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Improved semi-supervised fault diagnosis of rolling
bearings with mask autoencoder
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Abstract: To address the problems of different data distribution of rolling bearings under different speed conditions and low fault
diagnosis accuracy caused by insufficient label samples in practical engineering applications, the domain adaptation modules are
integrated into masked autoencoders (MAE). An improved masked autoencoders (IMAE) method for semi-supervised fault diagnosis of
rolling bearings is proposed. Firstly, the two-dimensional time-frequency graph of the response signal is obtained by applying continuous
wavelet transform (CWT) to the vibration signal of the rolling bearing. Then, the mask of the time-frequency graph is randomly masked
and the mask autoencoder is pre-trained with unlabeled samples to obtain the complex intrinsic features of the data. The reliance on
labeled samples is reduced. Secondly, the domain adaptation module is introduced into the pre-trained encoder, and a small amount of
labeled source domain data are used to fine-tune the IMAE, and the maximum mean difference is minimized in Hilbert space to reduce
the data distribution difference between the source domain and the target domain caused by different rotational speeds. Finally, the semi-
supervised fault diagnosis of rolling bearing is realized under the Softmax classification layer. Through the experimental evaluation of the
rolling bearing data set, the detection accuracy of the proposed method is more than 94% , which proves the feasibility and effectiveness
of the proposed method.
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Fig. 1 Improved mask autoencoder network structure
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Fig.2 Mask autoencoder network structure
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Fig.3 Schematic diagram of mask
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Table 1 Rolling bearing data set
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Table 3 Classification accuracy at the same speed
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Table 4 Classification accuracy of different speeds %

*ﬂ: SR I
B A—>B A—C BoC BoA CoA CoB FHy
DBN  65.35 59.21 58.63 57.42 58.63 60.26 59.92
ResNet  55.75 53.50 69.00 51.75 49.75 68.00 57.96
CNN+SVM 60.25 56.45 62.35 51.25 54.65 63.50 58.08
o MAE  88.75 87.00 86.75 84.00 81.25 85.75 85.58
DDC  62.50 57.25 63.00 50.75 57.75 63.75 59.20
DAN  67.50 62.51 67.75 63.25 53.50 73.00 64.59
SSPCL  86.00 82.75 96.75 82.25 62.00 81.00 81.79
A 92.75 97.00 96.75 94.00 91.25 95.75 94.58
DBN  67.25 60.14 59.63 58.75 60.14 62.50 61.40
ResNet  57.00 68.50 74.50 50.75 57.25 73.25 63.54
CNN+SVM 62.45 58.35 64.10 53.75 58.62 70.20 61.23
o MAE  85.25 86.75 88.25 86.00 82.50 88.00 86.13
DDC  64.50 57.75 63.75 60.50 60.00 64.75 61.88
DAN  72.50 58.75 74.25 65.75 54.25 75.25 66.79
SSPCL  87.25 83.00 97.00 83.50 65.25 83.50 83.25
B 95.25 96.75 98.25 96.00 92.50 98.00 96. 13
DBN  68.15 61.79 62.15 59.85 61.2 63.71 62.81
ResNet  58.75 59.25 74.25 51.75 74.75 55.5 62.38
CNN+SVM 66.15 59.45 65.23 58.65 58.23 71.25 63.16
s MAE  87.00 86.75 90.75 87.00 92.75 93.70 89.66
DDC  66.75 58.75 67.25 61.25 59.00 66.50 63.25
DAN  74.50 64.50 78.00 68.50 58.50 82.75 71.13
SSPCL  91.25 91.00 97.50 91.50 66.25 85.75 87.21
FRRFTEE 97.00 97.00 100.00 93.95 96.75 98.70 97.23
DBN  70.21 62.14 63.74 60.78 62.10 64.75 63.95
ResNet  62.50 58.50 80.5 62.75 74.75 56.00 65.83
CNN+SVM 67.25 60.85 65.74 60.52 59.08 73.50 64.49
204 MAE ~ 90.25 91.75 92.35 89.25 93.00 93.75 91.73
DDC  67.00 60.50 65.50 63.25 59.75 79.75 65.96
DAN  80.50 73.25 88.50 81.75 52.75 90.00 77.79
SSPCL  90.50 92.30 97.60 90.78 68.00 87.00 87.69
FriR771: 98.25 97.75 100.00 94.00 98.50 99.25 97.96
DBN  70.58 63.32 65.86 61.75 62.78 66.12 65.07
ResNet  66.75 64.00 86.00 65.00 77.75 77.25 72.79
CNN+SVM 69.85 60.45 70.25 60.88 61.45 75.36 66.37
04 MAE ~ 91.75 93.00 94.50 90.25 93.00 93.65 92.69
DDC  70.50 62.25 76.25 70.75 62.75 81.00 70.58
DAN  85.75 75.25 92.25 83.00 63.00 92.50 81.96
SSPCL  91.00 93.50 97.40 92.75 69.50 87.25 88.56
FEEEE . 99.25 99.00 100.00 97.00 98.75 100.00 99. 00
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