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Fault diagnosis of multi-sensor signal with unknown

composite fault based on deep learning
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Abstract; Deep learning has been widely used in the field of fault diagnosis, among which convolution
neural networks (CNN) and long short-term memory networks (LSTM) are typical models. As a common
method of multi-sensor signal fault diagnosis, CNN can obtain good diagnosis effect, but it can not
diagnose unknown composite fault. In order to solve this problem, a CNN-LSTM-FCM (fuzzy C-means)
model was proposed. Since LSTM was more sensitive to the time signals with the connection between the
front and the back, it was combined with CNN to realize the diagnosis of unknown signals. The decoupling
of composite fault was achieved through the probability classification output. The CNN-LSTM-FCM model
itself had optimized parameter design, which further improved the diagnosis accuracy. The chemical process
fault measurement data was used for experiments, and the results showed that the diagnostic accuracy of
CNN-LSTM-FCM model could reach 97.15% , which was superior to both CNN model and LSTM model,
thus having a high application value in fault diagnosis.
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Fig. 3 The structure of CNN-LSTM-FCM model
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Table 1 Loss value and accuracy of each model
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LSTM 0.070 0 0.891 9
CNN 0.132 9 0.800 4
3 &5 it

Bl 25 56 55 T RE AN W o8 38 B A S A LR B 4% AEAE TR B B 2 G R RAE S 5, ol oA ARk L &2
G M AL G2 W B R HLRR 2 W A0 L B — 28 I i 38 D) A Dy U DX — R R, 8 LSTM Al FCM
5 CNN BTG i D & R N2 A BB 1) 2% AR5 5 SR 2 W 7] 3, JF 3l f 5 CNINLLSTM #5270 % L 46
TE T H A

2 H A CNN-LSTM-FCM #8347 LR e #. D H BUE A9 AR T & R AE S0 28 M, 2)f
5 AL R 0 28 L R A Al . 3) i i A S B0 TR T2 K e R

BEALA A DL ) g R kcalh - D 2 EOM S 80k B BB E 40, % 2 2 W24 gk Bl a2 Wi s it .
2) o FH A% TR D i 0 B A B 2 DR R A IR A B I TR, i RSO 50 7 A (7] AL, ] Kb B GXCFP nan 28 A 4K
P A RRRFE . AT AR & 22 (H 7 50 Bk ok 55 5 2 e sk A [] A0, 74 552 36 35 96 1) 2 S0 B 7

)

e
[1]GuoL, Lei Y G, Xing S B, et al. Deep convolutional transfer learning network: a new method for intelligent fault

diagnosis of machines with unlabeled data[ J]. IEEE Transactions on Industrial Electronics, 2019, 66(9) . 7316-7325.



100 TR K FFHK % 43 %

[2] GaoDW, Zhu Y S, Wang X, et al. A fault diagnosis method of rolling bearing based on complex morlet CWT and CNN
[C/OL]. 2018 Prognostics and System Health Management Conference (PHM-Chongqing). Piscataway. NJ: IEEE, 2018
(2018-01-19)[2020-05-25]. https: // doi.org/10.1109/PHM-Chongqing.2018.00194

[ 3] Zhuang Z L, Qin W. Intelligent fault diagnosis of rolling bearing using one-dimensional multi-scale deep convolutional
neural network based health state classification[ C/OL]. 2018 IEEE 15th International Conference on Networking, Sensing
and Control (ICNSC). Piscataway, NJ: IEEE, 2018 (2018-05-21) [ 2020-05-25]. https: // doi. org/10. 1109/ICNSC.
2018.8361296

[ 4] Huang R Y, Liao Y X, Zhang S H, et al. Deep decoupling convolutional neural network for intelligent compound fault
diagnosis[ J]. IEEE Access, 2019, 7: 1848-1858.

L5120, BB, s, % BT3B R4 0 216 B8 5 5 MO 2 Wor s or e L0 ], dHa L 5 #5496, 2018, 26(1) .
18-21.

WU Kui, WANG Xianyong, SUN Jie, et al. Study of multi-sensor fault diagnose method based on convolutional neural
networks[ J]. Computer Measurement & Control, 2018, 26(1);: 18-21. (in Chinese)

[6]JLiPH, Zhang Z J. Xiong Q Y. et al. State-of-health estimation and remaining useful life prediction for the lithium-ion
battery based on a variant long short term memory neural network[]J]. Journal of Power Sources, 2020, 459: 228069.

[7] Gao L, LiDH, Li D, et al. An improved LSTM based sensor fault diagnosis strategy for the air-cooled chiller system[C/
OL7. 2019 Chinese Control Conference (CCC). Piscataway, NJ: IEEE, 2019(2019-10-17)[2020-05-25]. https: // doi.org/
10.23919/ChiCC.2019.8866339

[ 8] SunZ H, Zheng H Y, Shi B H. Faults prediction and diagnoses of shield machine based on LSTM[C/OL]J. 2019 Chinese
Control And Decision Conference (CCDC). Piscataway. NJ: IEEE. 2019(2019-09-12)[2020-05-25]. https: // doi.org/10.
1109/CCDC.2019.8832341

[ 9] Zhang Z Q. Zhou F N. Chen D M. Application of improved parallel LSTM in bearing fault diagnosis[ C/OLJ]. 2019
Chinese Automation Congress (CAC). Piscataway, NJ: IEEE, 2019(2020-04-13)[2020-05-25]. https: // doi.org/10.1109/
CAC48633.2019.8997417

[10]J FulJ, Sun C, Yu Z, et al. A hybrid CNN-LSTM model based actuator fault diagnosis for six-rotor UAVs[ C/OL]. 2019
Chinese Control And Decision Conference (CCDC). Piscataway, NJ: IEEE, 2019(2019-09-12)[2020-05-25 ]. https: // doi.
org/10.1109/CCDC.2019.8832706 2019.

[11] Tan Z L, Pan P S. Network fault prediction based on CNN-LSTM hybrid neural network[ C/OL]. 2019 International
Conference on Communications, Information System and Computer Engineering (CISCE). Piscataway, NJ: IEEE, 2019
(2019-08-22)[2020-05-25]. https: // doi.org/10.1109/CISCE.2019.00113

[12] Zheng L, Xue W H, Chen F, et al. A fault prediction of equipment based on CNN-LSTM network[ C/OL]. 2019 IEEE
International Conference on Energy Internet (ICED). Piscataway, NJ: IEEE, 2019 (2019-08-08) [2020-05-25]. https: //
doi.org/10.1109/ICEIL.2019.00101

[13] Gao Y. Gong P, Li L X. An end-to-end model based on CNN-LSTM for industrial fault diagnosis and prognosis[ C/OL].
2018 International Conference on Network Infrastructure and Digital Content (IC-NIDC). Piscataway, NJ: IEEE, 2018
(2018-11-08)[2020-05-257. https: / doi.org/10.1109/ICNIDC.2018.8525759

[14] Du W, Wang Y X. Stacked convolutional LSTM models for prognosis of bearing performance degradation[C/OLJ. 2019
Prognostics and System Health Management Conference (PHM-Qingdao). Piscataway. NJ:. IEEE, 2019 (2019-12-26)
[2020-05-257. https: // iceexplore.icee.org/document/8943063

[15] Qiao M Y. Yan S H. Tang X X. et al. Deep convolutional and LSTM recurrent neural networks for rolling bearing fault
diagnosis under strong noises and variable loads[J]. IEEE Access, 2020, 8: 66257-66269.

mE & dD



