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Abstract To solve the difficulty in obtaining annotated pedestrian images in the field of pedestrian re-
identification research, a novel data augmentation method guided by multi-factor is proposed in this paper. Firstly,
a local multi-scale guidance mechanism is designed in the generator network. It can suppress the local artifacts in
generated images through feature fusion. Secondly, a long-distance correlation guidance mechanism is proposed to
improve the overall visual quality of the generated pedestrian image by guiding the long-distance dependence of
the generated image with external attention. Lastly, an adversarial discrimination network is designed and embed
into original generative adversarial networks. The three network stability architecture model increases the stability
of generative adversarial network training. The experiment are validated on the VIPeR, Market-1501 and
DukeMTMC-relD benchmark datasets. The results demonstrate our method outperforms the state-of-the-art with
the mAP and rank-1 scores, especially in small-scale datasets.

Key words person re-identification; generative adversial network; data augmentation; local multi-scale;
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DeformGAN®” — — 80.6 61.3 — —
PTGAN® 62.1 49.5 87.7 75.9 71.6 46.6
AD-Cluster"” — — 90.3 80.9 75.6 48.9
FFGAN"" — — 89.4 77.6 76.2 52.0
UnityGAN"Y 65.3 48.6 91.3 78.3 74.3 49.7
PG2™ 64.3 452 89.4 75.7 72.2 50.6
VariGAN® 66.2 47.7 89.3 78.8 72.2 51.3
DGNet"" — — 91.7 84.0 77.2 52.3
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GAN' + SA 446 — — — 593 363
ot WGAN™+ SA 49.6 316 78.6 63.7 63.1 39.0
CycleGAN'" + SA 50.1 323 793 68.5 63.5 400
DualGAN™ + SA 487 302 79.6 693 61.0 39.6
— DAT® — — 85.7 74.6 732 73.6
GLFA®! — — 86.6 75.8 742 74.6
GAN +LCG 503 — 72.6 59.4 62.7 383
N WGAN + LCG 56.2 382 80.6 70.8 66.3 417
CycleGAN'™) + LCG 56.6 395 83.9 73.9 673 4338
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