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Pedestrian re-identification method based on local feature fusion
TU Yuanyuan, HE Song, YAO Shaohua
(School of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] With the advent of the intelligent era and the full coverage of social intelligent monitoring equipment, pedestrian re—
recognition has become a very challenging research topic. The core of pedestrian re—recognition is to design a deep learning network
to extract strong discriminant features from the image. Aiming at the importance of local features, this paper proposes a pedestrian re
—recognition model based on local feature fusion. A convolution block is connected to two independent branches, which are
respectively connected to the local feature extraction module and the batch feature erasure module. Finally, the features are fused
with the global feature extraction branch to obtain the characteristics of high fine granularity, and the joint loss function is used to
train the network. The effectiveness of the proposed method is verified on marketl501 dataset, with mAP of 84.12% and rank — 1 of

95.06%.
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Fig. 1 Network model diagram
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Tab. 1 Performance comparison of different modules on Market—
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Tab. 3 Comparison of methods on market—1501 dataset

VIRV mAP/ % Rank - 1/ %
Tri—Net 69.14 84.92
PCB 77.4 92.3
PCB+RPB 81.6 93.8
BEF 85.0 94.4
DG—Net 86.0 94.8
RSB 84.12 95.06
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Fig. 2 Image retrieval results
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