inner fault (b) Envelope spectrum of LUT outer fault

Figure 11. Envelope spectrums of Dataset 1

faults from the inner and outer races. The spectrums have clear spikes in the harmonic
frequencies indicating that the fault is present. Spectrums obtained from the Dataset 2
have more variation with all frequencies.

(a) Envelope spectrum of CWRU inner fault (b) Envelope spectrum of CWRU outer fault

Figure 12. Envelope spectrums of Dataset 2

6.3 Decision tree

The decision tree was trained by using the MATLAB function fitctree. Function fits
binary classification decision tree to input variables. The maximum number of splits is
limited by the number of variables in the input data.

Model 1 for Dataset 1 resulted in 100% accuracy. Because optimal classification accuracy
was achieved with fewer features, adding more features cannot improve the accuracy.

With Dataset 2, 94% accuracy was achieved with the first model. For the second model,
a classification accuracy of 97.8% was achieved. Classification results are visualized as a
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Figure 13. Confusion matrix of classification results of decision tree for Dataset 1

Confusion matrix in Figure 14. The best results in both models are with normal bearing
(class 14), where the first model misclassified only a few samples and the second model
had no misclassifications.

(a) (b)

Figure 14. Confusion matrix of classification results of decision tree for Dataset 2

Even though decision tree is a simple classification method, it performs well in both
cases. Because Dataset 1 is easily separatable, it was expected to have good classification
accuracy. Performance with Dataset 2 was originally low but more features brought the
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accuracy up significantly. Signals in Dataset 2 are not as easily separated and therefore
the number of classes and small training set might be problematic for a decision tree
classifier.

6.4 K-nearest neighbor

Parameter k has a large influence on the accuracy of the method. Therefore both datasets
are trained with multiple k values to find the optimal value. The algorithm was run 100
times with MATLAB function fitcknn for Model 1 with 10 different k values. The
means of the accuracies were calculated and listed in Table 7.

Table 7. Average accuracy (%) of Model 1 KNN with different k values

k Dataset 1 Dataset 2
1 99.96 100.00 92.96 97.85
2 99.91 100.00 92.67 97.53
3 99.93 100.00 93.41 97.51
4 99.88 100.00 92.90 97.31
5 99.90 100.00 92.84 97.21
6 99.83 100.00 92.50 97.01
7 99.85 100.00 92.34 96.87
8 99.79 100.00 92.03 96.69
9 99.81 100.00 91.82 96.55

10 99.76 100.00 91.59 96.38

Table 7 shows that for both datasets and models, k value 1 gives the best classification
accuracy even though differences in results are slight. In further experiments, k value 1 is
used meaning the algorithm will classify the samples based on the closest neighbor.

Model 1 gives a classification accuracy of 99.96% with Dataset 1 with only a few misclas-
sifications. Adding more features increases the accuracy to 100%. The confusion matrix
of KNN classification results for Dataset 1 is in Figure 15. The small error with Model 1
is due to the misclassification of a few normal bearing signals to the inner race fault. The
error was fixed by adding more features.

Dataset 2 has a classification accuracy of 93% with Model 1. Model 2 increases the
classification accuracy to 98%. Classification results are visualized in Figure 16. In Model
1, classification errors appear in every class. By adding more features in Model 2, most
of these errors disappear.
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(a) (b)

Figure 15. Confusion matrix of classification results of KNN for Dataset 1 with k = 1

(a) (b)

Figure 16. Confusion matrix of classification results of KNN for Dataset 2 with k = 1

With KNN, adding more features improves the classification accuracy in both cases.
Dataset 1 had almost perfect accuracy with Model 1 and Model 2 fixed a few misclas-
sifications. The Model 1 classification with Dataset 2 had a lot of misclassifications.
Model 2 improved the classification accuracy significantly. The chosen value for variable
k is relatively small, but as tested, a larger value does not improve the accuracy. More
features might improve the results further.
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6.5 Artificial neural network

The neural network was run with MATLAB function fitcnet. The function creates a
simple neural network that has 1 fully connected layer of size 10 nodes, a ReLU activation
layer, and a softmax layer. There is a possibility to change the layer size and activation
layers, but it was not necessary as the network is meant to be kept as simple as possible.

Model 1 had a classification accuracy of 100% with Dataset 1. Adding more features
didn’t improve the results as Model 2 got an accuracy result of 99.92%. Confusion ma-
trixes for both models are in Figure 17.

Classification accuracy for Dataset 2 with Model 1 was 95.5%. Adding more features
improved the accuracy to 98.5%. Confusion matrixes are in Figure 18. With Model 1, the
classification errors are distributed between all classes. The larger set of features improves
the classification, and some classes are perfectly classified.

(a) (b)

Figure 17. Confusion matrix of classification results of neural network for Dataset 1

The artificial neural network performs well in both cases. The difference between models
in Dataset 1 was not expected as adding more features worsened the accuracy. This might
be due to the features not representing the class accurately and being too similar.

Classification accuracy for Dataset 2 improved with Model 2. The remaining errors were
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(a) (b)

Figure 18. Confusion matrix of classification results of neural network for Dataset 2

focused on only to few classes. Between classes 5 and 11, there are 17 misclassified sam-
ples which could indicate that those samples are very similar among themselves. Also, a
few samples were misclassified between classes 1 and 2.
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7 Conclusions

The goal of this thesis was to introduce classical and machine learning bearing fault detec-
tion methods. Two classical and three machine learning methods were chosen to demon-
strate how they perform in fault classification. The chosen machine learning methods
were decision tree, K-nearest neighbor, and artificial neural network. With these meth-
ods, original signal data can not be used without preprocessing. Long signals were divided
into smaller samples and time- and frequency-domain features were extracted from each
sample.

Classical methods like envelope analysis and FFT were able to separate inner and outer
faults from the signal of normal bearing. The method performed better with the CWRU
dataset than with the LUT dataset, which might be due to the nature of the data and the
noise produced by the simulation. The SNR can greatly impact the ability to extract the
fault frequencies with the envelope spectrum. Therefore higher SNR value can improve
the fault detection from the noise.

All three methods produced similar results. Dataset 1 had an average of 100% classifica-
tion accuracy. The result was expected as the dataset is easy to separate and good features
are easy to extract. Dataset 2 is more complex because it has more classes and fewer
samples representing each class. The best classification accuracy was achieved by ANN
with 98.5% accuracy. However, the difference in the accuracies to other methods is very
small. The overall classification accuracy achieved for Dataset 2 was 98%, which is less
than more advanced methods are able to achieve but good for simple models.

Each chosen method requires feature extraction which can be done in multiple different
ways. The quality of the feature depends on how well it can show the differences between
classes. Therefore badly chosen features might not be able to classify the data at all. The
peak frequency used as a frequency feature didn’t show significant differences between
faults which could mean that it is not a good feature. Still, a decision was made to include
it in the experiments as it can have a positive effect on the classification.

The best results in previous studies with the CWRU dataset are achieved with deep learn-
ing methods up to 99.8% classification accuracy. Convolutional neural networks and
auto-encoders are proven to be efficient methods that do not require data preprocessing
which eliminates the need for manual feature extraction.

Recent work has been focusing on a wide range of deep-learning methods and they have
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produced good results. As presented in this thesis, even simple methods can give good
results with less complex calculations. In future work, these methods could be improved
by feature extraction and selection. Also, the features and quality of the CWRU dataset
have not been explored thoroughly for example with feature ranking. Dividing long time
series into a set of samples is the first step in the experiments and therefore the impact of
different sampling methods and styles needs to be studied.
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