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Research Advance on 2D Human Pose Estimation

FENG Xiao-yue and SONG Jie

Software College, Northeastern University, Shenyang 110819, China
Abstract Human pose estimation has always been a research hotspot in the field of computer vision. With the continuous im-
provement of the performance and accuracy of human pose estimation methods,it can be widely used in human-computer interac-
tion,intelligent surveillance and human activity analysis, etc. In this paper, the methods, models and applications of two-dimen-
sional human pose estimation are reviewed and analyzed,and the future research direction is prospected. The introduction of the
method is divided into single person and multi-person pose estimation. In terms of the model, it mainly introduces the models
based on ResNet, Hourglass and HRNet. In terms of the application, it mainly introduces the application in the field of human-
computer interaction and intelligent surveillance. The research prospect is mainly aimed at the expansion of application scenarios.

This paper summarizes the research results in recent years and sorts out the possible research directions.

Keywords Human pose estimation, Key-point detection, Neural network, Hourglass, ResNet. HRNet
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Fig. 1 Classification of two-dimensional human estimation methods
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