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An Image Classification Method Based on Hybrid Sampling
Strategy and Fixmatch

BAI Gang-xu', YANG Hai—feng', CAI Jiang—hui'>, WANG Yu-peng'
(1. School of Computer Science and Technology , Taiyuan University of Science and Technology,
Taiyuan 030024, China;
2. North University of China,Taiyuan 030051 ,China)

Abstract;RUC is an image classification method proposed to improve clustering performance, but its cooperative training is only
applicable to two-view data sets. Moreover, the influence of the similarity between the data on the pseudo-label sampling strategy was
not taken into account. In addition,the Mixmatch used simply carried out k£ sub—random enhancement to find the mean value without con-
sidering the relationship between strong enhancement and weak enhancement. To solve these problems, we propose an HFC
( classification method based on Hybrid sampling strategy and Fixmatch). Firstly,a pseudo-label sampling strategy with confidence and
distance is designed,and the two strategies are combined to improve the probability of filtering to the correct label. Secondly,the Tri—
training is used instead of Co-—training, that is,the third classifier is guided by two classifiers for training,so that the model is no longer
limited by the two-view dataset. Finally ,we replace the random Mixmatch augmentation in RUC with the Fixmatch data augmentation
method to highlight the combined effect of strong enhancement and weak enhancement. Experiments with HFC on CIFAR-10,CIFAR-
100 and STL-10 datasets have obtained good results, which verify the effectiveness of the proposed method.
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