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ABSTRACT: The In process industries, various types of machines with rotary components 

are linked together to perform the manufacturing process. Bearings are the most common and 

important components of rotating machinery used in industries. In the event that a defect occurs 

in any bearing in the machine while it is operating, severe consequences will occur; therefore, 

the diagnosis of the fault in the bearing is critical to avoid a device failure that could cause 

damage to the entire system. The bearing's fault diagnosis has undergone extensive research 

until recently and several studies have been performed. Proper maintenance of the systems is 

very important to avoid cateroscopic failure   of the machines. The fault diagnosis uses the 

vibration signal at the early stage of fault occurrence. Machine Learning concepts are 

gradually applied for the fault diagnosis and classification in rotating machinery’s condition 

monitoring. Vibration signals for diagnosis of bearing fault   were collected for healthy, fault at 

inner race and fault at outer race conditions under constant motor speed, constant load and 

varying speed, varying load conditions. All these fault conditions are artificially induced on the 

components similar to early stage of fault occurrence and signals were extracted separately. 

These signals are to be processed by techniques such as Wavelet analysis .Later the features are 

extracted from the time domine signal. The time domine statistical features are proposed to the 

machine learning classifiers such as K- Nearest Neighbour (KNN) and Support Vector 

Machines (SVM). The results show that the proposed method can reliably separate bearing fault 

conditions) 

KEYWORDS: Bearings, Condition Monitoring, Wavelet Analysis, Vibration Analysis, 

Machine Learning 

 

1 INTRODUCTION  

Roller bearings are classified as a vital and 

rotating component of rotary machines. [1-3]. It has 

been noticed that the catastrophic failure of the 

entire system is caused due to defective bearings 

[2]. Man has made his life easy by making use of 

advanced machines. The Rotating components in 

the machines are having so many moving parts and 

they need regular service. This maintenance work 

involves lubrication, cooling, cleaning, and 

inspection to check the condition of the machine.   

This increases the safety and efficiency of machines 

[5]. Conditional monitoring is the method of 

routinely gathering and reviewing data to detect 

improvements in results. The key benefits of 

Condition Monitoring are to detect the condition of 

the system components by using the selected 

measurement to determine the changes in the 

operating condition as shown below. Condition 

Monitoring provides the warnings of the final 

failure [3]. 

 Condition Monitoring determines the nature 

of the failure. 

 Condition monitoring increases the life of 

the machine. 

 Condition monitoring control the 

maintenance performance and danger can 

be avoided and thus increases the 

productivity of the machine. 

Roller bearings are mostly used in much 

industrial application for supporting the shafts. The 

health condition of bearings is affected by the 

desired performance of the rotating machines. 

However, the bearings are susceptible to failure due 

to so many reasons such as Excessive loads, 

Overheating, Loose fits, Roller ball fault and inner 

race fault. As a consequence the bearings also have 

local defects which including holes, the pits and 

spalls on the surfaces, cages, and rolling elements 
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[4]. Severe fault in bearing may   cause unexpected 

breakdown, injuries, and can destroy the 

maintenance service plan, so it is very necessary to 

detect and diagnose the bearings faults in rotary 

machines elements. However, it is a big challenge 

to obtain the early  fault signatures from collected 

signals because (a) components such as inner races, 

outer races, rollers, and cages in a rolling element 

bearing that produce  the vibration signal 

complication (b) the  signal which  collected is 

always polluted by  noise and mixed with unwanted 

vibration signals of different components of 

machines [7]. Vibration Monitoring (VM) is the 

most commonly used method of analysis for 

analyzing the running condition of the machine and 

can provide a clear identification of most of the 

faults in the machine [3].  

Wavelet Transform was introduced as one of the 

important method to diagnosis the faults in the 

machines at early stage to avoid failures.  

At present, continuous operation of heavy-duty 

machines is required, with no breakdown or failure. 

This necessitates the use of a condition monitoring 

technique to determine the machine's health and 

plan appropriate rotating element maintenance.  

Machine Learning (ML) is the recent concept, 

which may be applied for the condition monitoring 

of machines using fault diagnosis and classification. 

It is a sub division of Artificial Intelligence (AI). 

Machine Learning is a science of designing and 

applying algorithms which are capable of learning 

from the early data[1]. The learning requires 

minimum  data. Machine Learning can be classified 

into 3 types. i) Supervised Learning: Here, a 

suitable model is built when the predictors and 

response variables are known. The model can 

predict an unknown data. It includes classification 

and regression. ii) Unsupervised Learning: Here, 

only the response variables are known. The model 

is used to classify the data on the basis of similarity. 

