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Abstract 
Ball-bearings are one of the most important components in rotating machinery. Due to the practical importance of rotating 

machineries in industry, fault detection has become inevitable. Various techniques have been implemented for ball-bearing 
fault detection using vibration signals. In this research, vibration signal analysis methods are presented to extract suitable 
features for training some of the machine learning techniques in order to diagnose ball-bearing defects in different speeds. The 
purpose of this study is to obtain a highly accurate algorithm and compare its performance with that of other machine learning 
algorithms. To achieve this goal, Hilbert transform has been applied for envelope analysis to attenuate the frequencies that are 
not related to ball-bearing fault and perform power spectral density and descriptive statistics to extract features. Also 
comparison and evaluation of random forest, support vector machine, artificial neural network and k-nearest neighbour have 
been carried out for this study. For a dataset with 1465 samples in various speed, random forest has achieved an accuracy of 
above 97%.     
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1. INTRODUCTION 
Nowadays, electrical machines are widely used in 

applications such as pump, fan, etc. in industrial, domestic 
and commercial sectors [1]. Induction motors due to their 
simple structure, high reliability, longer lifetime and 
uncomplicated maintenance are among the best options 
when both performance and economic factors are 
important [2-5]. However, factors such as frequent start 
and stop, working under various operation conditions, 
contaminated environment and uninterrupted working can 
cause deterioration in motor performance and occurrence 
of fault. If the fault is not detected at early stage, the 
complete shutdown and unexpected breakdown of motor is 
possible to happen and causes an irreparable damage to the 
production system [5], [6]. Therefore, fault detection in 
induction motors has become a necessary and important 
task to prevent unexpected failures. Maintenance strategies 
are divided into three categories: (1) reactive maintenance 
in which motors operate until their failure; (2) preventive 
maintenance in which motors are checked at regular time 
intervals and essential repairs are carried out in case of any 
detected fault; and (3) predictive maintenance which 
requires continuous condition monitoring and recommends 

action based on the collected information during condition 
monitoring [7]. The main induction motor failures can be 
classified into the broken rotor bar, stator winding short 
circuit, eccentricity and bearing faults. Many reports show 
that above %40 of induction motors defects are related to 
bearing faults. Ball-bearings are one of the most essential 
components that help motors moving smoothly and also 
reduce friction. Therefore, ball-bearing fault detection has 
become essential [8], [9]. Fault diagnosis of rotating 
machinery can be classified into signal based and model 
based methods. Signal based methods using signal 
processing approaches in the time domain, frequency 
domain and time-frequency domain are applied to 
diagnose the motor faults. Techniques like fast Fourier 
transform (FFT), power spectral density (PSD), short time 
Fourier transform (STFT), empirical mode decomposition 
(EMD), ensemble empirical mode decomposition 
(EEMD), variational mode decomposition (VMD), Hilbert 
Huang transform (HHT), wavelet transformation (WT) and 
wavelet pocket transformation (WPT) have been applied 
for detecting the fault of motors [10-14]. Recently, with 
remarkable progress of technologies and increase in data 
volume, application of machine learning and artificial 
intelligence methods has been highly welcomed to boost 
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productivity in various fields. Thus, ball-bearing fault 
detection using machine learning approaches attracted 
researcher’s attention. Support vector machines (SVM) 
[15], [16], artificial neural network (ANN) [17], [18], 
random forest (RF) and k-nearest neighbor (KNN) [19], 
[20] can be named as the most popular machine learning 
algorithms. Extracting appropriate features are 
significantly influential on the accuracy and efficacy of the 
method. Consequently, many studies have focused on 
machine learning and signal processing combined methods 
[14], [21]. In this study, a procedure is proposed for 
accurate ball-bearing fault detection method using 
vibration signal. The contribution and novelty of the 
proposed method is due to proper sequence and 
arrangement of the employed signal processing and 
machine learning methods. For this task, the Hilbert 
transform is used to obtain envelope of the signal to 
amplify the fault frequency characteristics and attenuate 
the frequencies that are not related to the bearing fault. 
Both Hilbert transform and its power spectral density are 
used to extract the features in both time and frequency 
domains.  

