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Abstract

The current data-driven fault diagnosis methods rely on well-labeled training dataset, however
those datasets in practical engineering activities require lots of resources. In this way, a semi su-
pervised fault diagnosis method based on class-aware contrastive learning is proposed to com-
prehensively apply a small number of labeled samples and a large number of unlabeled samples
for training, reducing the need for labeled samples in model training. Firstly, based on the maxi-
mum probability prediction value of the model, unlabeled samples are dynamically assigned pseudo
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labels to participate in model training, and confidence screening is combined to reduce the nega-
tive impact caused by noisy labels in the pseudo labels. At the same time, consistency regulariza-
tion is introduced to enhance the model’s feature expression ability for pseudo label samples and
construct a more complete decision boundary. Subsequently, a class-aware contrastive learning
module is designed to ensure intra class consistency and inter class contrast among various fault
samples in the feature space, achieving enhanced discriminative ability. The experimental results
confirm that this method can maintain great fault diagnosis performance with few labels.
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Figure 1. The framework for the proposed method
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Figure 2. The ways of data augmentation
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