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Machinery fault diagnosis based on Bayes optimal kernel discriminant analysis
HAO Teng+fet CHEN Guo
( College of Civil Aviation Nanjing University of Aeronautics and Astronautics Nanjing 210016 China)
Abstract: When kernel discriminant analysis is applied to machinery fault diagnosis the main challenge is to

determine the parameters of kernel function. Aiming at this problem a method for machinery fault diagnosis based on Bayes

optimal kernel discriminant analysis was proposed. In this method the optimal kernel parameter was selected by optimizing

the homoscedastic criterion using gradient descent approach and with which the original samples were projected onto an

optimal subspace where the samples can be best separated. Then fault classification was performed in the optimal subspace

by using nearest neighbour method. The proposed method has been applied to fault diagnosis of roller bearings and

comparison was made with other related methods. Experimental results demonstrate the performance of the proposed method

is comparable to that of support vector machines but avoiding the necessity of manual selection of kernel parameters.
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Fig. 1 Four examples of the use of the homoscedastic criterion
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Fig. 2 The relationship between the value of homoscedastic Effrﬁlrhﬁﬁ :J’ffl‘ﬂ g
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° Fig. 3 Flow chart of machinery fault diagnosis based
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Fig. 4 Projective results of the time domain features
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(a) KPCA (b) LDA (c) KDA
5
Fig. 5 Projective results of the envelope spectrum features
1 o
Tab. 1 Diagnosis results based on the time domain features KPCA LDA

/
/% /% 1% 1% %0
KPCA 100 79 95 100 93.50
LDA 100 94 90 100 96
SVM 100 100 100 100 100
KDA 100 100 100 100 100
2

Tab. 2 Diagnosis results based on the envelope spectrum features

/
/% /% /% /% %
KPCA 95 100 98 84 94.25
LDA 98 100 97 98 98.25
SVM 100 100 100 100 100
KDA 100 100 100 100 100
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Fig. 6 The change process Fig. 7 The change process

of the value of homoscedastic of the recognition rate

criterion with the number of iteration with the number of iteration
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