 

 
 

 
 

 
 

 
Fig. 1. Flowchart of the proposed method 

The most informative features in both time and 
frequency domains are selected using sequential feature 
selection method. These features are used to train four 
different machine learning methods, i.e. random forest, 
support vector machine, artificial neural network and k-
nearest neighbor. The performances of these four machine 
learning methods are compared in terms of various criteria. 
While traditional signal processing techniques can extract 
important features, combining these features with machine 
learning algorithms enables the identification of more 
complex and nonlinear patterns that may not be detectable 
by traditional methods. In the next section, the proposed 
method for ball-bearing fault detection using signal 
processing and machine learning is presented. 

2. Methodology 

2.1. Proposed Method 

The flowchart of the proposed method is shown in Fig. 
1. First, the vibration signal is obtained via the installed 
vibration sensor on the squirrel-cage induction motor. 
Second, by utilizing the Hilbert transform on the raw 
vibration signal, the envelope of the signal is acquired and 
the time domain features are extracted using descriptive 
statistics. Then, PSD is applied on the signal envelope and 
the statistical features are computed on the predefined 
range around the fault frequencies to extract the frequency 
domain features. Afterwards, the features are normalized 
and the best features are chosen using the sequential 
feature selection to increase accuracy and reduce 
complexity. Lastly, the model is trained with the selected 
features and after tuning the model, the final model is 
extracted. 

2.2. Machine Learning Techniques 

In this subsection, some of the well-known supervised 
learning algorithms such as the support vector machine, K-
nearest neighbor, artificial neural network and ensemble 
learning are briefly explained.  

 

 
Fig. 2. A support vector machine 
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2.2.1. Support Vector Machine 

SVM is one of the supervised learning algorithms with 
high accuracy and widely used in various fields. In SVM 
algorithm, a hyperplane is obtained during the training 
process to maximize the margin between the two classes 
[22], [23]. The SVM optimal separator hyperplane with 
maximum margin is defined in (1): 

min 
1
2߱

்߱ + ௜ߞ෍ܥ

௞

௜ୀଵ

 (1) 

subject to 

௜ݕ ቀ൫߱,߶(ݔ௜)൯ − ܾቁ ≥ 1 − ௜ߞ  , ௜ߞ ≥ 0 , ݅ = 1,2, … , ݇  
where C is the penalty parameter, ߞ௜ is the feature samples, 
߱ is the weight vector, ݇ is the number of samples, ߶(ݔ௜) 
is the feature mapping function, ݔ௜ is the input data 
points, ݕ௜ is the class label for input data point and b is the 
bias. A support vector machine hyperplane is illustratively 
shown in Fig. 2. 

2.2.2. K-Nearest Neighbor 

One of the simplest and yet most commonly used 
supervised learning methods, which is in the category of 
classification and regression, is the k-nearest neighbor 
method. This technique is a sample based algorithm in 
which the value of k that represents the number of 
neighbors is selected first. Then, the distance of each test 
sample and training data is calculated. Next, the k samples 
that have the closest distance to the test data are chosen. 
One of the most famous distance criteria in the KNN 
method is the Euclidean distance. The expression of 
Euclidean distance between ݔ௜ and ݕ௜ is shown in equation 
(2): 

ܦ = ඩ෍(ݔ௜ − ௜)ଶݕ
௟

௜ୀଵ

 

 

(2) 

where D is the Euclidean distance between ݔ௜ and ݕ௜, ݔ௜ =
ଶݔ   ଵݔ] ௜ݕ ௟] andݔ   ⋯    = ଶݕ   ଵݕ]  ௟] are two vectorsݕ   ⋯   
of data points in ݈-dimensional space. A KNN with 3 
neighbors for binary classes is shown in Fig. 3. 

