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Overview of Person Re-identification for Complex Scenes

ZHANG Min', YU Zeng'? ,HAN Yun-xing’ and LI Tian-rui'*
1 Institute of Computer and Artificial Intelligence,Southwest Jiaotong University, Chengdu 611756 ,China
2 National Engineering Laboratory of Integrated Transportation Big Data Application Technology,Chengdu 611756 ,China

3 The Guidance Group of Tangshan Graduate School,Southwest Jiaotong University, Tangshan, Hebei 063000, China

Abstract Person re-identification(Re-ID) aims to study the matching of specific persons among multiple disjoint cameras. To the
best of our knowledge,it’s the first work that uses the types of challenges that the Re-ID technology needs to overcome in com-
plex scenes as the classification basis,and classifies the Re-ID articles published during 2010-2021 into seven categories: person
posture issues,occlusion issues,lighting issues,viewpoint issues, background issues,resolution issues and other open issues. This
classification method is convenient for researchers to start from actual needs and find corresponding solutions according to the
problems. Firstly.it reviews the research background. significance and research status of Re-ID,summarizes the current main-
stream Re-1D framework,counts the papers published in the three top conferences of computer vision,i. e. CVPR,ICCV and EC-
CV.and counts the Re-ID related projects in the national fund projects since 2013. Secondly, with regard to the seven types of
challenges faced in complex scenarios,the existing literatures are classified and analyzed in detail from the two aspects:the cause
of the problems and the solutions. The mainstream methods for dealing with various challenges are summarized and listed again.
Afterwards, we summarize the Re-ID methods with high generalization and list the difficulties of the current Re-ID research. Fi-
nally, the future development trend of Re-1D is discussed.

Keywords Person re-identification, Deep learning, Feature extraction, Metric learning, Computer vision
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Bl 7 Re-ID HHy#Lf 7 i
Fig. 7 Viewpoint issues in Re-1D
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MIAT NI R, 2019 4F Li Z 0748 1 T 38 XU AN W5 1 %4t
PE X 32 W 2% (Cross-resolution Adversarial Dual Network,
CAD-Net) , iZ F ikl % Hith 22 > S T R R ALK,
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Low-Rank Discriminant Dictionary
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Table 1  Generalized Re-ID methods

7 ik (% B BH WA EE oRZ
BiCov Representation[8+] J J
Spindle Netl34] J J
Learning Mid-level Filters[115] J

Diversity Regularized Distance Metric
Learning[82]

People Group Representation and A
Group Matching Algorithm(113]
Pose-Guided Feature Alignment[114]
Pose-guided Visible Part Matchingl[116]
A Mask Based Deep Ranking Neural
Network[117]

oLl L

Pose-aware Multi-shot Matching[23]
Approach Based on the Nonlinear Man-
ifold Embeddingl[118]

Filter Pairing Neural Network[70J

Pose Priors And Subject-Discriminative
FeaturesL72]

Histogram Plus Epitomel119]

Superpixel-Based Background Remo-
vall82)

L -

J

Unsupervised Salience Learningl120]
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