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A Rolling Bearing Quantitative Diagnosis Method based on DFCNN
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(1. College of Power and Energy Engineering, Harbin Engineering University, Harbin, China,Post Code ;150001 ; 2. College of

Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin, China,Post Code;150001)

Abstract; Taking rolling bearing as the research object, this paper designed feature fusion units such as
depth separable module, backbone network of residual network, pyramid pooling structure , path aggrega-
tion structure, and established a deep feature convolutional neural network ( DFCNN). The effectiveness
of the stochastic gradient descent method for network parameter optimization was analyzed, the relation-
ship between number of transmission of dataset and model accuracy was discussed,and the fault tests un-
der different sample sizes and different noise environments were carried out. The results show that the pro-
posed DFCNN model can effectively identify the damage location and degree of rolling bearing, and the
diagnosis accuracy is more than 99.5% ; it has low requirements for sample size and excellent anti-noise
ability. When the signal-to-noise ratio is greater than - 4, the diagnostic accuracy is greater than
98.86% .
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Fig. 3 Schematic diagram of residual unit
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Tab. 1 Dataset description of DFCNN model
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Tab. 2 Structure parameters of DFCNN model
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Tab. 3 Fault diagnosis results under variable load
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Fig. 10 Vibration data of rolling element fault degree 2
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Tab. 4 Confusion matrix table

0 1 2 3 4 5 6 7 8
0 400 0 0 0 0 0 0 0 0
1 1 398 0 0 1 0 0 0 0
2 0 0 400 0 0 0 0 0 0
3 0 0 0 400 0 0 0 0 0
4 0 0 0 0 400 0 0 0 0
5 0 0 0 0 0 399 0 0 1
6 0 1 0 0 0 0 399 0 0
7 0 0 0 0 0 0 0 400 0
8 0 0 0 0 0 0 0 0 400
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Fig. 11 Variation of DFCNN model recognition

rate with sample size
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