It includes clustering the data. iii) Reinforced 

Learning: In this case, the model interacts with the 

environment and learns by consequences and 

actions. The experimental setup is used in this paper 

to characterize the realist data of Bearing in good 

and faulty condition. Vibration data collected by the 

data acquisition system is processed using the 

Wiener filtering concept to filter out noise in the 

signal and improve signal components with faulty 

features. Mexicon hat wavelet is used to create a 

wavelet envelop power spectrum that can be used to 

diagnose the healthy and faulty signal condition of 

Machine. To train the model and automatically 

estimate for unknown data, the Machine Learning 

concept is used 

2 EXPERIMENTAL SETUP 

The experimental setup for this study was   

fabricated to collect vibration data for different 

conditions of bearing ie Healthy and faulty bearings 

with different loading conditions. It consists of the 

following parts. The 0.5 HP motor which is running 

at maximum speed of 1100 rpm with power 

capacity of 0.37 Kw as shown in Fig. 1. Bearings 

type used was Ball Bearing   shown in Fig. 1.The 

two pulleys are connected to motor and the other 

two pulleys are mounted on a shaft of diameter  15 

mm. V-Be is used to connect driver and driven 

shaft. These units are mounted on a strong wooden 

base with rubber pad.   

 

Fig. 1 Experimental set up 

 

Fig. 2 Healthy Ball Bearing 

 

Fig.3 Fault at  Ball on Bearing 

 

Fig.4 Fault at inner race on Bearing 
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Experiments were conducted at two different 

loading condition ie No load (around 930 rpm and 

full load (10Kg) at 750rpm. The vibration data was 

collected by mounting Healthy good condition 

bearing and also data was collected for Ball fault 

and inner race fault Bearing. LabVIEW14 software 

application model, with FFT analyzer, is used to 

acquire data on vibration signals through the four-

channel input sensor module, Data Acquisition (NI-

DAQ National Instruments) and Tri-axial 

Accelerometers. 

These signals were later used to compare the 

signals with bearing fault condition. The sensor 

continuously stores the vibration data from the ball 

bearing. This data is analyzed using a MATLAB 

program to generate Signal. 

3 DATA FILTERING AND WAVELET 

ENVELOP POWER SPECTRUM 

The Wiener filter signal processing approach is 

shown in the Figure 5. 

 

Fig.5 Wiener Filter Signal Processing 

 

Wiener filter is used to minimize the difference 

between the desired output and filtered output. The 

difference between the actual and desired signal is 

reduced by applying least mean square concept.  

The mathematical concept of Finite Impulse 

Response (FIR) is expressed in the equation 1. Here 

the input waveform I(n) which contains signal and 

noise, is processed using linear process L(z). 

 ( )  ∑  ( ) (   )
 

   
   

  (1) 

The estimate of desired signal R(n) is given by 

the output O(n). The impulse response of the linear 

filter is given by b(k).  

The error signal E(n) is determined by applying 

least mean square algorithm. The linear filter L(z) 

has its output O(n). Therefore 

E(n) = R(n) – O(n) = R(n) - ∑  ( ) (   )
 

   

      (2) 

Equation 3 gives the minimized sum of E(n)
2
. 

The quadratic function is determined by applying 

autocorrelation and cross correlation. 

  ∑  ( ) 
 

   
 = ∑ , ( )   ∑  ( ) (   ) 

   - 
 

   

   (3) 

  = ∑ , ( )    ∑  ( )   ( )
 
   -  

 

   

∑ ∑ ( ( ) ( )   
 
   (   ) 

     (4) 

 

In the above equation 4, the autocorrelation is 

given by     and cross correlation is given by    . 

The error function is minimized with respect to the 

FIR filter coefficients. Consider the derivatives with 

respect to b(k) and set them to zero. 
  

  ( )
   

which leads to equation (5) 
∑  ( )   (   )      ( )          
    

  (5) 

The autocorrelation function of the input and the 

cross correlation function between the input and 

desired waveform helps in finding the optimal filter. 

By solving series of L equations, FIR coefficients 

can be obtained. 

4 WAVELET ENVELOP POWER 

SPECTRUM 

The Wavelet Envelop Power Spectrum (WEPS) 

is applied for the diagnosis of bearing fault. This 

approach can detect the localized belt fault. The 

increment in the amplitude and number of 

sidebands is analyzed to perform belt fault 

diagnosis and prognosis. The increase in the 

amplitude of sidebands indicates the severity of 

fault. The defect related features are extracted from 

the data collected from the experimental setup. 

These features are interpreted for belt fault 

detection. The noise is removed from the vibration 

data using wiener filter.  

5 FAULT DIAGNOSIS AND 

CLASSIFICATION 

The fault diagnosis and classification is achieved 

in three stages. In the first stage, statistical analysis 

technique is used to extract features from the 

vibration data, which is collected from experimental 

setup. The bearing fault is diagnosed in the second 

stage, using advanced signal processing technique 

known as wavelet envelop power spectrum. 

