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Abstract-- The neural network based approaches a feed 
forward neural network trained with Back Propagation 
technique was used for automatic diagnosis of defects in 
bearings. Vibration time domain signals were collected from 
a normal bearing and defective bearings under various speed 
conditions. The signals were processed to obtain various 
statistical parameters, which are good indicators of bearing 
condition, then best features are selected from graphical 
method and these inputs were used to train the neural 
network and the output represented the bearing states. The 
trained neural networks were used for the recognition of 
bearing states. The results showed that the trained neural 
networks were able to distinguish a normal bearing from 
defective bearings with 83.33 % reliability. Moreover, the 
network was able to classify the bearings into different 
states with success rates better than those achieved with the 
best among the state-of-the-art techniques. 
Keyword: artificial neural networks (ANNs), condition 
monitoring, features extraction, Root mean square, Crest 
factor, Kurtosis, Skewness, Clearance factor, Impulse factor, 
shape factor, entropy, energy, upper bound, lower bound, 
central moment, signal distribution1, spectral skewness, 
spectral kurtosis, spectral energy, Periodogram. 
 

I. INTRODUCTION 
Machine monitoring and diagnosis involves intermittent or 
continuous collection and interpretation of data relating to 
the condition of critical components. Constant monitoring of 
machinery has been considered to be an essential and 
integral part of any modern manufacturing facility, because 
any unexpected failure or breakdown will result in costly 
consequences. Adequate monitoring greatly reduces the 
frequency of breakdowns before they actually occur. 
Therefore, a machine monitoring system can be seen as a 
decision support tool which is capable of identifying the 
failure of a machine component or system, and which also 
predicts its occurrence from a symptom.  Bearings are 
essential components of most machinery and their operating 
conditions influence directly the operation of the whole 
machinery. The majority of the problems in rotating 
machines are caused by faulty bearings. In industry, it is 
required not only to diagnose the faults of rolling element 
bearings in operation, but also to assess the quality of new 
bearings before use. Moreover, most of the bearing 
condition monitoring methods in vogue needs the assistance 
of an expert in the interpretation of results, and the success 
rates achieved are less than those required by the modern 
automated industries. Hence, the need arises for the 
development of a new scheme to outperform all the state-of-
the-art techniques. Vibration monitoring is the most widely 
used and cost effective monitoring technique to detect, 

locate and distinguish faults in bearings. The vibration 
signal contains huge information, which can be applied for 
condition monitoring without interfering with machinery 
operation. When a localized fault in a bearing surface strikes 
another surface, impact vibrations are generated. Condition 
monitoring is performed by analyzing the changes in the 
vibration signature due to the presence of these impulses. 
Fault diagnosis helps to identify the location of the fault so 
that corrective action can be taken and maintenance can be 
planned accordingly.  
 

II. RELATED WORK 
The background of fault diagnosis of bearing is introduced 
in this paragraph. A literature of techniques for vibration 
based fault diagnosis is reviewed. It includes the research 
work done in the past and presented in publication such as 
books, conference articles, journal papers and reports. The 
variety of methods used, are discussed and analyzed with 
critical comments. Based on the overall review of the 
techniques for diagnosis bearing, some conclusions are 
drawn from the literature. 

