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Person re-identification method based on GAN uniting with spatial-temporal pattern

QIU Yaoru, SUN Weijun', HUANG Yonghui, TANG Yuqi, ZHANG Haochuan, WU Junpeng
(School of Automation, Guangdong University of Technology, Guangzhou Guangdong 510006, China)

Abstract: Tracking of the person crossing the cameras is a technica @hge for smart city and intelligent security.
And person re-identification is the most important technology for crgs§-camera person tracking. Due to the domain bias,
applying person re-identification algorithms for cross-scenari jcation leads to the dramatic accuracy reduction. To
address this challenge, a method based on Generative v% al Network (GAN) Uniting with Spatial-Temporal pattern
(STUGAN) was proposed. First, training samples o &rg scenario generated by the GAN were introduced to enhance
the stability of the recognition model. Second, t io-temporal features were used to construct the spatio-temporal pattern
of the target scenario, so as to screen low-‘$ﬂbility matching samples. Finally, the recognition model and the spatio-
temporal pattern were combined to realize the person re-identification task. On classic datasets of this field named Market-
1501 and DukeMTMC-relD, the proposed method was compared with BoW (Bag-of-Words) , PUL (Progressive
Unsupervised Learning) , UMDL (Unsupervised Multi-task Dictionary Learning) and other advanced unsupervised
algorithms. The experimental results show that the proposed method achieves 66.4%, 78.9% and 84. 7% recognition
accuracy for rank-1, rank-5 and rank-10 indicators on the Market-1501 dataset respectively, which are 5.7, 5.0 and 4. 4
percentage points higher than the best results of the comparison algorithm, respectively; and the mean Average Precision
(mAP) higher than the comparison algorithms except Similarity Preserving cycle-consistent Generative Adversarial
Network (SPGAN).

Key words: person tracking; person re-identification; cross-scenario application; Generative Adversarial Network

(GAN); spatial-temporal pattern
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Fig. 2 Framework of algorithm
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Tab. 3 Algorithm performance comparison results on Market-1501 and

DukeMTMC-relD datasets unit: %
Btk Bk rank-1  rank-5 rank-10 mAP
BoW 35.8 52.4 60. 3 14.8
PUL 45.5 60.7 66.7 20.5
CAMEL 54.5 — — 26.3
Market-1501 UMDL 34.5 52.6 59.6 20.5
SPGAN 57.0  73.9 80.3 27.1
TFusion 60.7 73.7 79.3 18.0
STUGAN 66. 4 78.9 84.7 21.5
BoW 17. 1 28.8 34.9 8.3
PUL 18.5 31. 4 37.6 7.3
Q UMDL 30.0 43.4 48.7 16.4
DukeMIED ooy 1 s 0 223
TFusion 50.9 63.7 67.3 19.5
STUGAN 53.5 69.0 74.0 20.0

4 LhiE
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AR X547 N AU ST B 7 57 107 FH It BRLGA e 5
MR B ) R, 418 b — T 5 A JOR BT I 26 36 ) 2 AL Yy
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i B PRI A 3R S ARG, T A T P 2 AL IR A7 T 5 22 1)
RAFEAS PRy ] — A7 A, T B 23 A 5 LS A 25 46
TR —RE W 22 o el #5103 SR A I 1R145 3 26
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