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Abstract

positioning of the human-bounding box and improve the detection accuracy of hard keypoints.

For multi-person pose estimation in images and videos,
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it is necessary to address the inaccurate

This paper designs a

real-time multi-person pose-estimation model based on a top-down framework. First, depth-separable convolution is

added to the target-detection algorithm to improve the running speed of the human detector; then, by combining the

feature pyramid network with context-semantic information,

solve the problem of low detection accuracy at hard keypoints.

network and pose-similarity calculation,

the online hard-example mining algorithm is used to

Finally, combining the spatial-transformation

the redundant pose is eliminated and the accuracy of the bounding-box

positioning is improved. In this paper, the average detection precision of the proposed model on the 2017MS COCO
Test-dev dataset is 14.84 % higher than that of the Mask R-CNN model, and 2.43% higher than that of the RMPE

model. The frame frequency is 22 frame.s '.
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Fig. 1 Structural diagram of symmetric space transformation network
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Fig. 2 Real-time multi-person pose estimation model
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