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Infrared diagnosis of rolling bearing faults based on
WGAN-GP and CNN-SVM
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Abstract: In practical engineering applications, the short duration of rolling bearing fault states leads to imbalanced
datasets ,making it difficult to use deep learning algorithms for fault diagnosis. In this paper,a n infrared diagnosis
method for rolling bearing faults based on the combination of the Wasserstein distance-based gradient penalty genera-
tive adversarial network ( WGAN-GP) and a support vector machine-based convolutional neural network ( CNN-SVM)
is proposed. The imbalanced dataset is constructed from infrared thermal images,and WGAN-GP is used to augment
the imbalanced data to achieve dataset balance, after which the CNN-SVM model is then applied to the dataset to ex-
tract deep features and complete fault classification. The experimental results show that the model combining WGAN-
GP with CNN-SVM performs well under imbalanced datasets, with better fault diagnosis capability compared to other
models, and reduces the time spent in the fault classification stage by more than 16. 89%.
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Fig. | Fault diagnosis process
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Fig. 2 Network structure of Generators and Discriminators
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Fig. 3 Rolling bearing fault test bench
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Tab. 1 Basic information of bearing
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Tab. 2 Configuration parameters of the thermal camera
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Fig. 4 Bearing failure condition
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Tab. 3Nine types of dataset information

K e oAty I ZRFE A R AR AR
0 CD 100 25
1 BD 100 25
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8 0UL.5 100 25
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Fig. 5 Comparison between real samples and generated samples
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Tab. 4 Time consumption of fault diagnosis models

MR T q;’éﬁffj‘ Eﬁ@f Eéf ﬁﬁ%ﬁ
WGAN-GP + CNN-SVM 1098. 74 92. 88 1191. 62
WGAN-GP + CNN 1098. 74 383 1481. 74
WGAN-GP + SVM 1098. 74 111.76 1210. 5
WGAN-GP + PLS-DA 1098. 74 1619. 59 2718. 33
WGAN-GP + ELM 1098. 74 3.96 1102.7
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