Machine Learning technique is used to classify the 

fault in the third stage. In this paper, the Support 

Vector Machine and KNN   Machine Learning 

classifiers are used for the classification of Healthy, 

Inner race and Ball fault conditions. The confusion 

matrix for both classifiers are used to present the 

performance analysis result. 

5.1 Statistical Feature Extraction 

The Bearing fault detection and classification 

can be performed by making use of computerized 

data acquisition technique. Data is collected from 

the experimental setup with a sampling rate of 

10,000 samples per second. This time domain data 

which contains the values of acceleration vs time is 

used for the analysis. 
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SD= Standard Deviation   K= Kurtosis  M= 

Mean   

V= Variance   MD= Median  COB= Condition 

of bearing 

Table 3  Statistical features 

SD K M V MD COB 

7.19 4.44 9.21 4.90 8.33 

Healthy 

Bearing 

5.13 7.06 6.18 3.67 5.27 

4.27 5.55 5.65 3.08 4.75 

4.04 6.24 6.09 3.08 5.29 

4.05 9.63 6.27 3.10 5.18 

4.42 12.54 6.38 3.19 5.16 

4.83 13.04 6.50 3.31 5.33 

5.11 12.43 6.53 3.38 5.26 

5.28 11.52 6.42 3.43 5.03 

5.41 10.71 6.27 3.50 4.92 

5.51 10.36 6.13 3.58 4.81 

5.60 10.34 6.02 3.64 4.72 

Health

y 

Bearin

g 

5.68 10.51 5.92 3.68 4.65 

5.72 10.70 5.80 3.72 4.53 

5.70 10.87 5.66 3.74 4.28 

5.63 10.97 5.48 3.72 4.04 

5.50 11.03 5.26 3.66 3.81 

5.33 11.06 5.2 3.56 3.61 

5.12 11.08 4.75 3.43 3.38 

4.88 11.18 4.48 3.28 3.16 

24.80 4.20 45.9 27.35 40.46 

Ball 

Fault 

21.43 5.13 35.2 20.82 30.54 

20.82 4.96 30.9 20.25 25.91 

21.41 4.15 30.2 20.91 25.32 

21.88 4.11 30.3 20.68 25.05 

22.05 4.56 30.3 20.04 25.57 

21.92 4.98 29.9 19.77 25.27 

21.87 5.28 29.1 19.61 24.47 

21.80 5.56 28.1 19.53 23.16 

21.46 5.85 27.1 19.22 21.80 

20.92 6.20 26.7 18.76 21.13 

20.33 6.63 24.9 18.23 19.78 

19.81 7.13 23.7 17.69 18.69 

19.32 7.71 22.7 17.14 17.58 

18.78 8.29 21.6 16.50 16.64 

18.15 8.80 20.6 15.81 15.64 

17.45 9.22 19.6 15.11 14.73 

16.69 9.54 18.6 14.38 13.85 

15.89 9.81 17.6 13.64 13.24 

15.06 10.02 16.6 12.86 12.39 

27.10 2.55 36.5 20.91 30.14 Inner 

race 

fault 
19.45 2.92 2.37 14.88 22.22 

20.27 3.91 27.5 14.16 23.85 

26.09 5.05 32.9 16.12 26.76 

33.86 5.72 36.1 19.97 27.33 

Inner 

race 

fault 

41.90 6.01 40.8 24.66 28.92 

48.53 6.35 46.4 28.54 32.77 

52.80 6.82 49.7 30.88 36.56 

55.39 7.46 51.4 32.33 37.66 

57.68 8.10 52.2 33.88 37.09 

60.38 8.45 53.4 36.02 36.43 

63.21 8.44 55.2 38.70 36.06 

66.14 8.30 57.2 41.42 36.31 

68.66 8.19 59.5 43.88 36.46 

70.58 8.20 60.3 45.63 36.48 

71.90 8.35 61.4 46.65 36.24 

72.74 8.64 61.1 47.04 35.75 

73.15 9.06 60.8 47.03 34.78 

73.30 9.60 60.1 46.74 34.12  

73.30 10.21 59.3 46.14 32.96 
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6 RESULTS AND DISCUSSIONS 

The vibration data was collected at a rate of 

10000 samples for different operating conditions 

MAT Lab Software is used to process the data 

collected from the accelerometer to diagnose the 

fault in the bearing. The experiment was conducted 

at 730 RPM. There are two loading conditions used 

such as no loading and full load of 10kg. The results 

are presented using the graphs. 

6.1 Formulas to calculate bearing 

frequencies 

FTF    =  
 

 
 (1- 

  

  
      ) 

BPFI   =  
  

 
    (  

  

  
    )   

BPFO  =   
  

 
    (  

  

  
    )   

BSF      =    
  

   
   * (  .

