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Fig. 1 Domain adaptation diagram
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Table 1 Residual block parameters
A IS
B 2EP
Convl Conv2

Block1x2 Conv(3,3,1,16) Conv(3,3,1,32)
Block2x2 Conv(3,3,1,32) Conv(3,3,1,64)
Block3x2 Conv(3.,3,1,64) Conv(3,3,1,128)
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Fig.3 Multidimensional feature extraction module
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Fig.4 Sub-domain fault diagnosis model
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Table 2 Dataset settings

[ Rf/em PIER =6y MR R
E# 200 150
2.54 150 100
Tk 5.08 150 100
7.62 150 100
2.54 150 100
A Pl 5.08 150 100
7.62 100 50
2.54 100 50
SR 5.08 100 50
7.62 100 50

TEAN TR T AR, 2 S BdR sh Bl 43 i A~ —
o NI UEAR SOy 0 ARG M, N TR [ B
BTN o AR SR % £ 3K Bl o SR 4R 1 Sl R g5 s, It
124 E®1E % . A-B, A—C, A-D, BoA, B—C,
B—D, C—A, C—B, C—D, D—A, D-B, D—C., 4
X TG W B 2 2 B R AT 55, N A Sl i 28 1 05 B 4
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Table 3 Diagnostic accuracy of different methods
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T A
A—>B A-C A-D B—A B-C B-D C—»A C-B C-D D—-A D-B D-C
JDA®" 713 685 702 668 699 736 704 726 712 69.1 685 736 70.5
LeNet-5 821 839 797 815 803 844 803 81 819 776 814 832 81.5
D-CORAL®™ 984 968 89 965 973 956 913 972 987 876 936 957 94.8
DaNN® 970 975 944 965 982 986 952 976  98.1 89.1 962 972 96.3
ES'@iRrS 99.4 98.8 99.1 99.3 98.5 99.8 98.2 99.1 99.5 98.4 99.7 99.3 99.1
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Fig. 7 Confusion matrix of two loss functions
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Table 4 Details of different working conditions

s e/ (r-min ™) I/ (N-m) FEm /N
0 1500 0.7 1000
1 900 0.7 1000
1500 0.1 1000
3 1500 0.7 400
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BRI R | 14 SR I 2 A7 i X 6 450 R il e ) i K
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Table S Target domain data codes
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Fig. 9 Accuracy comparison of different methods
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Bearing fault diagnosis in variable working conditions based on
domain adaptation

CAO Jie"”*, YIN Haonan', LEI Xiaogang', WANG Jinhua" >

(1. College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China;
2. Key Laboratory of Gansu Advanced Control of Industrial Processes, Lanzhou 730050, China;

3. Gansu Manufacturing Information Engineering Research Center, Lanzhou 730050, China)

Abstract: This research develops a domain adaptive fault diagnosis method based on an enhanced residual
network (ResNet) to address the issues that the distribution of training samples and test samples differs in bearing fault
diagnosis and the imbalance of different fault data results in a low fault recognition rate.First, the multi-dimensional
convolution structure is used for feature extraction in the first layer of the diagnosis network to obtain fault feature
information of different dimensions.Then, the local maximum mean difference (LMMD) is used in the domain
adaptation layer to align the distribution of the source and target domains, to obtain more fine-grained information.
Finally, the class-balanced loss (CBLoss) function is used to solve the training problem of unbalanced data, and the
Adam optimization network is used to achieve fault diagnosis. The experimental findings demonstrate that, even in
cases when fault sample categories are unbalanced, the enhanced approach suggested in this work can produce better
diagnosis outcomes. Experiments are carried out on two bearing datasets and collected wind turbine data. The results
show that the improved method has certain advantages, and its diagnostic performance is better than other deep
transfer learning methods in the case of imbalanced data samples. It can be used as an effective cross-condition failure
analysis method.

Keywords: fault diagnosis; residual network; data imbalance; local maximum mean difference; class-balanced

loss; bearings
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