2.2.3. Artificial Neural Network 

ANN is one of the most widely used supervised 
algorithm, which is utilized in classification problems and 
pattern recognition, whose model is inspired from 
functioning of human brain. 
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Fig. 3. A K-nearest neighbor classifier with 3 neighbors 
 

This algorithm consists of interconnected processing 
units called neurons. Fig. 4 shows a neuron with N inputs. 
The output of the neuron is obtained according to the 
following expression: 

ݕ  (3) = ݂(்ܹܺ + ܾ) = ݂(෍ݓ௜ݔ௜ + ܾ
ே

௜ୀଵ

) 

where ܹ = ଶݓ   ଵݓ]  ே]் is the neuron weightݓ   ⋯   
vector, ܺ = ଶݔ   ଵݔ]  ,ே]் is the neuron input vectorݔ   ⋯   
N is the number of inputs, b is the bias, f is the activation 
function and y is neuron output. 
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Fig. 4. A neuron with n inputs 
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Fig. 5. A typical MLP network with n inputs and three layers 

The general structure of an artificial neural network is 
constructed from input, output and hidden layers. Each 
connection between neurons has a weight adjusted during 
training process. A typical multi-layer perceptron (MLP) 
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neural network is shown in Fig. 5. Note that the biases are 
not shown in Fig. 5. 

2.2.4. Ensemble Learning  

The decision tree is one of the popular supervised 
machine learning algorithms that is frequently used in 
classification and regression cases. Each node in this tree 
makes a decision based on the selected feature, and 
branches transmit the outcome of that decision to another 
node. This algorithm is sensitive to slight changes in 
training dataset, which may cause over-fitting and the 
results may change significantly. To increase accuracy and 
performance of the model and reduce over-fitting, several 
machine learning models are compounded and the final 
output is obtained by combining individual models 
prediction, which is known as the ensemble learning. The 
random forest is a model based on the ensemble learning, 
which is made of several decision trees and has higher 
accuracy over the decision tree. 

2.3. Data Acquisition 

In this study, the dataset in [24] is utilized. The samples 
of the vibration signal were obtained from the installed 
vibration sensors in the radial-vertical and axial directions 
for the healthy state and defects of inner ring, outer ring 
and ball in different severities and 50, 70 and 100% of 
nominal speed. The implemented motor in this experiment 
is an 11 kW 4-pole induction motor with the rated speed of 
1470 rpm and ball bearing model of 6309-C4. Each set of 
data is recorded for 12 seconds with the sampling 
frequency of 20 kHz. The laboratory system used is shown 
in Fig. 6. The applied ball-bearing has a pitch diameter of 
2.913 inches, ball diameter of 0.687 inches and ball 
number of 8. To achieve the ball-bearing fault frequencies 
regarding the inner ring fault, outer ring fault and ball 
fault, the formulas in (4), (5) and (6) are respectively used  

 

(4) ௜݂௥ = ௕ܰ

2 ௥݂ ൤1 +
௕ܦ
௖ܦ
 ൨(ߠ)ݏ݋ܿ

(5)  ௢݂௥ = ௕ܰ

2 ௥݂ ൤1 −
௕ܦ
௖ܦ
 ൨(ߠ)ݏ݋ܿ

(6)  ௕݂ =
௖ܦ
௕ܦ ௥݂ ൤1 − (

௕ܦ
௖ܦ
 ଶ൨((ߠ)ݏ݋ܿ

 
where ௕ܰ is the number of balls, ௥݂ is the motor rotational 
frequencies, ߠ is the ball contact angle, ܦ௕ is the ball 
diameter and ܦ௖ is the pitch diameter. Number of samples 
for each state is listed in Table. 1. 
 

 

6 4 

5 

3 

1 

2 

 
Fig. 6. The experimental set-up [24]: (1) electric motor; (2) 
pump; (3) main water inlet; (4) main water outlet; (5) discharge 
valve; and (6) variable frequency drive (vfd).  
 

