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Fault Diagnosis Method Based on WPA-SVM
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(Department of Computer Engineering, South China Normal University, Foshan 528225)

Abstract A novel method for machinery fault diagnosis combining wavelet packet analysis and multiple support vector machine classifier is put
forward. The method has little duplicating training samples and is simple, and its classification accuracy rate is very high. Experimental results show
that the method proposed above can successfully be applied to diagnosis of machinery faults, and the best training set is discussed in this paper.
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