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Fig.2 Feature extraction process of multi-layer DAE
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Fig.3 SVM bearing fault diagnosis flowchart
based on DAE
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Fig.4 Distribution of EMD energy entropy

feature extraction
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Fig.5 Distribution of DAE feature extraction
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Tab.2 Comparison of fault diagnosis effect based on defferent feature extraction methods
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Fig.7 The bearing fault diagnosis results
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The Application of SVM Based on Auto-encoder in Bearing Fault Diagnosis

LEI Wenping, WU Xiaolong, CHEN Chaoyu, LIN Huiyi

(Vibration Engineering Research Institute, School of Mechanical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract. The fault feature should be extracted before the SVM was applied to the bearing fault diagnosis. In

the previous feature signal extraction, it was based on the existing knowledge model. With the application and

promotion of DNN in recent years, AE had a special advantage in feature extraction. As an unsupervised

learning method, AE could extract the features of the signal based on data driven, making the feature extrac-

tion no longer depends on prior knowledge, and the whole fault diagnosis processed more intelligent. In this

paper, the improved AE, DAE, were used to extract the features of the bearing signals, and the fault diagno-

sis was carried out by SVM. Finally, by compared with the SVM based on EMD energy entropy feature extrac-

tion, the superiority of DAE-SVM with unsupervised learning method was reflected in bearing fault diagnosis,

and its diagnostic accuracy was nearly 100% .

Key words: SVM; auto-encoder; unsupervised feature extraction; EMD; energy entropy; fault diagnosis



