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Research on Rolling Bearing Fault Identification Method
Based on CEEMDAN and CNN-TSA-GRU

CHEN Bo,WEI Hao, QUAN Wei

( Engineering Training Centre, Xi’an University of Engineering,Xi'an 710048 , China)

Abstract; In order to avoid the interference of complex noise on the accuracy of intelligent diagnosis model of rolling
bearing, a rolling bearing fault recognition model based on complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN) and convolutional neural network-time self-attention ( CNN-TSA) was proposed. Firstly,
CEEMDAN was used to decompose the signal into several intrinsic mode function (IMF) components, and spectral
amplification factor ( SAF) was used to self-adaptively select the optimal high signal-to-noise ratio components.
Secondly, an improved temporal self-attention mechanism was used to assign weight to the data and CNN was used to
extract spatial features, weakening redundant feature information and retaining target features. Finally, gated recurrent
unit (GRU) was used to exiract the time features of sample data, so that the network can be more fully learned and the
robustness of the model can be improved. The results show that the proposed deep learning intelligent fault recognition
model can achieve rolling bearing fault recognition with an accuracy of 98. 87% . Comparing the 1D CNN and CNN-
LSTM models, the recognition accuracy can be improved by 9. 15% and 8. 86% , respectively, which verifies the
effectiveness and superiority of the model.

Keywords : fault identification ; rolling bearing; CEEMDAN ( Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise) ;deep learning; CNN-TSA ( Convolutional Neural Network-Time Self-Attention )
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Figure 1 Network structure of 1D CNN
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Figure 2 Temporal self-attention mechanism
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Table 1  SAF index results of different IMF components

6SAF
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Figure 5 Bearing fault identification flow chart
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Table 2 Parameters of CWRU bearing data set

MRS FEARREC UIZERARC WEREAR RE

EH 1 000 800 200 1
PN P e i 1 000 800 200 2
PNEN 1 000 800 200 3
TRIR Y 1 000 800 200 4
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Table 3  Network model structure and parameters

5 H R BRAF PAS iy R
1 BRI 128 x 1 64 x 1 4873 x8
2 LR 1 16 x1 2x1 2436 x 8
3 BRZ2 64 x 1 8 x1 2373 x16
4 WAL 2 16 x 1 2x1 1186 x16
5 LR 3 64 x 1 8 x1 1123 x32
6 LR 3 8x1 2x1 561 x32
7 BRI 4 32 x1 3x1 530 x 64
8 k= 4 8 x1 2x1 256 x 64
9 BRUZS5 16 x1 3x1 250 x 128
10 MUK 2 x1 2 x1 125 x 128
11 TSA J3 125 x 128
12 BiGRU 2 125 x 128
13 LR 64 x 1

14 @2 4x1
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Figure 9 Results of 1D CNN model recognition
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Figure 10 Results of CNN-LSTM model recognition
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Figure 11  Recognition results of improved model
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