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in angle and resolution between different camera devices, and pedestrians have
both rigid and flexible ¢ ics, and their appearance is easily affected by wearing, posture, obstruction, and
perspective. Based is paper conducts in-depth research on pedestrian recognition from the aspects of
Generative adversarial netWork and attitude characteristics, and proposes a gesture exchangeable pedestrian recognition
framework (PSG-Net). This framework encodes each pedestrian in the sample as pose code and visual code, generate
high-quality pose synthesis images by switching pose codes. The experimental results on Market-1501, DukeMTMC
relD, and CUHKO3 datasets show that the proposed method has achieved recognition performance improvement, with
ranking first (rank-1) results reaching 95.1% on Market-1501 dataset, which is superior to most advanced methods.
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Fig. 1 Pose-switched image generation model
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Comparison of baseline and booster on Market1501 and
DukeMTMC-relD datasets

Market-1501 DukeMTMC-relD
Jitk
rank-1/% mAP/% | rank-1/%  mAP/%
Baseline 89. 6 74.5 82.0 65.3
Baseline+ B, 90. 9 76. 2 84.7 67.9
Baseline+B, 92.7 79.9 85.6 68. 6
Baseline+B, +B, 95.1 85. 4 87.3 75.2
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Tab. 2 Comparison of baseline and booster on CUHKO03 dataset

CUHKO03
Jiik
rank-1/% mAP/%
Baseline 22.2 21.0
Baseline+ B, 28.1 27.0
Baseline+B, 37.8 36. 5
Baseline+B,+B, 47.1 45.0
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Tab. 3 Comparison of the proposed method with the state-of-the-art
technology on Market1501 and DukeMTMC-relD datasets

. Market-1501 DukeMTMC-relD

itk rank-1/%  mAP/% | rank-1/%  mAP/%
Bow+kissme 44. 4 20.8 25.1 12.1
SVDNet 82.3 62.1 76.7 56. 8
HA-CNN 91.2 75.7 80. 5 63.8
APR 84.3 64.7 70.7 51.2
MLEN 90. 0 74.3 81.0 62.8
PAN 82.8 63. 4 71.6 51.5
Verif-Identif 79.5 59.9 68.9 49.3
Mancs 93.1 82. 3 84.9 71.8
Part-aligned 91.7 79. 6 84. 4 69. 3
PCB 93.8 81. 6 83.3 69.2
Pose-Transfer(D, Tri) 87.7 68.9 78.5 56.9
DG-Net 94. 8 86.0 86. 6 74.8
ALIT% 95.1 85. 4 87.3 75.2
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Tab. 4 Comparison of the proposed method with the
state-of-the-art technology on CUHKO03 '

CUHKO03
Jiid
rank-1/%
BoW-XQDA 7.9
LOMO+XQDA 14. 8 \ '13. 6
PAN 36. 35.0
DPFL 40. 5
SVDNet 37.8
Pose-Transfer(R, Tri) 42.0
AXLTTiE 47.1 45.0
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Fig. 2 The impact of the parameter Non the performance of
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