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Person re-identification of GAN network hybrid coding
YANG Qi"?, CHE Jin'?" , ZHANG Liang"?, ZHANG Yu-xia'’

(1. School of Physics and Electronic-Electrical Engineering ,
Ningxia University, Yinchuan 750021, China ;
2. Ningzxia Key Laboratory of Intelligent Sensing for Desert Information,
Ningxia University, Yinchuan 750021, China)

Abstract: Due to the obvious intra-class differences caused by camera perspective, many researchers
begin to use GAN to expand data to maintain intra-class invariance. Nevertheless, the images genera-
ted by existing GAN have some defects such as blurred image and unreal background. To solve the
above existing problems, a person re-identification algorithm that uses mixed coding of posture and
appearance features is proposed in this paper. In the training phase, the image of the person is decom-
posed into posture features and appearance features, and the generated network can generate high-
quality images by switching the appearance feature and posture feature and then mixing the features in
the two images. The discriminant network feeds back the appearance characteristics of the generated
image to the appearance coder of the generated network to achieve joint optimization, and uses multi-

loss joint to further improve the quality of the generated image. In the testing phase, the network
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model is tested using the original data set. The rank-1/mAP on the Market-1501 and DukeMTMC-
relD data sets can reach 93.4%/82.2% and 84.3%/70.5% respectively.

Key words: person re-identification; deep learning; GAN network; appearance features; attitude fea-

tures
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Tab.1 Details of the dataset

Dataset 1D Train ID Test ID Bbox Bbox/ID Cam
Market1501 1501 751 750 32 668 21.8 6
DukeMTMC-relD 1 404 702 702 36 411 25.9 8
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Tab.2 Influence of different loss functions on the model
Market1501 DukeMTMC-RelD
Model
Rank-1/% mAP/ % Rank-1/% mAP/ %

L'+L? 93.0 79.9 83.9 69.7

L'+ L*+L* 93.8 83.1 84.5 71.3
L'+L*+L" 93.4 82.2 84.2 70.5
L'+L*+L*+L" 94.1 84.6 84.9 72.1

DL S ok AR G B8 Bl 2k m 33k . i & v
() S 5 KA AT LR M SR T 22 25 R AR RN A A Ry
(e B O B S N A 2 = A7 R =g ¢
Market1501 05 4 I A9 32 B &0 IR B F , Rank-1
L1 PCB 35 R K 0.4 % . {3 mAP B ¥k RE 40 &5
T PCB 8 3% 0. 6% ; 7E DukeMTMC-RelID %{ #iz

£ ) Rank-1 XA Kk F Part-aligned. Mancs 5
BB — A A 4 A mAP B PGB AR T
Manes 545 . £5 B NR A SCHE Y 9 35025 72 R
O TEREAE AR L R IMAOCR 84T, Rank-1, mAP
flhifatrte th T A M Ko Fm Ak, /T LUE
t BT B R I B

RIXNHEENFEEHITIER

Tab.3 Comparison of the algorithm in this paper with existing algorithms

Market1501 DukeMTMC-RelD
Model
Rank-1/% mAP/ % Rank-1/% mAP/%

IDE[ 24 ] 72.52 46.0 67.7 47.1
LOMO+XQDA[1] 72.58 51.96 30.75 17.04

DCF[25] 80.3 57.5 — —

SSM [26]] 82.2 68.8 — —
SVDNet[ 27] 82.3 62.1 76.7 56.8
PAN[ 28] 82.8 63.4 71.59 51.51
DPFL[29] 88.9 73.1 79.2 60.0
MLFN[30] 90.0 74.3 81.0 62.8
HA-CNN[31] 91.2 75.7 80.5 63.8
Part-aligned[ 32]] 91.7 79.6 84.4 69.3
Mancs[ 33] 93.1 82.3 84.9 71.8
PCB[ 34 ] 93.8 81.6 83.3 69.2

DeformGAN[35] 80.6 61.3 — —
LSRO[4] 84.0 66.1 67.7 47.1
Multi-pseudo[ 6] 85.8 67.5 76.8 58.6
PT[8] 87.7 68.9 78.5 56.9
PN-GAN[9] 89.4 72.6 73.6 53.2
FD-GAN[10] 90.5 77.7 80.0 64.5
Ours 93.4 82.2 84.3 70.5
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