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Fault diagnosis of S700K switch machine based on
1DCNN-BIiLSTM hybrid model

Wang Ruifeng Li Yang

(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Aiming at the problems of S700K switch machine fault diagnosis, which is difficult to extract effective features and signal
processing and classification algorithms, a fault diagnosis method for switch machine combining one-dimensional convolutional neural
network (1DCNN) and bidirectional long short-term memory neural network ( BiLSTM) is proposed. Firstly, the power curve of the
switch machine collected by the microcomputer monitoring system is processed. Secondly, the fault features are extracted adaptively from
the processed data by the convolution layer and pool layer of CNN. Then through Flatten, the exiracted fault features are taken as the
input of BiLSTM layer to further mine the deep-level features. Finally, the Softmax function is used to implement intelligent fault
diagnosis. The model is validated by the real data provided by a railway bureau. The results show that the accuracy, recall and F, value
of the proposed model reach 98.99% , 98. 89% and 98. 89% respectively, which are better than other classical fault diagnosis models,
IDCNN-BIiLSTM model improves the accuracy of fault diagnosis by at least 1. 08% when the training speed is fast.
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Fig. 1 Normal operating power curves of S700K switch machine
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Fig.2 Fault action power curves of S7T00K switch machine
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Table 1 Common faults and causes of S7T00K switch machine
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Fig.3 Fault diagnosis block diagram of S700K switch machine based on 1DCNN-BiLSTM
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Fig. 5 LSTM network neuron structure diagram
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Table 2 Hyperparameter setting of fault diagnosis model

HSHE R HMESHE
)R 0. 001
Epoch 35
Dropout 0.5
CNN B HUEA 4L 64
CNN B RUZ RN 10,5
CNN i R AL ReLU
LSTM JZ% 2
LSTM Ptz 17 s %L 256
EENAL & LA
R AR Adam
batch_size 15

3.3 HEBIEEEINIE

AL 22 58 Hh S BT A B 2 A0 o g o 2 )
RERAHL I R R | 45 B 20 ZHREAS K Bt 4 | W A
SCRETRY B HERA R EA T

W 9 it IR VE HE 4 B VLR 7R i IDCNN-BiLSTM
BTN 25 WS 1) o 5 3L I R A A bR iy 0 (3R
RN IE R S Fy, 1~ 8 RIS F ~Fy,
W F, S8 F i 2 SRR i T &
B, EEE F, R F, 09 ShFE DR A B R A E AR
KA , X2 FEOR A FEHR K, BRILLISE, B
A F,\F,.F, F, F,.F, F, HUE#HA F, BHiZ5RS 50
Yk 4t R — 2, Hofenfi %355 97. 88%

R 20,0

k 4 5
R IEST]
19 ARSCHEAY BRI

Fig.9 Confusion matrix of this paper’s model
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Table 3 Performance comparison of different fault diagnosis models

fisid L EYL) AR/ % FH/ % HEW /% IR ]/ s

IDCNN 97.87 97.78 97.77 95.95 2.44
LSTM 96. 89 96. 67 96. 66 93. 80 6.73
IDCNN-LSTM 98.36 98.33 98.33 96. 80 4.16
PCA-HMM 92. 74 92.56 92.56 90. 53 5.70
CDET-MPSO-SVM 97.26 97.17 97.16 95.27 17.50
1DCNN-BiLSTM 98.99 98. 89 98. 89 97.88 3.34
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IDCNN 93.33 93.75 100 93.33 93.33 100 93.33 93.33 93.33 96.77 96.55 93.33 95.79 2.23
BiLSTM 92.86 100 93.75 87.5 86.67 93.33 100 93.33 89.66 96.55 96.77 90.32 94.52 6.56
1DCNN-LSTM 100 100 100 88.24 86.67 100 100 100 92. 86 100 100  93.75 97.21 3.49
IDCNN-BIiLSTM 100 100 100  93.75 93.33 100 100 100 96. 55 100 100 96.77 98. 56 3.06
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