There are two important stages to implement in the 
fault diagnosis process: the first is signal processing, for 
feature extraction and noise diminishing, and the second one 
consists of signal classification, based on the characteristics 
obtained in the previous stage. Most of the research related 
to bearing fault diagnosis agrees with the use of vibration 
signature, due to the non-stationary characteristics the 
signals present when a fault occurs in the rolling element 
bearing operation. In recent years, different technologies 
have been used in order to process signals provided from 
dynamical systems. Most of the authors classify the analysis 
of vibration signature in three approaches. First time domain 
based on statistical parameters such as mean, root mean-
square, variance, kurtosis, etc., In second frequency domain, 
where the Fourier transform and its variations were the most 
commonly used in the past, And third time-frequency 
analysis such as the wavelet  transform. This last approach is 
the most commonly used in signatures with non-stationary 
characteristics. 
Many researchers have been published the theoretical 
model, that show the different algorithm for fault detection 
of bearing. Liu, T. I. and Mengel, J. M. [1] present 
Intelligent monitoring of ball bearing conditions, his work 
The normalized features of the vibration signal in frequency 
domain which includes the peak amplitude, peak RMS and 
power spectrum are used as inputs to MLP-ANN for bearing 
fault detection and classification. Distinguishing the normal 
from defective bearings with 100% success rate and classify 
the bearing conditions into different states with success rate 
of 97% are achieved with ANN structure of 3:12:1 (3 input 
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nodes, 12 hidden nodes and 1 output node) . B. Liu, S. Ling 
[2] present Machinery diagnostic based on wavelet packets. 
The wavelet transform has been successfully applied as a 
fault feature extractor due to the good energy concentration 
properties. The main drawback of wavelet transform, apart 
from the selection of the suitable basis function for 
performing the transformation, is that it is not able to 
separate the high frequency bands where the information of 
the machine operating with failure is presented. This 
problem is solved by using the wavelet packet transform 
(WPT) proposed by Liu. The WPT is a multi resolution 
analysis (MRA) technique, which gives a suitable 
frequency-band partition.  Subrahmanyam, M. and 
Sujatha,C [3] present neural networks for the diagnosis of 
localized defects in ball bearings, In their work The MLP-
NN trained with supervised error propagation technique and 
an unsupervised learning NN were used by for rolling 
bearing defects classification. The optimal architectures of 
the network had been selected by trial and error process. The 
signals were processed to obtain various statistical 
parameters in time and frequency domains. The extracted 
parameters are used as input vectors to train the NN. The 
networks were able to classify the ball bearing into different 
states with 100% reliability. The unsupervised learning 
network has been found to be extremely fast, about 100 
times faster that the supervised back propagation learning 
network.  Zeki Kiral, Hira Karagulle [4] present vibration 
data and different parameters such as Root Mean Square 
(RMS), Crest Factor (CF) and kurtosis are assessed with 
regard to their effectiveness in the detection of bearing 
condition. Rolling element bearing is modeled by a 
computer program developed in Visual Basic programming 
language. The vibration response of is obtained using a 
standard finite element package IDEAS. Signal processing 
is a relevant item in a bearing fault diagnosis system. 
Nevertheless, in order to obtain a monitoring system which 
concludes the real condition of the rotatory element, a 
classification system is needed. New trends in fault 
diagnosis try to develop intelligent classification systems.  
K.L.X. Lou [5] present the Preliminary research in used a 
fuzzy classifier to diagnose faults in bearings, based on the 
use of the discrete wavelet transform (DWT) as a feature 
vectors generator. The wavelet transform was used to 
process the accelerometer signals and to generate feature 
vectors. An adaptive neural-fuzzy inference system (ANFIS) 
was trained and used as a diagnostic classifier. For 
comparison purposes, the Euclidean vector distance method 
as well as the vector correlation coefficient method was also 
investigated. The results demonstrate that the developed 
diagnostic method can reliably separate different fault of 
bearing.  Yang Yu, YuDejie, Cheng Junsheng [6] they 
proposed a roller bearing fault diagnosis method based on 
empirical mode decomposition in their work. Firstly, 
original acceleration vibration signals are decomposed into a 
finite number of stationary intrinsic mode functions (IMFs), 
then the concept of EMD energy entropy is proposed. The 
analysis results from EMD energy entropy of different 
vibration signals show that the energy of vibration signal 
will change in different frequency bands when bearing fault 
occurs. Therefore, to identify roller bearing fault patterns, 
energy feature extracted from a number of IMFs that 

