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JE 4% By 3R patch i£ & 5 AU BE 3 N 2] Transformer M 4 F , 3 By 3% & SE4F 1242 B 3R AT R 3R AL . &
J& AR & By 5 By AT B AR RR A 52 ILAF AR 1) 094 B AR R B AR R A AR A . D BB A Softmax
B Z U K T B AA AL R % A ISk £ Market1501 #= DukeM TMC-relD # X £ i 3 4% % F 37 1%
M iX , Rank-1 45 47 4~ % 3% 8] 97.5% 4= 93.5%, -F ¥ 45 & ¥ {14 (mean Average precision, mAP) 4 5| i& |
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Person Re-identification Method Based on Improved Transformer Encoder and

Feature Fusion

ZHAO Qian, XUE Chaochen, ZHAO Yan
(School of Electronics and Information Engineering, Shanghai University of Electric Power College, Shanghai 201306, China)

Abstract: In order to solve the problem of low accuracy of Transformer encoder caused by the loss of
person image blocks information and insufficient expression of person local features in person re-
identification, an improved Transformer encoder and feature fusion algorithm for person re-identification is
proposed. This algorithm uses relative position encoding to solve the problem that Transformer will lose
the relative position information of person image blocks during attention operation so that the network can
focus on the semantic feature information of person image blocks, thus enhancing the ability to extract
pedestrian features. Secondly, the local patch attention module is embedded into the Transformer network
to weighted strengthen the local key feature information and highlight the significant features of the person
area. Finally, the fusion of global and local information features is used to achieve complementary
advantages between features and improve the recognition ability of the model. In the training stage,

Softmax and triple loss functions are used to jointly optimize the network. The proposed algorithm is

HEEWME : FE A AR IE4 (61802250),
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experimentally compared and analyzed on the mainstream datasets of Market1501 and DukeM TMC-relD.
The Rank-1 accuracy reaches 97.5% and 93.5% respectively, and the mean average precision (mAP)
reaches 92.3% and 83.1% respectively. The experimental results show that the improved Transformer
encoder and feature fusion algorithm can effectively improve the accuracy of person re-identification.

Key words: computer image processing; person re-identification; local attention; relative position coding;

feature fusion; Transformer
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R4 T EBEBRFE Market-1501 71 DukeMTMC-relD £ 35 £ FH R SCIE XT B
Table 4 Ablation comparison of different modules on Market-1501 and DukeMTMC-reID datasets o
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