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Condition monitoring and fault diagnosis of machines are gaining importance in the industry

because of the need to increase reliability and to decrease possible loss of production due to machine

breakdown. By comparing the vibration signals of a machine running in normal and faulty conditions,

detection of faults like mass unbalance, shaft misalignment and bearing defects is possible. This paper

presents a novel approach for applying the faull diagnosis of rotating machinery. To detect multiple
faults in rotating machinery, a feature selection method and support vector machine (SVM) based

multi-class classifier are constructed and used in the faults diagnosis. The results in experiments

prove that fault types can be diagnosed by the above method.
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Multi-class SVM&
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Table 2 Attribute label of each input feature

Attribute label
Feature Time | Wavelet | Wavelet | Wavelet
level 1 | level 2 | level 3
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Fig. 7 Feature extraction of the time waveform signal
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Table 3 Formulation for used kernel functions

Kernel K(x, y)
Linear X'y
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Table 4 Classification results due to kernel and
multi-class classification strategy

Multi-class | Classification rate (%)
Kernel — -
approach Training Testing
Li One vs. one 100 93.75
inear One vs. all | 98.125 90,00
Polynomial | One vs, one 100 93.75
(d=1) One vs. all 98.125 90.00
Polynomial | One vs, one 100 92.5
(d=2) One vs. all 100 90.00
Polynomial | One vs. one 100 93.75
(d=23) One vs, all 100 88.75
Polynomial | One vs. one 100 93.75
(d=4) One vs, all 100 91.25
RBF One vs. one 100 98.75
(6=0.168) | One vs. all 100 92.50
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