TABLE. 1. Dataset information 

State Number of samples 

Outer Race Fault 270 

Inner Race Fault 225 

Ball Fault 90 

Healthy 880 

2.4. Feature Extraction & Selection 

Extracting features from signal and select the most 
efficient features with the aim of removing useless 
information and dimensionality reduction, has a great 
impact on the performance, accuracy and training speed of 
the model. In this research, two signal processing 
techniques are used to extract features. 

2.4.1. Time-Domain Features 
 

First the Hilbert transform is applied on the raw signal 
in the time domain. By using the Hilbert transform, the 
envelope of the signal is obtained, which has the smoother 
shape than the raw signal. Also, this method removes high 
frequency components and large fluctuations from the 
signal. Thus, descriptive statistics such as the standard 
deviation, kurtosis and skewness are applied on the signal 
to extract features. The envelope of the signal in inner race 
fault, outer race fault and healthy state are shown in Fig. 7. 
The Hilbert transform, transforms the main signal into a 
complex signal, as follows: 

(ݐ)ݖ  (7) = (ݐ)ݔ +  [(ݐ)ݔ]ܪ݆
where (ݐ)ݔ is the main signal, [(ݐ)ݔ]ܪ is the Hilbert 
transform of the main signal and can be calculated 
according to (8): 
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(a) 

 
(b) 

 
(c) 

Fig. 7. The envelope for (a) inner race fault; (b) outer race fault, 
and (c) healthy signals. 

[(ݐ)ݔ]ܪ  (8)  =  
1
ߨ
න

(߬)ݔ
ݐ − ߬

ାஶ

ିஶ
 ݀߬ 

The envelope of the signal can be calculated by taking the 
absolute value of (ݐ)ݖ 

(ݐ)݁݌݋݈݁ݒ݊ܧ  (9) =  ඥ{[(ݐ)ݔ]ܪ}ଶ +  ଶ{(ݐ)ݔ}
 

2.4.2. Frequency-Domain Features 
For features extraction in frequency domain, first, the 

envelope of the signal is transferred from time domain to 
frequency domain using PSD. 
The signal regarding the ball fault, its envelope and their 
PSDs are shown in Fig. 8. According to this figure, after 
getting envelope and applying PSD, those frequencies that 
are not related to fault were removed or weakened and in 
the range of ி݂௔௨௟௧ − 2 ≤ ݂ ≤ ி݂௔௨௟௧ + 2, descriptive 
statistical such as variance, root mean square and kurtosis 
are applied to frequency spectrum of the signal and 
extracted as the features in the frequency domain. 
 

 

Fig. 8. (a) BALL DEFECT RAW SIGNAL AND ITS POWER 

SPECTRAL DENSITY; AND (b) ENVELOPE OF THE BALL DEFECT 
SIGNAL AND ITS POWER SPECTRAL DENSITY. 

2.4.3. Feature Selection 
Feature selection reduces complexity, over-fitting and 

also increase the performance and accuracy of the model 
by dimensionality reduction. Sequential feature selection is 
one of the feature selection techniques, which operates by 
selecting or removing features step by step and can be 
classified into two methods. In sequential forward feature 
selection, first, no feature is selected and at each step, 
feature that improves performance of the model is selected 
until no other feature increases the performance of the 
model. In sequential backward feature selection, first, all 
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the features all selected and the feature that has less impact 
on the model efficiency is removed until the removal of 
any remained feature reduces the model performance. 
 
