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Overview on Two-dimensional Human Pose Estimation Methods Based on Deep Learning

MA Shuang-Shuang, WANG Jia, CAO Shao-Zhong, YANG Shu-Lin, ZHAO Wei, ZHANG Han

(School of Information Engineering, Beijing Institute of Graphic Communication, Beijing 102600, China)

Abstract: As the basis of human motion recognition, two-dimensional human pose estimation has become a research
hotspot with the popularity of deep learning and neural networks. Compared with traditional methods, deep learning can
achieve deeper image features and express the data more accurately, thus becoming the mainstream of research. This
study mainly introduces two-dimensional human pose estimation algorithms. Fi‘rstly, accordingsto the number of people
detected, the algorithms are divided into two categories for single-person and muiti-person pose estimation. Secondly, the
single-person pose estimation methods are divided into two grdups based on coordinate regression and heat map
detection. Multi-person poses can be estimated by top-down and bottom-up methods. Finally, the study introduces
commonly used data sets and evaluation indexes of human pose estimation and compares the performance indexes of
some multi-person pose estimation algorithms. It also expounds on the challenges and development trends of human pose
estimation. ’
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