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Abstract: The accurate fault diagnosis of mechanical and electrical equipment under the condition of limited label
samples is of great significance for improving the health management ability of complex mechanical and electrical
equipment. In response to the problem of difficulty in establishing accurate fault diagnosis models under the condi-
tion of limited label samples, the attention module is introduced into the generative adversarial network based on
semi-supervised generative adversarial network, in which the Gramian angular field (GAF) is used to convert one-
dimensional data into two-dimensional images. In combination with the characteristics of bidirectional generative ad-
versarial network, a semi-supervised bidirectional generative adversarial network (S-BiGAN) based on dual atten-
tion mechanism for fault diagnosis of electromechanical equipment is proposed, and the bearing data is taken as an
example for verification. The results show that, compared with algorithms such as CNN-SVM and SGAN, the
proposed model can improve the quality of sample generation and fault classification features, effectively solve the
fault diagnosis problem in the case of fewer label samples, and greatly improve the accuracy of fault diagnosis.
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Table 1 Experimental data description

HhREREA/ RN

W G 5 AR T A e e 25 7 b B .
0 i 27/134 69
1 M 445 0. 007 in 27/134 69
2 P55 0. 014 in 27/134 69
3 15 0. 021 in 27/134 69
4 RBP4 0. 007 in 27/134 69
5 BRI 0. 014 in 27/134 69
6 EEIARRI 0. 021 in 27/134 69
7 HME 5 0. 007 in 27/134 69
8 SMEH 0. 014 in 27/134 69
9 AN 0. 021 in 27/134 69
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Fig.7 Transformed vibration data image
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Table 2 Generator network structure
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Dense 100 262 144
Reshape 262 144 128 X128 X16

ConvZDTranspose 128 X128 X116 256 X256 X 16 5 2 RelLU

Conv2DTranspose 256 X256 X 16 512X512X1 3 2 Tanh
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Table 3 Encoder network structure
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Conv2D 512X512X1 103X103X16 3 5 Leaky RelLU

ConvzD 103X103X16 21X21X32 3 5 Leaky ReLU

Dense 14 112 100
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Table 4 Discriminator Network Structure
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Leaky RelLU
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Dense 262 144 1 Sigmoid
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Fig. 8 S-BiGAN training loss
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Table 5 Comparison of diagnostic accuracy
among 5 algorithms
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Fig. 9 Fault classification confusion matrix
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Table 6 Fault diagnosis results under different label ratios

LW 7
el (VN S3VM SGAN SBIGAN ﬁf?_;?&
/4 75.31 8741 93.34  95.01 97.21
/5 7267 85.11 9224  94.13 96. 32
1/6  68.34 83.59 90.08  93.25 95.12
1/7  61.83  80.46 86.05  90.37 93.03
1/8 5562 7451 8§l.21  86.78 90.51
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