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A fault diagnosis method of belt conveyor
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(1.School of Electrical and Power Engineering, China University of Mining and Technology,
Xuzhou 221116, China; 2.Jiangsu Province Laboratory of Mining Electric and Automation,
China University of Mining and Technology, Xuzhou 221116, China)

Abstract: Aiming at problems of insufficient fault state sample data and low accuracy in fault diagnosis
of belt conveyor by traditional shallow neural network, a fault diagnosis method of belt conveyor based on
synthetic minority oversampling technique (SMOTE) and deep belief network (DBN) was proposed. Fault
state sample data of belt conveyor is generated by SMOTE to overcome imbalance distribution of the
sample data. The sample data is input into DBN, fault features in the data are extracted by means of
unsupervised layer-by-layer training, and fault diagnosis ability is optimized by means of supervised fine-
tuning to achieve accurate fault diagnosis of belt conveyor. The simulation results show that the method
improves fault diagnosis accuracy of belt conveyor.
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Fig.1 Process of generating new sample by SMOTE
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Fig. 3 Fault diagnosis flow of belt conveyor based on
SMOTE and DBN
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Table 1 State characteristics quantity under different belt conveyor working conditions
FRAE EH I Wil itk it # KR AL Bl AL
oL B ML %/ kW 316.53 281. 46 318.50 334, 44 458. 44 324. 68 0
L B L IR B/ °C 34.9 34.3 33.3 33.6 55.1 34.3 20. 3
Mk U/ (m e s™ %) 4.3 4.3 3.1 4.4 2.8 4.2 0
1) R 1 I BE /°C 55.97 94. 38 57.35 58.70 75.05 56. 26 41.97
i 32670 W A% 1/ cm 0 0 52 23 0 0 0
JH 55 W B/ (mg « m™ %) 0.14 0.13 0.13 0.14 0.14 0.51 0.13
B ek 4 /kN 20. 4 18.1 22.5 22.9 22.3 20.0 20.3
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Table 2 Sample data distribution of belt conveyor
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Fig. 4 Curves of mean square error and fault diagnosis

accuracy vary with iterations
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Fig. 5 Curve of fault diagnosis accuracy varies
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Table 3 Accuracy comparison %

LA Il 25 45 Al R W84 o A R
GRNN 89.42 82.31
ELM 92.11 89. 23
PNN 99. 23 92. 31
DBN 98. 11 100. 00
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