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Fault Diagnosis Method for Small Sample Bearing

Based on Transfer Learning
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Abstract: Aiming at the problem of training sample shortage in practice, an improved transfer
learning network is proposed which transfers the fault diagnosis knowledge learned by the model
in source domain to target domain, and is used in small sample bearing fault diagnosis. The
global average pooling layer is used instead of the fully connected layer in the convolutional neural
network to reduce training network parameters. The fine-tuning transfer learning method is
adopted to train the network with sufficient source domain samples, which avoids over-fitting
caused by insufficient data. After transferring the network structure and parameters to the target
domain, the deeper network parameters are fine-tuned to make the network adapt to the data
distribution of the target domain samples. The fault diagnosis experiments are carried out on Case
Western Reserve University bearing data set and the laboratory bearing data set. The results
show that the transfer learning network enables to achieve a classification accuracy of 92.25%
taking only 1% target domain training samples, in the case of cross-working conditions and cross-
bearing types. This proposed method completes the transfer learning classification taking small

samples, and provides a reference for research and application of transfer learning theory in
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bearing fault diagnosis.
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Fig. 1 Schematic diagram of transfer learning principle
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Table 1 Comparison of network parameters before and after
improvement
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Fig. 4 Schematic diagram of improved convolutional neural

network structure based on global mean pooling layer
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Fig. 5 Schematic diagram of the proposed transfer learning

|
I |

- - -
<= <= <I=!
|

|

|

|

IR
IR
iR

method

3 RIS W S 3 Uk e o A

3.1 BIRIBHEISH LI

LT PG i A A R BHE 4 2 B T R 2 B bR
HERIR 2 Wi s 22— . AR FEH
F85 HHL R AR SRS R A AR T g A
TR e A A L Il 7R SRy 3K Bl v K L LS R
SKF6205 flizk , SEi RN AN 12 kHz, i H1H K
e e iy Ty ARl A BT B e, 2SR

Gy VR SR 05 AN R 5 5 N R A L A 4 Fib
T FOIRAS . BlR TR L R i fF B0k 2.

TE AN [ 1 B ol R B 28, A 4 AHORS TR) TR0 1Y
TR R A AR B B T A RS S A 25
AFEABEE L3t 400 A4 IETIUE S 958 1 A4S
9@@@@@%um¢ﬁ¢ﬁ—¢ﬁ¢wwwﬁﬁ
Zﬁi%mmAﬁo@%¢iﬁ%$%&Lﬁ%
22 KA AT /INFE A TR 5 T 0 i K B 12
G,

A2 PRI AR K F R B R MRS B
Table 2 Case Western Reserve University Bearing Data Set

Failure Information
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Table 3 Fault classification results of two convolutional

networks taking small samples
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Table 4 Fault classification results of cross-condition transfer learning method taking small samples
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Table 5 Bearing data set failure information
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Table 6 Fault classification results of two convolutional

networks with small samples
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Table 7 Cross-condition and cross-type transfer learning

fault classification results with small samples
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Fig. 7 Classification confusion matrix of laboratory data set
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