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Today, fast and accurate fault detection is one of the major concerns in industry. Although many
advanced algorithms have been implemented in the past decade for this purpose, they were very
complicated or did not provide the desired results. Hence, in this paper, we have proposed an
emerging method for deep groove ball bearing fault diagnosis and classification. In the first step,
the vibration test signals, related to the normal and faulty bearings have been used for both the
drive-end and fan-end bearings of an electrical motor. After that, one dimensional Meyer wavelet
transform has been employed for signal processing in the frequency domain. Hence, the unique
coefficients for each kind of fault were extracted and directed to the adaptive neuro-fuzzy system
for fault classification. The intelligent adaptive neuro-fuzzy system was adopted to enhance the
fault classification performance due to its flexibility and ability in dealing with uncertainty and
robustness to noise. This system classifies the input data to the faults in the race or the balls of
each of the fan-end and the drive-end bearings with specific fault diameters. In the final part of
this study, the new experimental signals were processed in order to verify the results of the
proposed method. The results reveal that this method has more accuracy and better classification
performance in comparison with other methods proposed in the literature. 
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1- Hilbert Transform 
2- Fast Fourier Transform (FFT) 
3- Window Length 
4- Wavelet Transform 
5- Takagi-Sygeno 
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Fig. 1 Schematic view of the bearings and the related faults  
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Fig. 2 The experimental test setup
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6- Meyer Wavelet 
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Table 1 Bearings’ specifications  

  
SKF 6205SKF 6203  

mm(  25  17  
mm(  52  40  
mm(  15  12

      
rpm(  14000  19000  

1- Encoder 
2- Electro Discharging Machine 
3- Case Western University 
4- MATLAB 

  
1-   .

 
2- )  

  (
)  2 (

 
3-  ( ) 

  .

 
4-  ( ) 

2 3  
5- 4-1   

  
 . 

  
  

  .
 

  .

  
  .

  

 .  
) 3 ( ] 10.[  

(3)

( )

=

1
2

sin
2

(
3| |

1) / ,
3

< | | <
3

1
2

cos
2

(
3| |
4

1) / ,
3

< | | <
3

0,

 

 )  4 ( 5 
)5 (   

(4)

u(x) =
0, x < 0
x, 0 < x < 1
1,

 

(5)

( )

=

1
, | | <

2
3

1
2

cos
2

(
3| |
4

1) ,
3

< | | <
3

0,

 

5- Meyer Scale Function
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Fig. 3 The wavelet function (right) and the scale function (left)
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Fig. The adaptive neuro-fuzzy system process
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1- Nonlinear Aggregation Function 
2- ‘And’ Neurons 
3- T-Norm 
4- T-Conorm 
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Fig. 5 Schematic view of the adaptive neuro-fuzzy system’s sections
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Table 2 The details of the adaptive neuro-fuzzy system  
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1. Mamdani 
2. Subtractive clustering 
3. Gradient descend
4. Over Fitting 

  

Fig. The algorithm and the total schematic view of the proposed
method’s process
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Fig. Sample experimental signals
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Fig. The wavelet transform coefficients for the faults in the race of the bearings, in Drive End (DE) or Fan End (FE)
 8 ) ) ) ) FE)  (DE ((  (.  

  
Fig. The wavelet transform coefficients for the faults in the balls of the bearings, in Drive End (DE) or Fan End (FE)
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Fig. 10 The 3- plots for the continuous wavelet transform for the faults in the race of the bearings with 0.007 (a), 0.014 (b) and 0.021 (c)
inch fault diameter

10  a- 0.007 b- 0.014c- 0.021  .
    

 -   .
 - 

 .108 
3 

  
  ) 3  .(

   
 . 

 
  .  

3 
 

   
  .

  4 
 .  

  
  .  



    

      -      

  

240  13941511  

  

  
Fig. 11 The 3- plots for the continuous wavelet transform for the faults in the balls of the bearings with 0.007 (a), 0.014 (b) and 0.021 (c)

inch fault diameter
 11  a - 0.007 b - 0.014 c - 0.021  .
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Table 3 The proposed method’s outputs   

)   

  9  100  
0.007   9  100  
0.007   9  100  
0.014   9  100  
0.014   9  100
0.021   9  100
0.021   9  100
0.007   9  99.1  
0.007   9  100
0.014   9  100
0.014   9  98.3
0.021   9  100  
0.021   9  100

 4    
Table 4 The comparison of the proposed method with the 

methods in the literature  

  
  

]12[    93.054  144  

]13[    77.98
53  -(*)  

]14[  
  

92.01
52  135  

]15[    98.72  -  

]16[  
  99.99-

  

10  

]17[  
  73.014

  

-  

]18[    99.452-  
]19[    96.7-10  
]20[    90.5436  
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