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Deep learning based 2D human pose estimation: a survey
ZHANG Jingjing, NING Yuan, ZHANG Chengxue
( College of Electrical Engineering, Guizhou University, Guiyang 550025, China)
[ Abstract] This paper provides a comprehensive overview of the two—dimensional human pose estimation methods based on deep

learning. First, these deep learning technologies are classified, analyzed and compared, and the commonly used data sets and
indicators in two—dimensional human pose estimation are introduced. Finally, the problems to be solved and the challenges of future

research are discussed.
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