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ABSTRACT 
 
Industrialization shows a gradual movement from manual operation of machines and tools towards their 
automation. This involves lateral and hierarchical integration and networking of traditionally disjointed 
system units into an integral whole that requires little or no human intervention. Current trend in industrial 
automation requires the replacement of supervision and monitoring roles traditionally performed by 
humans with artificial intelligent systems. More so such system requires the intelligent detection of faults 
as to reduce downtime and maintenance cost. This paper  study the use of hybrid intelligent system in 
detection of bearing faults in  rotating machinery, to enable predictive maintenance and move away from 
the traditional breakdown or planned maintenance. This result in increase in availability and thus the 
productivity of the machinery or system.  
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1. INTRODUCTION 
 

Production machinery which may 
include power plants, machine tools, 
transportation vehicles, processing lines, 
equipments etc., work in concert with each 
others to achieve production goals. Their 
effective and efficient functioning requires 
that adequate and timely maintenance be 
carried out on them to maintain them in 
good working condition. 

Reliable prediction of leadtime to 
failure requires effective and efficient 
diagnosis, which to this day is a labour 
oriented exercise for the human analyst. A 
natural progression is the automation of this 
labour oriented process of diagnosis by 
implementing intelligent diagnosis strategies 
so that experts or technicians can be relieved 
of this relatively expensive task [1,4,11]. 

Fault diagnosis is conducted typically in 
the following phases: data collection, feature 
extraction, and fault detection and 
identification. Fault detection and 
identification usually employs artificial 
intelligent (AI) approaches for pattern 
classification [2,3,7,19]. 

Noticed, that in many real applications 
we would need not only to acquire 
knowledge from various sources, but also to 

combine different intelligent technologies. 
The need for such a combination has led to 
the emergence of hybrid intelligent systems 
(HIS). A hybrid intelligent system is one 
that combines at least two intelligent 
systems, i.e. combination of these intelligent 
systems creates neuro-fuzzy system, fuzzy-
GA system, neuro-GAsystem [5,8-13]. 
 
 
 
 
 
 
 
 
 
 
     
 
 
 
         Figure 1:  The block scheme of Hybrid    

Intelligent System. 
 

For example, Hybrid Intelligent System 
can represent following forms. Neuro-fuzzy 
system is realized as a neural network, in 
which fuzzy system parameters are encoded 
in several layers. Using network learning 
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ability the parameters can be adapted; hence 
the system is called adaptive neuro fuzzy 
inference system (ANFIS). Fuzzy-GA 
system provides fuzzy system parameters 
optimization using GA. Neuro-GA system 
provides neural network parameters 
optimization using GA. 
 
2. FAULT DETECTION WITH 

ADAPTIVE NEUROFUZZY 
INFERENCE SYSTEM (ANFIS) 
 
The capacity of artificial neurofuzzy 

networks to mimic and automate human 
expertise is what makes them ideal for 
handling non-linear systems. Neurofuzzy 
networks are able to learn expert knowledge 
by being trained using a representative set of 
data. At the beginning of a neurofuzzy 
network's training session, the network fault 
detector's diagnosis of the machine 
condition will not be accurate. An error 
quantity is measured and used to adjust the 
neurofuzzy network's internal parameters in 
order to produce a more accurate output 
decision. Once the network is sufficiently 
trained and the weights have been saved, the 
neural network contains all the necessary 
knowledge to perform the fault detection. 

The neurofuzzy network will have four 
input measurements corresponding to the 
amplitudes of the four basic frequencies of 
interest and one output describing the fault. 

Faults in a ball/roller bearing may occur 
on the inner raceway, the ball or roller itself 
or on the outer raceway[6,12-16]. The 
presence of fault on any of this element or in 
combination is indicated in the signal by 
marked increase in the amplitude at the 
characteristic frequency for such element. 
This is the reason why we transform our 
data from time-based sample to frequency 
based with FFT and the calculation of power 
spectra density. The power spectra density 
clearly shows the marked increase in 
amplitude at the characteristic frequency for 
a particular fault type. 
 
