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Abstract: To solve the problem of misalignment and mismatch in occluded person Re-ID, SGAN (semantic guided atten-
tion network) was proposed. In SGAN, the semantic masks of pedestrians were used as supervision to learn the global
and local features through the attention modules, and the training process was dynamically adjusted according to the visi-
bility of local regions. In the inference stage, the part-to-part matching strategy was adopted to adaptively measure visible
features based on the feature visibility, which was obtained based on the learned masks from the attention modules. Expe-
rimental results show that the average accuracy of SGAN on the holistic datasets is better than most advanced models.
Additionally, it is tolerant of occlusions and largely outperforms existing person Re-ID methods on two larger-scale com-
plex occlusion datasets (Occluded-DukeMTMC and P-DukeMTMC-relD).
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5k Rank-1 mAP Rank-1 ~ mAP
BoW-+kissme!® 44.4% 20.8% 251%  122%
SVDNe'*" 82.3% 62.1% 76.7%  56.8%
PANL! 82.8% 63.4% 71.7%  51.5%
PARPY 81% 63.4% — —
DSR!™! 83.5% 64.2% — —
MultiLoss™ " 83.9% 64.4% — —
TripletLoss> 84.9% 69.1% — —
Adver occluded®®! 86.5% 78.3% 791%  62.1%
APRM 87% 66.9% 73.9%  55.6%
MultiScale!*’! 88.9% 73.1% 792%  60.6%
MLEN!*! 90% 74.3% 81% 62.8%
PCB!™! 92.4% 77.3% 81.9%  653%
PGFA!'” 91.2% 76.8% 82.6%  65.5%
vpMZ! 93% 80.8% 83.6%  72.6%
SGAMP®! 91.4% 77.6% 83.5%  67.3%
SGAN 93.3% 82.3% 855%  71.6%

%5 Occluded-DukeMTMC #iEEE HiE NG| SR LR

ik Rank-1 Rank-5 Rank-1 mAP
B 54.1% 70.1% 77.2% 43.1%
G 55.9% 72.4% 79.3% 45.9%
L 56.6% 71.7% 76.2% 42.4%
G+L 58.0% 72.2% 78.7% 45.4%
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5k Rank-1 Rank-3 Rank-5 mAP
C+A 56.6% 73.6% 78.3% 44.7%
wxC+A 56.8% 72.6% 78.1% 43.6%
wx(C+A) 58.0% 72.2% 78.7% 45.4%
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