contained the most dominant fault information could serve 
as input vectors of artificial neural network. The analysis 
results from roller bearing signals with faults show that the 
diagnosis approach based on neural network by using EMD 
to extract the energy of different frequency bands as features 
can identify roller bearing fault patterns accurately and 
effectively and is superior to that based on wavelet packet 
decomposition. Q.Hu, Z.He,Z.Zhang,Y.Zi [7] present an 
support vector machine (SVMs), they presents a novel 
method for fault diagnosis based on an improved wavelet 
package transform, a distance evaluation technique and the 
support vector machines (SVMs) ensemble. The method 
consists of three stages. Firstly, with investigating the 
feature of impact fault in vibration signals, Then, the faulty 
features can be detected by envelope spectrum analysis of 
wavelet package coefficients of the most salient frequency 
band. Secondly, with the distance evaluation technique, the 
optimal features are selected from the statistical 
characteristics of raw signals and wavelet package 
coefficients. Finally, the optimal features are input into the 
SVMs ensemble with AdaBoost algorithm to identify the 
different abnormal cases.  García-Prada.J.C, Castejón.C and 
Lara.O.J  [8] have used Discrete Wavelet Transform (DWT) 
for feature extraction. The extracted features from the DWT 
are used as inputs in a neural network (MLP) for 
classification purposes. The results show that the developed 
method can reliably diagnose different conditions and can 
be considered as an improvement of previous works in this 
field.  C. Castejon, O.Lara,J.C.Garcıa-Prada [9] present 
multi resolution analysis is used in a first stage in order to 
extract the most interesting features from signals. Features 
will be used in a second stage as inputs of a supervised 
neural network for classification purposes. Experimental 
results carried out in a real system show the soundness of 
the method which detects bearing conditions in a very 
incipient stage.  Khalid F. Al-Raheem, Waleed Abdul-
Karem [10] They presented the performance of bearing fault 
diagnosis using three types of artificial neural networks 
(ANNs), namely, Multilayer Perceptron (MLP) with BP 
algorithm, Radial Basis Function (RBF) network, and 
Probabilistic Neural Network (PNN). The time domain 
vibration signals of a rotating machine with normal and 
defective bearings are pre processed using Lapalce wavelet 
analysis technique for feature extraction. The extracted 
features are used as inputs to all three ANN classifiers: 
MLP, RBF, and PNN for bearing different case. The results 
show the relative effectiveness of three classifiers in 
detection of the bearing condition with different learning 
speeds and success rates.  Jafar Zarei, [11] In his work he 
use Multilayer perceptron neural networks with Levenberg–
Marquardt training algorithm. In order to evaluate the ability 
of the presented method, an experimental set-up was 
designed, and the appropriate data was collected for healthy 
and defective bearing. Two different networks were 
designed, one of them uses time domain features while the 
other one uses both time and frequency domain features as 
the inputs of the network. It is shown that using time domain 
Features not only leads to lower computational burden but 
also results in more accurate fault diagnosis.  
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II. SYSTEM UNDER INVESTIGATION 

 
Fig. 1: Bearing Test Rig 

 As shown in figure above shaft having diameter 25 mm is 
supported by two bearings (NJ 305). One end of the shaft is 
connected to motor with the help of coupling and other end 
of the shaft is free to placed rotor mass. Bearing are placed 
in the adjustable pedestal. In the present study, the analysis 
applied to a NJ-305 Radial cylindrical roller bearing. On the 
left side of the shaft we use fresh or new bearing without 
any defect which is not considered for analysis, while on the 
right side of the shaft we introduced different bearing like 
normal and defective bearing and analysis is applied to these 
bearings. 

III. SIGNAL POST PROCESSING 
For on-line monitoring purposes, it is always desirable to 
reduce the large amount of information contained in the on-
line vibration signal to a single index or small number of 
features that reflects the overall characteristics of the signal. 
This procedure is known as signal feature extraction. 

A. Time-domain features: 

The time-domain features are extracted from the raw 
vibration signal through the statically parameters. The 
statically parameters are used: Peak value (PV), Root mean 
square (RMS); Crest factor (Crf), Kurtosis (Kv), Skewness 
(Sw), Clearance factor (Clf).Impulse factor (Imf), shape 
factor(Shf), standard deviation(std),Entropy (E), Upper 
bound(UB), Lower bound (LB). The expression is show 
below 

B. Frequency-domain features 

The spectral analysis of a signal can reveal some 
information that cannot be found in time-domain. The 
conventional approach using the fast Fourier transform 
(FFT) cannot handle arbitrary and more complex signals. 
Therefore, the high-resolution spectral estimation can be 
achieved by the non-parametric model-based technique 
which involves designing a non-parametric model based on 
the vibration signal recorded. A power spectrum is then 
generated from this model. In this study, Periodogram 
model is used to estimate the power model-based technique 
which involves designing a non-parametric model based on 
the vibration signal recorded. 
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Table. (1): Time Domain Features 
Model-based technique which involves designing a non-
parametric model based on the vibration signal recorded. A 
power spectrum is then generated from this model. In this 
study, Periodogram model is used to estimate the power 
spectrum density (PSD) of a process and to extract some 
frequency-domain features. 
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Table (2): Frequency Domain Features 
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IV. TIME DOMAIN SIGNAL AND PSD ESTIMATION 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig (2): .Normal Bearing 800 RPM 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig (3): Normal Bearing 1200 RPM  
 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig (4) Normal Bearing 1600 RPM 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig.(5) Normal Bearing 2000 RPM 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig (6): Defective Bearing 800 RPM 
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Fig (7): Defective Bearing 1200 RPM 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig(8): Defective Bearing 1800 RPM 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig (9): Defective Bearing 2000 RPM 

V.  FEATURE SELECTION 

      
Fig (10): Comparison of RMS 

Here we compare different 17 features of the fault free 
bearing with defective bearing and the feature which have 
distinct value from two bearing are selected for further 
analysis. 
 