3. DEFINITION OF NORMAL AND 

DIFFERENT FAULTY 
CONDITIONS 
 
For our purpose, we need to define 

normal and faulty operating conditions of 
the bearing in a digital form that can be used 

for computational purposes. This is done by 
representing the presence or absence of a 
particular fault type with bit sets as stated in 
table 1. 
 
Table 1: Definition of normal and different 

faulty conditions 
 

Fault 
state 

Fault type 
Ball pass 

outer 
raceway 

Ball 
spin 

Ball pass 
inner 

raceway 
0 

(normal) 
0 0 0 

1 0 0 1 
2 0 1 0 
3 0 1 1 
4 1 0 0 
5 1 0 1 
6 1 1 0 
7 1 1 1 

 
1 indicates the presence of particular type of 
fault in a certain fault state 0 indicates 
otherwise 
 
4.  ANALYSIS  
 

From a large number of data sets 
collected over a period of two years we 
selected and process data as stated in the 
table.  

Each of the data set was sampled for a 
period of 1s with 2048 data-points taken. 
Using algorithms and software interface 
available in matlab, the time based data was 
transformed into frequency spectra with FFT 
and the PSD calculated. The PSD clearly 
show marked increase in amplitude at the 
characteristic frequencies of the bearing 
elements, if faults are present on the 
elements. These amplitudes were extracted 
into an amplitude vector and processed, 
together with the fault state they 
characterize, into an input data table for the 
training, testing and checking of our 
neurofuzzy system. 

The bearing of the rotating machinery 
from which data was collected has the 
following basic frequencies:  
 
BPOF (ball pass outer race frequency) = 
3.57 x rps (revolutions per second),  
 
BPIF (ball pass inner race frequency) = 
5.429 x rps,  
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BSF (ball spin frequency) = 4.632 x rps,  
FCF (fundamental cage frequency) = 0.396 
x rps. 
 
The figure 4.1 shows the time domain and 
spectra plot of samples of the acquired data, 
one data sample first for normal and then for 
each of the seven fault states. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.1: Time domain and frequency 
spectra plot of the vibration signal samples 
 

The plots, especially the spectra plots, 
clearly show the differences in features for 
each fault state. From the plots it is easy for 
a human expert to discern the fault states. 
This would have been the practice in 
diagnosing particular cases, but since we set 
as our objective, real-time on-line detection 
of fault state it is necessary to process our 
data further and feed it into an intelligent 
system that can learn to detect fault states 
from the data signal. 

 
 
 
 

5. ANFIS FOR BEARING FAULT 
DETECTION 
   
A Sugeno type adaptive neuro fuzzy 

inference system with four input nodes and 
one output nodes was used. The input 
consist of the amplitude vector obtained by 
extraction of power spectra density 
amplitudes for the characteristic frequencies 
of the bearing used in our experimental 
setup, with the fault state as the output.  

The four input in their vector order are: 
 

Fundamental cage frequency amplitude 
(fcfa) 
 
Ball pass outer raceway frequency 
amplitude (bpofa) 
 
Ball spin frequency amplitude (bsfa) 
 
Ball pass inner raceway frequency 
amplitude (bpifa) 
 
The figure 5.1 shows the scheme of the 
system generated by ANFIS Editor GUI in 
Matlab. 
 

 
.  
Figure 5.1: Scheme of the system generated 
by ANFIS Editor GUI in Matlab 
 

From our data collection we select 10 
data sets each to characterize each fault state 
at four different speeds (namely 1500 rpm, 
1800 rpm, 2400 rpm and 3000 rpm) for 
three different purposes (namely, training, 
testing and checking of the ANFIS 
network), thus making a total of 10 x 8 x 4 = 
320 data sets for each purpose and a total of 
960 data sets for our analysis. 
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Figure 5.2 shows the network structure 
of the system and the membership functions 
when the number of membership function 
for each input node is set to 2. The network 
first fuzzifies each input with two 
membership functions that can be classified 
as low and high depending on the value of 
the amplitude used as input. The input 
membership functions are then combined to 
form the rule base. The network selects an 
output membership function depending on 
the rules fired by the fuzzy logical 
combination of input membership functions. 
Output membership functions are then 
defuzzified to obtain an output.  
   

