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A Pedestrian Re-Identification Method in Complex Environments

TAN Zehuan, ZHU Wenqiu
( College of Computer, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of the flaw that pedestrian re-identification technology is characterized with a low recognition
rate due to feature occlusion in practical applications, a complex environment pedestrian defense occlusion re-
identification method has thus been proposed, which consists of two parts: global and local feature extraction. Firstly,
with ResNet-50 network as the backbone network, feature aware attention mechanism is used for a global feature
extraction to extract global features; subsequently, the method of feature segmentation space is used for the local feature
extraction in the local area; finally, feature fusion is performed through a multi-scale bidirectional pyramid network.
Experiments are to be conducted on commonly used pedestrian occlusion datasets such as Market-1501, etc. which
verifies the effectiveness of the proposed method and improves the effectiveness of pedestrian re-identification.
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Table 1 Performance comparison results based on the
Occluded-REID dataset %

method rank-1 rank-5 rank-10 mAP
IDE"" 52.6 68.7 76.6 46.4
pPCB™ 59.3 75.2 83.2 53.2
PCB+RPP"! 63.7 82.3 90.0 61.2
IPAM!™ 57.7 74.8 82.6 52.1
FGFA!"™! 57.1 77.9 84.0 56.2
OsNet!" 39.7 57.9 66.5 36.0
HACNN! 29.1 447 54.7 26.1
MLEN!"® 423 60.6 68.5 384
Ours 66.1 80.3 85.6 62.1
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Table 2 Performance comparison results based on the

Market-1501 dataset %

Method Market-1501
rank-1 mAP
GLAD"™ 88.9 73.9
PCB"™ 92.3 77.4
PCB+RPP" 93.3 80.9
IPAM" 92.5 81.1
GFA™ 91.2 76.8
CASN® 94.4 82.8
MHNPY 95.1 85.0
AT 95.3 86.5
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