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Identification
Wei Keming', Han Xingyu?, Wang Hui?, Fan Zizhu'-?
(1. School of Science, East China Jiaotong University, Nanchang 330013, China; 2. Key Laboratory of Advanced Control and Optimization of Jiangxi
Province, East China Jiaotong University, Nanchang 330013, China)
Abstract: In recent years, visible-infrared person re-identification has attracted the attention of many scholars, and its
goal is to match person images with the same identity from images of different modalities. Due to the huge difference
between visible images and infrared images, visible-infrared person re-identification is a very challenging image retrieval
problem. Existing research focuses on mitigating modal differences by designing network structures to extract shared
features or generate intermediate modalities, which are susceptible to areas other than person. In order to solve such
problems, focus on person information, and further reduce the difference between the two modes, a network structure of
dual attention mechanism is proposed for visible-infrared person re-identification, on the one hand, through the dual
attention mechanism to mine person spatial information of different scales and enhance the channel interaction ability of
local features. On the other hand, the use of global branches and local branches, learn multi-granular feature information,
so that different granular information can complement each other to form a more discriminating feature. Experimental
results on two public datasets show that the proposed method has a significant improvement compared with the baseline,
and shows ideal performance on both the RegDB dataset and the SYSU-MMO1 dataset.
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= 1 7f RegDB HUB&E FSMBMGFEIEXLE(%)
Tab.1 Comparison with existing methods on the RegDB dataset (%)

Visible to infrared Infrared to visible
Method Venue Rank1 Rankl0  Rank20 mAP mINP Rank1 Rank10  Rank20 mAP mINP
Zero-Pad?! ICCV17 17.75 34.21 44.35 18.90 - 16.63 34.68 44.25 17.82 -
HCML®! AAATII8 24.44 47.53 56.78 20.08 - 21.70 45.02 55.58 22.24 -
HSME! AAAIL9 50.85 73.36 81.66 47.00 - 50.15 72.40 81.07 46.16 -
AlignGanl!'] ICCV19 57.9 - - 53.6 - 56.30 - - 53.40 -
X-Modall!3! AAAI20 62.21 83.13 91.72 60.18 - - - - - -
DDAGP! ECCV20 69.34 86.19 91.49 63.46 49.24 68.06 85.15 90.31 61.80 48.62
AGWP4 TPAMI21 70.05 86.21 91.55 66.37 50.19 70.49 87.21 91.84 65.90 51.24
MCLNet!] ICCV21 80.31 79.83 - 73.43 69.49 -
CAJUel ICCV21 85.03 95.49 97.54 79.14 65.33 84.75 95.33 97.51 77.82 61.56
MPANet!'4 CVPR21 83.7 - - 80.9 - 82.8 - - 80.7 -
CLMCI? TNNLS21 91.84 97.86 98.98 81.42 - 91.12 97.86 98.69 81.06 -
MMNI27] ACM MM21 91.60 97.70 98.90 84.10 - 87.50 96.00 98.10 80.50 -
MID!28] AAAI22 87.45 95.73 - 84.85 - 84.29 93.44 - 81.41 -
SPOT!?] TIP22 80.35 93.48 96.44 72.46 56.19 79.37 92.79 96.01 72.26 56.06
MSCLNet3! ECCV22 84.17 - - 80.99 - 83.86 - - 78.31 -
MAUMB! CVPR22 87.87 - - 85.09 - 86.95 - - 84.34
Ours - 95.22 98.54 99.17 87.70 74.48 93.67 98.35 98.83 86.43 71.68
® 2 SYSU-MMO1 BiiEEE E SHATEERTEL(%)
Tab.2 Comparison with existing methods on the SYSU-MMO01 dataset (%)
All search- Indoor search
Method Venue Rankl Rank10  Rank20 mAP mINP Rankl Rankl0  Rank20 mAP mINP
Zero-Pad"’] ICCV17 14.80 54.12 71.33 15.95 - 20.58 68.38 85.79 26.92 -
HCMLL®! AAAII8 14.32 53.16 69.17 16.16 - 24.52 73.25 86.73 30.08 -
HSME?3 AAAII9 20.68 32.74 77.95 23.12 - - - - - -
AlignGanl'] ICCV19 424 85.00 93.70 40.7 - 459 87.60 94.40 543 -
X-Modall'3l AAAI20 49.9 89.8 96.0 50.7 - - - -
DDAGP! ECCV20 54.75 90.39 95.81 53.02 39.62 61.02 94.06 98.41 67.98 62.61
AGWRA4 TPAMI21 47.50 84.39 92.14 47.65 35.30 54.17 91.14 95.98 62.97 59.23
MCLNet!>! ICCV21 65.40 93.33 97.14 61.98 - 72.56 96.88 99.20 76.58 -
CAJbel ICCV21 69.88 95.71 98.46 66.89 53.61 76.26 97.88 99.49 80.37 76.69
MPANet!'4 CVPR21 70.58 96.21 98.80 68.24 - 76.74 98.21 99.57 80.95 -
CLMCPl TNNLS21 64.37 93.90 97.53 63.43 - 67.35 98.10 99.77 74.02 -
MMNE7] ACMMM21 7061 96.2 99.0 66.9 - 76.2 97.2 993 79.6 -
MIDI28] AAAI22 60.27 92.90 - 59.40 - 64.86 96.12 - 70.12 -
SPOTI TIP22 65.34 92.73 97.04 62.25 48.86 69.42 96.22 99.12 74.63 70.48
CMTRBO ECCV22 71.88 96.45 98.87 68.57 - 76.9 97.68 99.64 79.91 -
MAUMB! CVPR22 71.68 - - 68.79 - 76.97 - - 81.94 -
Ours - 74.18 96.58 99.20 70.04 56.97 79.69 98.12 99.73 83.08 79.65
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Tab. 3 The impact of each component on model performance

RegDB

Method visible to infrared

Rank1 mAP mINP
Base 87.72 79.14 64.09
Base + MCA 90.49 81.27 66.15
Base + PCA 90.44 82.34 68.16
Base + P 93.35 84.86 70.23
Base + MCA + PCA 92.28 82.40 67.10
Base + P+ MCA 94.37 85.92 72.81
Base + P+ PCA 94.03 85.96 72.33
Base + P+ MCA + PCA 95.22 87.70 74.48
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Fig. 5 Effects divided into different levels
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Tab. 4 The impact of predictions by different features

RegDB

Method visible to infrared

Rankl1 mAP mINP

Global 95.22 87.70 74.48

Local 94.39 87.09 74.78

Global + Local 94.73 87.51 7445
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