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Abstract: Aiming at the issue of inadequate expression of person features and noise labels generated in
the training process in unsupervised person re-identification, we proposed a multi-label learning
unsupervised person re-identification method based on feature refinement. Firstly, to improve the
network’s ability to use key area information, a multi-scale channel attention module (MCAM) was
designed. We embedded it into different layers of ResNet50 to construct a feature refinement network.
This network was used to srengthen and focus the information on the channel dimension of the input image
to obtain richer feature descriptions. Secondly, to reduce the detrimental effects of noise labels produced
during network training, we designed a multi-label learning module (MILLM). Positive label prediction was
performed through this module to generate reliable pseudo-labels. Finally, unsupervised learning was

carried out by using multi-label classification loss combined with contrast loss. We conducted experiments
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on Market-1501 and DukeMTMC-relD datasets. The results show that the Rank-1 hit rate is 92. 9% and
83.9%, while the mean average precision reaches 82. 8% and 70. 9% . respectively. This method uses the

attention mechanism to enhance the feature information of the image and reduces the noise label by positive

label prediction. It effectively improves the accuracy of unsupervised person re-identification and provides a

more robust method for unsupervised person re-identification fields.
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