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Tab. 4 Test results at rotational speed 1 792 r/min

o Ryy/dB

Model -10 -5 0 5 10 iﬁi
CSRP-CNN 632 983 100.0 100.0 100.0 100.0
MobileNetV3 144 337 823 975  99.0 99.4
ShuffleNetV2  22.1 567 832 935  99.0 100.0
ResNetl8 272 689 966 99.6 100.0 100.0
ResNet34  27.1 673 974 995 100.0 100.0
BR-VGGNet 384 932  99.6 100.0 100.0 100.0

R5 HiE1772 r/min THIKIEEE R
Tab.5 Test results at rotational speed 1 772 r/min

wm Rey/dB
Model -10 -5 0 5 10 %ﬂ%?‘

No noise

CSRP-CNN 63.7 98.1 100.0 100.0 100.0 100.0
MobileNetV3  13.2  31.0 83.1 96.5 99.8 99.6
ShuffleNetV2 227  46.8 86.0 94.8 98.4 99.5
ResNet18 259 732 97.9 99.4 99.9 100.0
ResNet34 279 73.1 97.3 99.6 100.0 100.0
BR-VGGNet 474 94.0 99.9 100.0 100.0 100.0

#6 HiE1750 r/min FHIRIG &R
Tab. 6 Test results at rotational speed 1 750 r/min

- Ryy,/dB
Model -10 -5 0 5 10 T

No noise
CSRP-CNN ~ 70.5 98.6 100.0 100.0 100.0 100.0
MobileNetV3 — 14.4 444 847 997 100.0 100.0
ShuffleNetV2  24.1 502 865 973  99.4 99.9
ResNetl8 267 80.1 995 100.0 100.0 100.0
ResNet34 297 817 988 100.0 100.0 100.0
BR-VGGNet 384 932  99.6 100.0 100.0 100.0
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#, CSRP-CNN 5 R X6 £ 2 1) J7 B € AH L HAh X F
BT IR AR F R RO 4T

R7 #1730 r/min THIRIELER
Tab.7 Test results at rotational speed 1 730 r/min

o Ryy/dB

Model -10 -5 0 5 10 iﬁi
CSRP-CNN 699 993 100.0 100.0 100.0 100.0
MobileNetV3 134 382 982 100.0 100.0 100.0
ShuffleNetV2 240 57.6 907  96.1  99.9 100.0
ResNetl8  28.6 87.6  99.7 100.0 100.0 100.0
ResNet34  27.6 862  99.8 100.0 100.0 100.0
BR-VGGNet  57.0 98.1 100.0 100.0 100.0 100.0
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Tab. 8 Results of noise test for MFS-MG data set

il Ryyy/dB

Model 2 0 ) 4 6 3

CSRP-CNN 82.2 88.2 90.2 922 93.6 95.6
MobileNetV3 64.8 66.8 70.4 74.0 74.4 79.0
ShuffleNetV2 46.0 49.2 53.2 54.0 54.8 59.6

ResNet18 65.0 69.8 72.4 76.6 79.6 81.8
ResNet34 61.2 68.0 71.4 772 79.4 79.6

BR-VGGNet 79.2 86.2 88.2 91.0 92.6 94.0
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Tab.9 Comparison of the parameters of the models used in the test

A Model CSRP-CNN MobileNetV3 ShuffleNetV2 ResNet18 ResNet34 BR-VGGNet
JST Size/MB 7.6 16.83 1.49 44.69 85.12 37.15
ZHR Parameter/MB 1.92 4.21 0.37 11.20 22.3 9.29
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Reconstruction  Convolution,
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Fig. 10 Confusion matrix of MFS-MG data set (R =8 dB)
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Tab. 10 Ablation test
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SCConv ’ ’ Fig. 11 ROC curves (Rg,=-2 dB)
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Fig. 12 Comparison diagram of model accuracy (R =-2 dB)
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Fault diagnosis of rolling bearing based on channel and spatial

reconstruction networks

ZHOU Tao YAO Dechen YANG Jianwei
(School of Mechanical-Electronic and Vehicle Engineering, Beijing University of Civil Engineering and

Architecture, Beijing 102616, China)

Abstract: Since the fault vibration data collected in the real engineering may be accompanied by noise, traditional
diagnostic models are difficult to identify fault categories. To address this problem, a rolling bearing fault diagnosis research
method based on channel and spatial reconstruction and progressive convolutional neural networks (CSRP-CNN) was proposed.
The model utilized channel and spatial reconstruction convolution (CSConv) to reduce the redundant information of channels
and space in fault features, and reduced the complexity and computation to improve the performance; using the convolutional
block attention module (CBAM), attention enhancement operation was carried out in the channel and spatial dimensions to make
the model pay attention to the important fault feature information; and the progressive convolutional network structure was used
in the shallow layer of the network, which would fuse the previous fault feature information with the current input to obtain the
richer feature information. The performance of CSRP-CNN was evaluated by two different datasets of Case Western Reserve
University (CWRU) and machinery fault simulator magnum (MFS-MG). After the noise and ablation tests, it is verified that
CSRP-CNN has strong robustness and the effects of CSConv, CBAM and progressive convolutional neural network (PCNN) on
the model noise immunity performance.

Key words: Fault diagnosis; Channel and spatial reconstruction convolution; Progressive convolutional neural network;
Robustness
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