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Human skeleton extraction algorithm based on improved cascaded pyramid network
HUANG You, ZHANG Na, BAO Xiao’an
(School of Informatics Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China )

[ Abstract] Due to the complex background and the easy occlusion of the human body, the positioning accuracy of the key points
of the human skeleton is not high. Aiming at this problem, this paper proposes a human skeleton extraction algorithm based on an
improved cascaded pyramid network. The algorithm adds the attention module to each residual block of the cascaded pyramid feature
extraction network, and assigns different weights according to different parts of the feature map and the importance of different
feature maps. At the same time, the two upsampling operations of the original cascaded pyramid network are changed to one to
reduce the redundant background features generated in the upsampling process. Experimental results show that the algorithm can
better improve the problem of inaccurate positioning in the original CPN network under occlusion and complex background
conditions.

[ Key words] cascaded pyramid network; attention mechanism; multi —level feature extraction; feature fusion; hard keypoints
mining; object keypoint similarity
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