  

  
/    (     )  + 

N  Revolutions per second  

FTF - Fundamental Train Frequency 

BPFI - Ball Pass Frequency of Inner ring 

BPFO - Ball Pass Frequency of Outer ring 

BSF - Ball Spin Frequency 

Rd -  Roller diameter 

Nr=  Number of rollers 

Pd = Pitch diameter 

Ø= Contact  angle 

Table 4 Different Bearing Frequencies 

Description 

Bearing 

Frequency 

with loading 

Condition 

(Hz) 

Bearing 

Frequency 

without  

loading 

Condition 

(Hz) 

Ball pass 

frequency at 

outer race 

30 40.6 

Ball pass 

frequency at 

Inner race 

51.72 70.19 

Ball spin  

frequency 
40 55 

Fundamental 

train frequency 
4.27 5.8 

 

Fig. 6 Time domain signal for healthy bearing  

Condition 

 

Fig. 7 Mexican Hat Wavelet  Enveloped Power 

spectrum for Healthy condition 

The above figure shows the Mexicon Hat 

Wavelet Based Enveloped Power spectrum for 

healthy condition of bearing. The signal is collected 

at 730 RPM with 10Kg loading Condition. The 

graph is obtained by making use of MATLAB 

program. The bearing frequency of ball frequency 

and inner race frequency is calculated as  40 Hz  

and 51.27 Hz.  Hence we can observe the increase 

in amplitude at 40 Hz ( 1X), 80 Hz (2X),  120 Hz 

(3X) for ball frequencies and 51 (1X) , 102(2X) for 

inner race frequencies. 

 

Fig. 8 Mexican Hat Wavelet Enveloped Power 

spectrum for inner race fault condition 

The fault is induced in the inner race of the 

bearing.  The results are analyzed by Mexicon Hat 

Envelop power spectrum for the same loading 

condition. 

 

Fig. 9 Mexicon Wavelet Enveloped Power spectrum 

for Fault at Ball condition 
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The fault is induced in the ball fault of the 

bearing.  The results are analyzed by Mexicon Hat 

Envelop power spectrum for the same loading 

condition. 

Table 5 Amplitude and frequency reading of signal 

  1X ( 

Ball 

Freq

uenc

y) 

2X( 

Ball 

Freque

ncy) 

 

1X( 

Inne

r 

race 

Fre

que

ncy) 

2X(In

ner 

race 

Frequ

ency) 

 

Health

y 

Bearin

g 

conditi

on 

Mexica

n hat 

Power 

Spectru

m full 

load 

 

Frequ

ency, 

Hz 

 

 

 

50 

 

 

100 

 

 

  81 

 

 

162 

Ampl

itude, 

mm/s

2 

0.373 - 1.03 0.278 

Bearin

g Inner 

Race 

fault 

Mexica

n Hat 

Power 

Spectru

m at 

full 

Load  

Frequ

ency, 

Hz 

 

- - 81 162 

Ampl

itude, 

mm/s

2 

 

- - 1.75 - 

Bearin

g Ball 

fault 

Mexico

n 

Power 

spectru

m at 

full 

Load 

Frequ

ency, 

Hz 

 

50 100 - - 

Ampl

itude 

Mm/s

2 

1.613 0.524   

 

6.2 Machine Learning for fault detection 

and classification 

The online automated condition monitoring can 

be achieved through computerized assessment. It 

helps to meet the increasing demand for condition 

monitoring of belts. The machine learning concept 

is applied for detection and classification of fault in 

belt drive. The Machine Learning algorithm is 

trained by Kurtosis, mean, Standard deviation, 

variance and median statistical features.  

The bearing fault is detected and classified by 

applying the Support Vector Machine (SVM) 

classification algorithm. Different types of bearing 

faults are identified by the SVM classifier with an 

accuracy of 90%. The Training is conducted with 

total 60 samples. This includes 20 samples of each 

kind of fault. Confusion matrix is used for testing 

the performance of the classifier 

 

Fig.10 Confusion matrix of SVM Classifier 

 

Fig.11 Confusion matrix of KNN Classifier 

 

 

Fig.12  SVM Classification 
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Fig.13 KNN Classification 

 

7 CONCLUSION 

Bearing are commonly used machine element in 

rotating machines. Condition monitoring involves 

the fault diagnosis and Machine Learning used for 

classification of machine faults.. In this research 

work, it is clear that Mexicon hat Wavelet 

Enveloped Power Spectrums can be used for the 

detection of Fault in Ball bearings at an incipient 

stage. Vibration data helps in diagnosing the 

machine faults with high accuracy. This research 

work has demonstrated the application of Machine 

Learning for easy and early detection of Bearing 

fault and automatic classification. The SVM and 

KNN classifiers are used has a classifiers both the 

classifiers has a good classification ability and it can 

be used for automatically diagnosing the machine 

faults. 
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