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Fault Diagnosis of Dual-path Rolling Bearing Based on LSTM-CNN

JING Sitong, WU Dongsheng

( Shenyang Ligong University , Shenyang 110159, China)

Abstract: Aiming at the problems of strong manual dependence of feature extraction, inaccurate
feature extraction and insensitivity to temporal information in vibration signals in fault diagnosis of
bearing,a dual-path recurrent neural network method based on the combination of long and short-
term memory network (LSTM ) and convolutional neural network ( CNN ) is proposed , which proces-
ses the original signals such as vibration, captures the long-range dependence in time series data and
introduces attention mechanism to suppress high-frequency noise of the input signal, so that the
model focuses on key information and improves model training efficiency. The result of experiment
on the bearing fault dataset of Case Western Reserve University shows that this method can effec-
tively improve the accuracy of bearing fault identification and has good fault classification ability.

Key words: fault diagnosis;attention mechanism;long short-term memory network ; convolutional

neural networks
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Fig.1 Basic structure of simple CNN
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Fig.3 Structure of LSTM-CNN dual-path rolling bearing fault diagnosis model
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Table 1 Description of bearing failures
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Table 2 Parameters of LSTM-CNN dual-path

rolling bearing fault diagnosis model
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1D Convolution 256 x 1 2x1 16

Max Pooling 1D 2x1 2x1 16

1D Convolution 3x1 2x1 32

Max Pooling 1D 2x1 2x1 32

CNN [z 1D Convolution 3x1 2x1 64
Max Pooling 1D 2x1 2x1 64

1D Convolution 3x1 2x1 64

Max Pooling 1D 2x1 2x1 64

1D Convolution 3x1 2x1 64

Fully connected 2x1 2x1 64

1D Convolution 256 x1  2x1 16

LSTM 42 Max Pooling 1D 2x1 2x1 16
RNN Block — — 128
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1 EH —
2 A R 0.007
3 BRTE 0.007
4 SR 0.007
5 A R 0.014
6 BRIFTZ 0.014
7 SR e 0.014
8 A R I 0.021
9 BRI 0.021
10 SR e 0.021
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Table 3 Comparisons of SVM,MLP,CNN,
LSTM, WDCNN and LSTM-CNN rolling

bearing fault recognition rates

¥ il BRI %
1 SVM 67.21
2 MLP 84.30
3 CNN 91.50
4 LSTM 93.56
5 WDCNN 95.36
6 LSTM-CNN 99.20
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Fig.4 Accuracy curves of training process
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