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Attention guided by human keypoint for infrared-visible
person re-identification

YU Peng', TIAN Xiao-Jian*, QI Nan', PIAO Yan"
(1. School of Electronic and Information Engineering, Changchun University of Science and Technology ,
Changchun 130022, China;
2. College of Electronic Science and Engineering, Jilin University ,Changchun 130012, China)

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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pmT 1% 67.53 95.36 98. 64 64. 98 71. 66 - - 69.5
HCML 2! 14.32 53.16 69. 17 16. 16 24.52 73.25 86.73 30. 08
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AT 89.52 92.31 95. 34 80. 89 88. 11 92.23 97.67 82.57
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