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Improved generative adversarial network for pedestrian
re-identification in clothes
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(1. School of Physics and Electronic-Electrical Engineering , Ningxia University, Yinchuan 750021, China;
2. Ningzia Key Laboratory of Intelligent Sensing for Desert Information, Yinchuan 750021, China)

Abstract: In view of the significant intra-class differences between different cameras, and the change of
the clothes of some pedestrians, which leads to the degradation of recognition, an end-to-end combination
of generative adversarial network (GAN) data generation and person re-identification learning is proposed,
which makes up the federated learning framework. Firstly, on the basis of the DGNet network, the residual
block (ResBlock) in the generator and discriminator is replaced with DenseBlock, which strengthens feature
propagation and avoids the problem of gradient disappearance. Then, the generative module generates
high-quality synthetic images by switching appearance and structure encodings. Finally, a new normalization-
based attention module (NAM) is added to the discriminative module to suppress less salient weights and
pay more attention to the desired target regions. The images generated by the generation module are fed back

online to the identification module to identify the true and fake images, and the results are fed back to the

Y7 B 8 :2022-03-15; f&1T H 83 : 2022-03-25.
EETE [HRKARPAIES (No.61861037)

Supported by National Natural Science Foundation of China(No.61861037)
i {51 & A, E-mail : koalache@126.com



%10 M

K EH, 5 O AR ORI 4 B AT N R 1365

person re-identification module for classification and identification (the identification module and the
pedestrian re-identification module are shared). The rank-1/mAP on Market-1501 and DukeM TMC-reID
datasets reach 95.7%/88.6% and 87.1%/75. 7% , respectively.
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Fig.2 Generate network frame diagram. (a) Self genera-

tion network; (b) Mutual generation network.
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Fig. 10 A few failure cases
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Tab.2 Comparison of the algorithm in this paper with exist-

ing algorithms

Market1501 DukeM TMC-relD

Model Rank-1/% mAP/% Rank-1/% mAP/%
PTGAN! 87.7 68.9 78.5 56.9
PNGANH 89.4 72.6 73.6 53.2
FDGAN!! 90.5 77.4 80.0 64.5
DG-Net 94. 8 86.0 86. 6 74. 8
CSL+MGL™! 95,3 86.1 88.1 76. 4
PAGAN™I 94.1 85.2 84.7 74.2
AP-GAN 93.4 82. 2 84.3 70.5
TransReID™ 95,2 89.5 90. 7 82.6
Euct 93.7 79.7 88.3 76. 8
FGSAM®? 91.5 85. 4 85.9 74.1
HOReID™! 94. 2 85.1 86.9 75.6
MOPN™ 94.6 85.1 88.0 76. 2
PAFME 95.1 88. 2 90. 6 78.6
Ours 95.6 88.6 87.1 75.7
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Tab.3 Performance evaluation of different improvement

points
ENEESLI=S Market1501 DukeMTMC-relD
(1) (2) Rank-1/% mAP/% Rank-1/% mAP/%
X X 94.8 86.0 86. 6 74.8
X 95.0 87.6 86.9 75.3
N/ X 95.2 87.9 86.8 75.0
NN 95.6 88.6 87.1 75.7
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