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Attention Guided by Human Keypoint for Infrared-Visible Person
Re-Identification
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(1. School of Electronic and Information Engineering, Changchun University of Science and Technology,
Changchun 130022, China;
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Abstract: Person Re-Identification is the task of retrieving a specified target from multiple data sources. The difference
between infrared (IR) and visible light (VIS) images is large, and cross-modal retrieval of visible light and infrared im-
ages is one of the main challenges. In order to have the same retrieval ability even in low light or at night, the judgment
needs to be achieved by combining cross-modal modeling of infrared images. In this paper, we propose a new method
of guiding attention through human keypoints, where global features are split into local features by keypoint guidance,
and then the original model is retrained with the generated local masks to strengthen the attention to different local infor-
mation. Using this method, the model can better understand and utilize the key regions in the image, thus improving

the accuracy of the Person Re-Identification task.
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Fig. 1 Schematic representation of key points of the human

body on the infrared dataset
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67. 28% F1 62. 45% , % baseline 73 48 55 T 2. 45

Table 1 Comparison of test results on SYSU-MMO01 dataset

- St FEHMEE
1
rank-1 rank—-10 rank-20 mAP rank—1 rank—10 rank-20 mAP
Zero—Pad 12 14.8  54.12 71.33 15.59 20.58 68.38 85.79 26.92
Hi-CMD !/ 34.94  77.58 - 35.94 - - - -
DDAG ' 54.75  90.36 95. 81 53.02 61.02 94. 06 98. 41 67.98
AGW 120 47.5  84.39 92. 14 47.65 54.17 91. 14 95.98 62.97
NFS [21) 56.91  91.34 96. 52 55.45 62.79 96.53 99. 07 69.79
pMT 1% 67.53  95.36 98. 64 64.98 71. 66 - - 69.5
HCML 14.32  53.16 69. 17 16. 16 24.52 73.25 86.73 30. 08
AlignGAN 2 4.4 85.0 93.7 40.7 45.9 87.6 94.4 54.30
ARICH 71.42  95.61 98. 86 65. 89 78. 88 98.31 99. 1 81. 65
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Table 2 Comparison of test results on RegDB dataset

- af WA LT 4 AR/ ETIN
rank-1 rank—10 rank—20 mAP rank-1 rank—10 rank—20 mAP
Zero-Pad  17.75 34.21 44.35 18.9 - - 44.25 17.82
Hi-CMD  70.93 86. 39 - 66. 04 - - - -
DDAG 69. 34 86. 19 91.49 63. 46 68. 06 85.15 90. 31 61.8
AGW 70. 05 87.28 92.04 66. 37 68. 83 83. 69 88.35 64. 45
NFS 80. 54 91.96 95.07 72.1 77.95 16. 63 34.68 69.79
PMT 84.83 - - 76.55 84. 16 - - 75.13
HCML 24. 44 47.53 56.78 20. 08 21.7 45.02 55.58 22.24
AlignGAN ~ 57.9 - - 53.6 56.3 - - 53.4
ALK 89.52 92.31 95.34 80. 89 88. 11 92.23 97.67 82.57
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Table 3 Performance comparison with and without
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