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Fault diagnosis of rolling bearing under different working conditions
using adaptation regularization based transfer learning
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Abstract: Aiming at the complex distribution difference caused by two domains under different working conditions, an adaptation
regularization based transfer learning method for rolling bearing fault diagnosis under different working conditions is proposed. Firstly,
the training base classifier predicts the pseudo label for the target domain, and the joint distribution is used to align two domain
distributions to reduce the distribution difference. Secondly, the target domain data are further utilized through the manifold
regularization to mine the potential distribution geometry of the data and learn the target domain data distribution information. Finally,
the classifier is established under the framework of structural risk minimization combined with the above two-step learning principle. The
optimal coefficient matrix is obtained by iteratively updating pseudo labels to complete the fault diagnosis of rolling bearing under different
working conditions. The experimental validation is implemented on two rolling bearing datasets. Results show that the identification
accuracy values of the proposed method are 96.38% and 94. 18% , respectively. It shows that the method can effectively deal with the
complex distribution differences caused by multiple working conditions, and has good effectiveness and feasibility.
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Fig.2 The feature visualization effect diagram of single and

multi-domain
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Table 1 Comparison results of different algorithms in single domain %
Tk A—B B—A B—C C—B A—C C—A  FHHE1  A-A B—B C—C P2
ATy Ik 92.25 90. 50 99.75 93.75 100. 00 92.00 94.70 100. 00 99. 50 100. 00 99. 83
ATL 89.50 89. 00 94.75 90. 00 91.76 88.75 90. 62 100. 00 100. 00 100. 00 100. 00
DBN 71.00 74. 00 84.75 87.50 69. 50 71. 50 76.37 67.50 90. 25 98.25 85.33
TCA 76. 50 68. 00 91.75 85. 00 85.25 72.50 79. 83 82.50 83. 00 96. 50 87.25
JDA 91.00 88. 00 93.25 92.25 99. 50 87.75 91.95 100. 00 99.25 100. 00 99.75
BDA 94. 00 81.50 96. 50 91. 25 99.75 90. 00 92.17 100. 00 99. 00 99.75 99. 58
JGSA 92.25 85.50 93.00 89.50 99. 50 91.25 91.83 100. 00 99.75 100. 00 99.91
®2 ZEHAREEILLER
Table 2 Comparison results of different algorithms in multiple domains %
Tk A—BC B—AC C—AB AB—BC BC—AC A—ABC B—ABC C—ABC SEME
ARICTTIS: 98. 88 95.13 91.50 99. 88 95. 25 99.17 96. 67 94. 58 96. 38
ATL 92.50 92.00 89. 38 100. 00 96. 00 94. 50 94. 67 92.75 93.97
DBN 48. 88 53.00 50. 37 49. 62 37.63 51.33 52.58 49.75 49. 14
TCA 77. 63 72.38 80.25 92.13 81.38 87.00 82.42 84.92 82.26
JDA 89. 00 80. 13 87.38 97.62 88.25 89.75 88.92 90. 67 88.96
BDA 96. 00 85. 88 86. 38 96. 25 86. 88 92.67 92.17 90. 50 90. 84
JGSA 87.75 85.62 85.50 97. 00 95.63 93.58 90. 08 80. 83 89.49
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Table 3 Data information of three different life stages

b B TR (3) kg B1T R
T1 4 1. 44x10’
T2 5 1.44x10’
T3 6 1.44x10’

4.1 SKIEHEHE

KAERTIE AT /39 1) D T8 1 000 r/min;2) E
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96 kg Tk T A IMNAEAEAE . 2R rT A, B gy il
SIVR sl AR 1 75 iy B BT B2 B %3k F] 94. 18% , BDA
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