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A Survey of Person Re-identification Based on Deep Learning

Zhu Fan,Wang Hongyuan,Zhang Ji
(School of Information Science and Engineering, Changzhou University , Changzhou 213164, China)

Abstract : Due to changes in perspectives, backgrounds, lighting conditions ,and mutual occlusion, person re-identification is
still a challenging issue. In recent years,many researchers have introduced deep learning methods into person re-identifica-
tion research and obtained better re-identification results. This paper introduces the main research methods of person
re-identification based on deep learning (local feature learning, distance metric learning, video sequence learning, and
generation of confrontation networks ) ,and introduces commonly used person re-identification data sets for deep learning
(DukeMTMC-relD,CUHKO3, and Market1501) and their existing problems. At the same time, it puts forward their own
understanding and viewpoints on person re-identification,and finally points out possible future research directions.
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Fig. 6 Video-based re-identification system
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Table 1 Common used Re-ID datasets

G/ S P 1] T NE HABLEL I 4 UiE IR
VIPeR 2007 632 2 1264 Hand
GRID 2009 1 025 8 1 275 Hand
CAVIAR4RelD 2011 72 2 1220 Hand
3DPeS 2011 192 8 1011 Hand
PRID2011 2011 934 2 24 541 Hand
CUHKO1 2012 971 2 3 884 Hand
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