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Human pose estimation based on channel and spatial feature selection and fusion

YANG Hongzhi, DING Xueming, JI Jianlin
(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] In order to overcome the inadequate expression of multiscale features in the process of multiscale feature fusion for
human key point detection, in this paper, a channel and feature selection fusion module is proposed and applied to a Deep High—
Resolution network to select key information in the process of multiscale feature fusion, which is inspired by the ideas for Selective
Kernel Networks ( SKNet). This not only improves the expression of multiscale features, but also preserves the advantages of the
original multiscale feature fusion in exchanging different feature information. The experimental results show that the accuracy of
human posture detection is further improved by adding the parallel module of channel and spatial feature in the Deep High -
Resolution network. In the two models with different network depths, the average accuracy of pose key point prediction is improved
by 0.6% and 0.7% respectively. Finally, the role of this module in convolution process is further analyzed through the visualization
of network inference process.
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Fig. 2 Adding fusion process of spatial and channel feature selection module to stage 2 of Deep—High Resolution network
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