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Pseudo-label optimization method based on feature similarity
in unsupervised person re—identification

MA Junlei, HAN Hua, HUANG Li, WANG Chunyuan

( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Unsupervised person re —identification (Re—-ID) aims to solve the problem of matching individuals across different
camera views, particularly in identifying and matching the same individual in image sequences captured by different cameras.
Typically, pseudo-labels generated based on clustering tend to contain noise. This can easily lead to the extraction of incorrect or
redundant features during image recognition, resulting in overfitting. To overcome this issue, this paper leverages cross—consistency
scores and contrastive loss to identify the similarity between local and global features, which are then used to optimize pseudo-—
labels, thereby reducing overfitting. A pseudo—label optimization framework based on feature similarity is proposed. This framework
first extracts local and global features, then generates pseudo—labels through clustering. Cross—consistency scores are calculated to
obtain high—quality local features, and contrastive loss is used to obtain complementary information between good local features and
the corresponding global features. The complementary information obtained using cross—consistency scores and contrastive loss is
then used to optimize pseudo—labels, enhancing the model ‘s performance. Extensive experimental results on the Market— 1501
dataset demonstrate that the proposed method outperforms state—of—the—art techniques, proving its effectiveness.
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Fig. 1 Pseudo-label optimization framework
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Fig. 2 CMC curve on Market — 1501 ( Unsupervised methods

without any labels)
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