 
Fig (11): Comparison of CRF 

 
Fig.(12): Comparison of SKEWNESS 
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Fig (13): Comparison of KURTOSIS 

 
Fig (14): Comparison of IMF 

 
Fig (15):.Comparison of SHF 

 
Fig (16): Comparison of Energy 

 
Fig (17): Comparison of CLF 

 
Fig (18): Comparison of LB 

 
Fig (19).Comparison of UB 

 
Fig (22): Comparison of SD 1 

 
Fig (23): Comparison of SD 2 

 
Fig (24).Comparison of SSK 
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Fig (25): Comparison of SKU 

 
Fig (26): Comparison of SE 

 
Fig (27):Comparison of Entropy 

 
Fig (28): Comparison of Moment 

VI. SYSTEM MODELING WITH NEURAL TECHNIQUE 
The feed forward neural network, used in this work, consists 
of input layer, hidden layer and output layer. The input layer 
has nodes representing the features extracted from the 
measured vibration signals. The ANN was created, trained 
and implemented using Matlab neural network function with 
back propagation. First we start the work by assuming a 
fixed structure for the ANN for our convenience. The 
structure is given by: This ANN has 3 layers in total they 
include the input layer having 7 nodes, the output layer 
having 2 nodes, and one hidden layers. In the ANN, the 
activation functions of sigmoid were used in the hidden 
layers and in the output layer. The results of convergence 
plots for various structures of ANN i.e. for various no. of 

neurons in each layer, various training algorithm are 
obtained and the conclusion for the optimum no. of neurons 
in each layer and the optimum training algorithm are 
deduced. 
 

NO. OF  
HIDDEN LAYER TRAINBFG 

 Error Iteration Accuracy (%) 
20 0.0605 6 66.66 
25 0.1494 9 66.66 
30 0.4286 9 100 
35 0.3965 8 100 
Table (3): Performance of TRAINBFG 

 
NO. OF  

HIDDEN LAYER TRAINGDM 

  Error Iteration Accuracy (%) 
20 0.47145 36 33.33 
25 0.17883 10 66.66 
30 0.47145 36 33.33 
35 0.48421 41 100 
Table (4): Performance of TRAINGDM 

 
NO. OF  

HIDDEN LAYER TRAINLM 

  Error Iteration Accuracy (%) 
20 0.0605 6 66.66 
25 0.49714 6 33.33 
30 1.265 5 100 
35 0.40586 7 33.33 

Table (5): Performance of TRAINLM 
 
 From Table we can conclude that TRAINGDM is 100% 
accurate at 35 hidden layers but its run for highest no. of 
iteration compare to other. While TRAINLM give 100% 
accuracy but at a highest cost of error compare to other, So 
we get best performance in terms of error, No. of iteration 
and Accuracy in TRAINBFG training algorithm with no. of 
hidden neurons 35. So we train our feed forward neuron 
network with TRAINBFG training algorithm and with 35 
no. of hidden neurons which give 100% classification 
accuracy. Then this train network is used for test new fresh 
data which taken from interpolation of the original data. 

VII. CLASSIFICATION RESULT 
     It has been noticed that the network clearly distinguished 
a defective bearing from a normal bearing with cent per cent 
accuracy, as seen from the Table bellow. 

 
Test  

Pattern 
Speed Actual 

 Class 
Network 

Classification 
   NB DB 

1 900 NB NB  
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2 1100 NB DB  
3 1300 NB NB  
4 1500 NB NB  
5 1700 NB NB  
6 1900 NB NB  
7 900 DB  DB 
8 1100 DB  DB 
9 1300 DB  DB 
10 1500 DB  DB 
11 1700 DB  NB 
12 1900 DB  DB 

Table (6): Classification Result 
 

Architecture No. of 
test patterns 

No. of correct 
classifications Accuracy 

7-35-1 
 

TRAINBFG 

 
12 

 
10 

 
83.33 % 

Table (7): Classification Conclusion 

VIII. CONCLUSION 
     It is not advisable to use all the features for online 
condition monitoring of the system. The reason is that some 
of the features have correlation with each other. And give 
ambiguous behaviour.  
     The performance of the back propagation neural network 
in recognizing bearing states has been found to be 
exceptionally good. Using the proposed neural network, any 
defective bearing can be distinguished from a normal one 
with cent per cent reliability. 
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