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Domain generalization person re-identification based on attention
mechanism

YU Ming, LI Xue-bo, GUO Ying-chun'
(School of Artificial Intelligence, Hebei University of Technology, Tianjin 300400, China)

Abstract: Domain generalization person re-identification models can be trained in the source dataset and tested in the
target dataset, which has wide practical application significance. The existing domain generalization models tend to focus
on solving the problem of illumination and color change, and ignoring the effective utilization of detailed information,
which leads to the low recognition rate. In this paper, a domain generalized person re-identification model is proposed,
which is based on the attention mechanism. Firstly, the model extracts multi-scale features with different visual fields
through the design of the bottleneck layer superimposed on the convolutional layer, and a feature fusion attention module
is used to perform dynamic fusion of multi-scale features and assign weights. Then the semantic information of refinement
features is mined by the multilevel attention module. Finally, the feature containing rich semantic information is input to the
discriminator for person re-identification. In addition, a style regularization module is designed to reduce the influence of
image light and shade changes on model generalization ability. Abundant comparison and ablation experiments conducted
on market-1501 and DukeMTMC-relD datasets demonstrate the effectiveness of the proposed method.

Keywords: attention mechanism; multi-scale; person re-identification; style nomalization; domain generalization;
bottleneck layer
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R1 R5 RI10 R20 mAP
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MFEM + SNM + Attention 594 76.8 825 869 282
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% 3%. LA DukeMTMC-reid #0455 25 N VIl 25 42, Market-
MFEM + SNM 46.6 62.1 675 725 262 0 NI \

* 1501 $4 4 i B2, 2 SC A T 59.4 % ) Rank-1
MFEM + Attention 46.7 625 689 733 270 ‘{,E‘E% % u& 282 E{] mAP, u Market-1501 i&ﬁ%y\j_‘u”
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source R1 R5 R10 mAP source R1 R5 R10 mAP
MMEFA 3! arXiv'18 M+D(U) 453 59.8 66.3 24.7 D+M(U) 56.7 75.0 81.8 27.4
SPGAN 8] CVPR’18 M+D@U) 464 623  68.0 26.2 D+M@U) 577 7538 82.4 26.7
TJ-AIDL U CVPR’18 M+D(U) 443 59.6 65.0 23.0 D+M(U) 58.2 74.8 81.1 26.5
ATNet 7! CVPR’19 M+D(U) 45.1 59.5 64.2 24.9 D+M(U) 55.7 73.2 79.4 25.6
CamStyle 1! TIP’19 M+DU) 484 625 689 25.1 D+M@U) 588 782 843 27.4
HHL 7 ECCV’18 M+D(U) 46.9 61.0 66.7 27.2 D+M(U) 62.2 78.8 84.0 31.4
ECN B33 CVPR’19 M+D(U) 63.3 75.8 80.4 40.4 D+M(U) 75.1 87.6 91.6 43.0
Jia 2521 arXiv'19 M 39.2 — — 21.5 D 52.5 — — 24.6
OSNet 3% ICCV’19 M 485 623 674 26.7 D 577 7137 80.0 26.1
Wang %1221 ACMMM’20 M 34.6 - - 18.1 D 449 - - 19.0
Luo 25 ECCV’20 M 300 449 509 15.0 D 48.9 65.1 71.8 19.8
Ny K7 Proposed M 499 646 695 28.4 D 594 768 82.5 282

VE: My Market-1501, D 4 DukeMTMC-reid, U N R4 FH 4T A B 4.
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49.9 % ) Rank-1 #E A % LA K 28.4 (1) mAP. F A& L
SER MR 3 PR, XL gh R U, prg S T
K2 BN W30z AT N PR 5 3%, S5 A8 H H b8
P AR A S IR 3 1 3 I ARk DA B A 22 A B0 B2 1 5
sz A BVEM L, B —E 4 ).
4 & ®

ASCHEH T — PR A R AL Rz AT A
PR Gl It 22 ROBERFIE SR AL RHERl GV = )
i, 2 2R IR LL I RS I Ak AR R, i3k
— PP 1 AT N U ) HE R 2. 7E Market-
1501 Fl DukeMTMC-reid | 3 47 52 56, S0 45 FL 46 1E
TR T VR I R 5 SR Rt KUK 1E U AR
B, bt KUK 1E AR R 8 T 451 2K bR B, i3k — 2D 3 i
BT o 7 ik iz A e R .
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