 
 
Figure 5.2: Structure of the system and the 

membership functions 
 

Figures 5.3 through figure 5.6 shows 
the membership functions for each of the 
four inputs. It can be seen from the figures 
that as the amplitude increases, the class 
membership changes from low to high. 
Furthermore, the probability that a signal 
will be classified as low is high (almost 
certain) when the amplitude is low, and 
decreases as the amplitude increase to nearly 
zero for high amplitudes. Also, the 
probability that a low amplitude is classified 
as high is low (almost zero) and it increases 
as the amplitude increases to almost 1 for 
high amplitudes. 
 

 
Figure 5.3: Membership functions for 
fundamental cage frequency amplitude 

 

 
Figure 5.4: Membership functions for ball-

pass outer raceway frequency amplitude 
 

 
Figure 5.5: Membership functions for ball 

spin frequency amplitude 
 

 
Figure 5.6: Membership functions for ball-

pass inner raceway frequency amplitude 
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Figure 5.7 shows the main window with 

the training data sets loaded. The training 
data consists of 10 data sets each for each of 
the four speeds, making 40 data sets for 
normal and each of the seven fault states, 
thus making a total of 320. 
 

 
 

Figure 5.7: The main window with the 
training data sets loaded 

 
The system is loaded with the data set for 
training and allowed to iterate through the 
data set for 100 epochs. Figure 5.8 shows 
the training error at each epoch. The error 
descended steeply to an acceptable level 
with the first few epochs and level off 
around the 20th epoch. This is also attested 
by the command line output of the system.   
 

 
 

Figure 5.8: The training error at each 
epoch 

 

Figure 5.9 shows a comparison of the 
error for the training and that of the error 
between the output generated by the trained 
system and that of the checking data.  

 

 
 

Figure 5.9:  Comparison of training and 
checking data error. 

 
It can be seen from figures 5.9 that the 

structure of error level for the training and 
checking data sets (which are different sets 
of data) is very similar. This is a validation 
of the structural stability of the system i.e. 
that it will perform correctly for any set of 
data obtained in the same way as that of 
training and checking data.  
 
ANFIS info:  
 Number of nodes: 55 
 Number of linear parameters: 80 
 Number of nonlinear parameters: 
32 
 Total number of parameters: 112 
 Number of training data pairs: 320 
 Number of checking data pairs: 320 
 Number of fuzzy rules: 16 
 
Start training ANFIS ... 
 
   1   0.00979654   0.0193941 
   2   0.00995411   0.0201257 
 
Designated epoch number reached --> 
ANFIS training completed at epoch 2. 
 

The rule base generated by the system is 
shown diagrammatically then in verbose 
form in the following figures. 
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Figure 5.10: Comparison of the output 
generated by the system with the output of 

testing data set 
 

 
 

Figure 5.11: Comparison of the output 
generated by the system with the output of   

checking data set 
 

Furthermore, figures 5.10 and 5.11 
above shows the output of the checking data 
in comparison to that of the output from the 
trained system, the two practically covers 
each other with little or no variation.  

 
The rule base generated by the system is 

shown diagrammatically in figure 5.12, then 
in verbose form in figure 5.13. 

 
 
 
 
 
 
 

 

 
 
Figure 5.12: The rule base generated by the 

system 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.13: The rule base generated by the 

system in verbose form 
 

Figures 5.14 through 5.16 shows the 
rule surfaces for combinations of the inputs. 
Essentially rule surfaces shows the output in 
variation to combinations of the inputs.  

  

 
 
Figures 5.14: The rule surfaces for bsfa and 

bpofa 
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Figures 5.15: The rule surfaces for bsfa and 

bpifa 
 

 
 

Figures 5.16: The rule surfaces for bpofa 
and bpifa 

 
5.2 CONCLUSION 

 
The study thus far has shown the 

possibility of using vibration signal to 
characterize the condition of rotating 
machinery. It has also been shown that 
autonomous condition monitoring and fault 
diagnostic system can be developed with the 
use of ANFIS. Training, testing and 
checking results obtained for the offline 
implementation of the system has proven the 
structural stability of the system and the 
correctness of the approach. 
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