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Fault diagnosis method of rolling bearing using
MFMD and Transformer-CNN

LIU Junfeng', YU Xiang®, WAN Haibo®, LIU Xiao'
(1. College of Power Engineering, Naval University of Engineering, Wuhan 430033, China;

2. College of Naval Architecture and Ocean Engineering,

Naval University of Engineering, Wuhan 430033, China)

Abstract: Considering the worse effect and generalization ability of rolling bearing fault diagnosis
under variable working conditions and cross-type conditions as well as the shortage of serious samples in
practice, a fault diagnosis method using modified Fourier mode decomposition (MFMD) and Transformer
convolutional neural network (Transformer-CNN) was proposed based on the sequence characteristics of
vibration signal. The vibration data preprocessing module was designed, in which MFMD and position
encoding were adopted to preprocess the samples and mark the sequence position relationships. The
Transformer-CNN sequence modeling unit with the scaled dot-product attention mechanism was then
designed, and the cyclic stack structure was optimized by the max-pooling, which reduced the network
parameters and improved the sequence modeling capability. The pre-training-fine-tuning transfer learning
method was adopted to transfer the trained mode parameters to the target domain and fine-tune, which

avoided the over-fitting caused by insufficient data. The results showed that Transformer-CNN can reduce
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the fault diagnosis error by more than 50% compared with the benchmark algorithms. In the case of cross-

working and cross-type conditions with small samples, the algorithm enables to achieve 8.75% diagnosis

accuracy improvement and faster convergence.

Keywords: rolling bearing; fault diagnosis; Transformer-CNN; small sample; transfer learning
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Table1 Network parameters of Transformer-CNN
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Table 4 Results of different encoder settings
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Table 8 Fault classification results of transfer learning under variable working conditions
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