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Person Re—identification Algorithm Based on Res2Net—Transformer for
Multi—Scale Feature Fusion
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(School of Computer Science and Engineering , Guilin University of Technology, Guilin 541006, China)

Abstract: To accurately recognize pedestrian images

, a person re—identification algorithm based on Res2Net-Transformer for multi-scale

feature fusion is proposed. This method consists of a global feature extraction module, a deep aggregation module, and a feature alignment

module. In the global feature extraction module, the Res2Net module is introduced into the ResNet50 network, enabling the network to extract

more fine—grained features. The multi-scale deep aggregation module achieves the recursive aggregation of multi—scale features. The feature

alignment module is used to mitigate the recognition impact caused by feature misalignment. Comparison with existing methods, this method

approach demonstrates better robustness on Market1501 , DukeMTMC-relD and MSMT17 dataset, it yields superior results in pedestrian re—

identification.
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Fig. 1 Overall network architecture
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Fig.2 Res2Net module
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Method Market1501 DukeMTMC-relD
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crhocs mAP Rank-1 mAP Rank-1
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OSNet'* 84.9 94.8 735 88.6
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ABD-Net''”/ 88.3 95.6 78.6 89.0
SCSN!'®) 88.5 95.7 79.0 91.0
DGNet'2! 86.0 94.8 74.8 86.6
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Table 3 Comparison results of different methods on MSMT17
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Table 4 Comparison of ablation experiment results on Market1501
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