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Abstract: In practical engineering applications, rotating machinery typically operates under normal conditions, which can result in non-
ideal datasets with few or even partially missing fault samples. To address the low accuracy issue in deep learning diagnosis models
trained directly on non-ideal datasets, a fault diagnosis method that incorporates finite element simulation to facilitate transfer learning is
proposed. Firstly, vibration signals with different operating conditions and fault types are derived via numerical simulations.
Subsequently, a large number of cost-effective and high-fidelity simulation samples are employed to pre-train a diagnostic model, and the
authentic limited dataset or the hybrid dataset augmented by simulation samples is employed to fine-tune the pre-trained diagnostic
model. This approach aims to implement high-precision fault diagnosis and mitigate the reliance on actual or experimental fault data.
Finally, two bearing datasets are used to evaluate the effectiveness of the proposed method. Results show that the diagnostic model
constructed via the proposed method achieves an accuracy exceeding 95% with a sample size of one for each fault category. In addition,
in cases where the fault samples are limited and certain types of faults are missing, the accuracy is boosted by over 10% compared to the
approach of supplementing the simulation samples directly.
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Fig.3 Flow chart of the bearing fault diagnosis based on finite element simulation assisted transfer learning
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Fig.5 The vibration signals from FEM simulation and experimental measurement after normalization
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Fig. 6 Diagnosis results for different pre-trained model before

and after using the proposed method
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IRA AL 72.31 83.12 81.54 82. 89 83.57 82.71 81.47 78.22 80. 20
AT 99. 56 79.99 98. 48 95.56 93.63 88. 68 95.18 91.22 99. 47

1D-ResNet
REFEAIZ 78.57 69. 10 85.71 86. 11 72.52 78.21 83.51 78.78 83.20
KN WIS 80.23 81. 14 94.26 92.23 95.04 77.58 93.29 80. 76 93. 62

1D-DenseNet
TRAFEAIZ 75.31 72.14 79.19 84.23 85.75 68. 15 82.01 71.43 81. 14

3.2 XWEHEFEEIRW

1) LR R A

2 R 7 v S50 2 4 A Al R S 5 B A
T HbREER A | 56U AR BRAR RO 1 0 B TR sk i A
B S EE 1RSI 30 kHz, #%3# 1 080 r/min,
TN 2 kN, LIS YRR A5 5 301 AR, SR
B IEH AP | N PR 3 AR A i
SR A RS 44245 0.2.0. 3 F10. 6 mm,

2) IR R

S ARG K B TS R AL S 5 3.1 M
7], PR A R A7 A PR O S T A i B, bRk 5 4 ok S 1k
301 2, 7 PR TTAR UL il i BRIR S AN T W) 5 S
SO AR IR X S0 2 B A A I e A AR A /D[R] E, SR
53,01 AR SR I BT R, s SE e a5 A an 151 8 i
N, B TL R T D7 2
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The basic structure of the bearing test platform

Fig. 7
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Fig. 8 Diagnosis accuracy of different models under

less fault samples
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Fig.9 The confusion matrixes for different diagnostic models

before and after using the proposed method
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Table 4 Information of the missing fault sample

experiments
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Table 5 Diagnostic accuracy of missing fault samples %
N ) 1 JEBR AR 2 JB R HET R 3 B ETH R
LW Sy
Al A2 A3 Bl B2 B3 Cl 2 c3
KN iR 97.11 98.46 98.97 90. 74 95. 66 89.26 89.92 93. 89 94. 54
WDCNN
TRAFEAIZ 83.01 85. 65 85. 69 70.91 71. 16 68.92 70.93 71.42 70. 17
AT 97.04 96.28 85.77 93.41 92.21 85.27 92. 87 91.06 90. 31
1D-ResNet
REFEAIZ 85.71 85. 18 75. 44 71.14 70.18 68.79 65. 54 71.13 66. 38
AT 98. 82 85.09 96.95 96.31 84. 82 81.95 94,31 89.91 92.47
1D-DenseNet
TRAFEAIZ 85.71 79. 31 86. 69 71. 89 65.38 28.56 14.28 14.28 14.28
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Table 6 Dataset information under different

working conditions
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Fig. 10 Accuracy of transfer learning of different models
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