2.5. Models Evaluation   

In this subsection, the performance of different 
algorithms on the dataset represented in [24] is examined. 
The confusion matrix for all the algorithms is shown in 
Figs. 7 and 8. The recall, precision, accuracy and F1-score 
techniques are used to evaluate each model performance. 
The mathematical formulas of these metrics are presented 
in (11) to (14): 
 

(11) ܴ݈݈݁ܿܽ =  
ܶܲ

ܶܲ +  ܰܨ

݊݋݅ݏ݅ܿ݁ݎܲ  (12) =  
ܶܲ

ܶܲ +  ܲܨ

1ܨ  (13) =  2 ×
݊݋݅ݏ݅ܿ݁ݎܲ × ܴ݈݈݁ܿܽ
݊݋݅ݏ݅ܿ݁ݎܲ + ܴ݈݈݁ܿܽ 

ݕܿܽݎݑܿܿܣ (14) =  
ܶܰ + ܶܲ

ܶܲ + ܰܨ + ܶܰ +  ܲܨ
 
where true positive (ܶܲ) is the number of faulty samples 
that are correctly predicted faulty, false positive (ܲܨ) is the 
number of healthy samples that are incorrectly predicted 
faulty, false negative (ܰܨ) is the number of faulty samples 
that are incorrectly predicted healthy and true negative 
(ܶܰ) is the number of healthy samples that are correctly 
predicted healthy. The evaluation results of the 
implemented algorithms are listed in Table. 2. 
Fig. 9 shows the confusion matrices of different algorithms 
with the proposed procedure. Fig. 10 represents the 
confusion matrices for the conventional algorithms based 
on FFT, in which neither Hilbert transform nor PSD is 
used. Main diagonal entries of the matrix are samples that 
are correctly predicted and other entries demonstrate the 
incorrectly predicted samples. Among the four algorithms 
with the proposed procedure, the random forest method 
based on ensemble learning achieves the highest accuracy 
with 97.33%. Also, this model shows higher accuracy 
compared to those methods in which neither Hilbert 
transform nor PSD is used. The random forest model 
consists of 190 tree decision learners and AdaBoostM2 
method is used. In the SVM model, one-vs.-all radial base 
function kernel is used for multi-class classification. The 
ANN structure is a feed-forward neural network, which is 
made of two hidden layers with 105 neurons for the first 
and 145 neurons for the second hidden layer. KNN 
algorithm with 2 neighbor and Manhattan distance is 
employed for the classification. The accuracies of the 
KNN, SVM and ANN are respectively 94.13%, 92.90% 
and 90.04%.  
 

 
Fig. 9. Confusion matrices of the algorithms with the proposed 
procedure  

 
Fig. 10. Confusion matrix of the conventional algorithms without 
envelope and using FFT instead of PSD  

 
Although SVM has less overall accuracy compared to 
KNN, according to Fig. 7, the number of misclassification 
for the inner race fault in SVM is less than that of KNN 
and the outer race fault is better predicted in SVM. The 
accuracies of the algorithms without using the Hilbert 
transform and PSD are shown in Table. 3. 
 

TABLE. 2. Evaluation metrics for proposed model 

Model Precision Accuracy Recall F1Score 

ANN %85.17 %90.04 %84.74 %84.93 

KNN %89.63 %94.13 %89.82 %89.72 

SVM %89.58 %92.90 %87.30 %88.35 

RF %94.86 %97.33 %94.53 %94.68 
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TABLE. 3. Comparative study on the accuracy for the proposed 
and conventional algorithms  

Model Non-Envelope and 
FFT Envelope and PSD 

ANN %84.91 %90.04 

KNN %93.92 %94.13 

SVM %89.07 %92.90 

RF %93.92 %97.33 

 

3. CONCLUSIONS 

In this study, a ball-bearing fault detection method has 
been introduced using signal processing techniques and 
artificial intelligence algorithms. This method using 
Hilbert transform could remove high and unwanted 
frequencies and also weaken frequencies that are not 
related to ball-bearing fault. PSD is also used for better 
fault frequency detection and noise reduction for suitable 
feature extraction. Finally, the random forest method with 
the accuracy above 97% outperforms the other algorithms, 
i.e. SVM, KNN and ANN, in diagnosing ball-bearing fault.  
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