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Enhanced least squares support vector machine-based
transfer learning strategy for bearing fault diagnosis

Chen Chao,Shen Fei, Yan Ruqgiang

(School of Instrument Science and Engineering, Southeast University, Nanjing 210096 , China)

Abstract: Due to the problem of the environmental interference, various operating conditions and inevitable indirect measurement, it is
difficult to obtain abundant training and testing data from a mechanical system that follow the same underlying distribution, which will
influence the generalization ability of fault diagnosis model based on traditional machine learning. A novel approach utilizing transfer
learning for classification is presented in this paper, which aims at improving the bearing fault diagnostic performance in case of
insufficient labeled samples. The Recurrence Quantification Analysis (RQA) is used to extract the non-linear features that characterize
the underlying dynamics of the mechanical system. These nonlinear features are then combined with the time domain statistical
parameters to form a feature vector to improve the diagnostic accuracy. By adding penalty function and constraint condition of auxiliary
data to the original objective function and constraints of the least square support vector machine (LSSVM), it can be extended to
implement a transfer learning strategy. Besides, the internal and interval distance criterion is utilized to evaluate the differentiability of
various features. Experimental studies indicate that the transfer learning strategy can improve the diagnostic accuracy as compared to the
traditional machine learning strategy when the target data set is small.

Keywords : bearing fault diagnosis; recurrence quantification analysis; transfer learning; least squares support vector machine ( LSSVM)
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Fig.1 Bearing vibration signal of different fault types

(Speed: 1 750 r/min, Load: 2 HP)
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deferent fault types
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Fig.3 The bearing test system
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