LRSI ISSN 1003-3254, CODEN CSAOBN
Computer Systems & Applications,2022,31(5):298-303 [doi: 10.15888/j.cnki.csa.008477]
O E RGBT TR .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

ET B IESUHmIT AEIR A

5K IHE I

(RS () HEURE S HOR 5, 75 266580)
B(E/E#: 5k, E-mail: s19070014@s.upc.edu.cn

M E: BT ANE RN LEST . BT el ZE SRR, R ECH A /1 5m FAT NFRIE S G E 2L A
SCAR S — AR 4RV RFIE SR At AT SO AOAT N BRI, 5, B2 ER R B Al A R AT A SRIUT A TR SR
B, BRI RFFEHE 75 FRk, SR GeM AR EXARRL BERHAIE ; 5, R 22 29 SO 245, Rl I8 AN [ 1R FE R AR AIE
FIAT N & 4. 423071975 Market1501 #1 DukeMTMC-RelID W A SE4E - 1 mAR#& A 4 HIiA 5 83.8% Fl 74.9%.
S 2 TR, AN SOy A Rk T T A R AR A, 3R T AT N SR B R B R

SEGRIA: AT AT IR AR RHE; 2 ET; GeM lbfk; HARRIE ; 1R )

5| %= %‘ﬁﬂ%i@.%%%)%ﬁﬁﬂ&i&ﬁ@ﬁ)\iiﬁ%ﬂ AFEHLARGRF,2022,31(5):298-303. http://www.c-s-a.org.cn/1003-3254/8477 html

v

Improved Person Re-identification Based on Global Feature

ZHANG Xiao-Han
(College of Computer Science and Technology, China University of Petroleum, Qingdao 266580, China)

Abstract: Person re-identification faces challenges such as posture change, occlusion interference, and illumination
difference, and thus it is very important to extract pedestrian features with strong discriminability. In this paper, an
improved person re-identification method based on global features is proposed. Firstly, a multi-receptive field fusion
module is designed to fully obtain pedestrian context information and improve the global featureidiscriminability.
Secondly, generalized mean (GeM) pooling is used to obtain fine-grained features. Finally, a multi-branch network is
constructed, and the features of different depths of the network are fused to predict the identity“E)f pedestrians. The mAP
indexes of this method on Market1501 and DukeMTMC-RelD are 83.8% and 74.9%, respectively. The experimental
results show that the proposed method can effectively improve ‘the model based on global features and raise the
recognition accuracy of person re-identification. |
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