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Fine-grained feature enhancement unsupervised
person re-identification method based on ViT
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Abstract: Person re-identification can be regarded as a form of fine-grained visual classification task. Existing unsupervised person Re-
ID methods typically focus solely on global features of human bodies, failing to capture accurate fine-grained local features, thereby
hindering the recognition accuracy of the models. To address this issue, we propose a ViT-based fine-grained feature enhancement
network. This network leverages a vision-language model to generate masks for local regions of human bodies in images. Subsequently,
based on the distinct interaction strategies between learnable tokens and image patches within the self-attention mechanism, the class
token and introduced learnable local tokens are utilized to learn global and local fine-grained feature representations, respectively.
Furthermore, to further enhance feature representation capabilities, a spatial information enhancement module is designed. This module
augments feature learning by mining spatial contextual relationships among representative image patches within local regions of human
bodies. Finally, utilizing the extracted global and local fine-grained features, online and offline camera-aware contrastive losses are
computed separately to bolster the model’ s robustness to person identities in an unsupervised environment. Experimental results on the
Market-1501, MSMT17, and PersonX datasets validate the effectiveness of the proposed method, achieving mAP/Rank-1 accuracies of
90.3%/95.9% , 59.2%/83. 5%, and 91.3%/96. 1%, respectively.
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Fig. 1 The overall framework of our method
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Table 1 The comparison between our method and the latest methods
. Market-1501 PersonX MSMT17
Jrik mAP/ % Rank-1/% mAP/ % Rank-1/% mAP/ % Rank-1/%
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SpCLL! NeurIPS’ 20 76.7 90.3 78.5 91.1 26.8 53.7
Isobe et all 2] ICCV’ 21 83. 4 94.2 - - 36.3 66. 6
DARC!? AAAT’ 22 85. 1 94. 1 - - 35.2 64.5
CDRL!?! 1CCV’ 23 84.7 93.8 - - 40.3 70.0
PAT!! TST’ 23 86.3 94.2 - - 45.3 70. 1
Unsupervised learning( USL)
HCT!H CVPR’20 56. 4 80.0 - - - -
SpCLM! NeurIPS’ 20 73.1 88. 1 72.3 88. 1 42.3 72.3
cApL3l AAAI’ 21 79.2 91.4 - - 36.9 67.4
ccl?l Arxiv’ 21 82. 1 92.3 84.7 94. 4 27.6 56.0
IcE! ICCV’ 21 82.3 93.8 - - 38.9 70.2
TransReID-SSL! '’ Arxiv’ 21 89. 6 95.3 - - 50. 6 75.0
MCRN 32! AAAT’ 22 80. 8 92.5 - - 31.2 63.6
02CAP Arxiv’ 22 82.7 92.5 - - 42.4 72.0
TransCL* IJCNN’ 22 82.9 93.0 89.2 95. 4 41.3 68.6
GRACL! TCSVT’ 22 83.7 93.2 87.9 95.3 34.6 64.0
PPLR! CVPR’22 84. 4 94.3 - - 42.2 73.3
SPLT!! ICSP’ 22 89.8 95.1 - - 42.4 67.1
STDA3! TITS’ 23 82.7 93.1 - - 31.8 62.6
pcert TCSVT’ * 23 86.3 94. 4 87.6 95.0 41.8 68.7
TMGF!™] WACVW’ 23 89.5 95.5 - - 58.2 83.3
IDCL! TOMM’ 24 89.9 95.4 90.3 95.8 55.0 80. 4
AL - 90.3 95.9 91.3 96. 1 59.2 83.5
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Fig. 6 Global and local attention modules for attention visualization on the Market-1501 dataset
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