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Overview on human pose estimation based on deep learning

Yun Jiang, Shumin Liu"

School of Software Engineering, Jiangxi University of Science and Technology, Nanchang, Jiangxi

[ Abstract] Human pose estimation, serving as the foundation for action recognition and detection, is a challenging

task in the field of machine vision. With the rapid development of deep learning in recent years, deep learning-based human

pose estimation algorithms have achieved remarkable performance and have become a focal point of academic research. This

paper first classifies deep learning-based human pose estimation into two categories: single-person pose estimation and multi-

person pose estimation. It then reviews the development of these two categories in recent years, providing a comparative

analysis of the characteristics of various algorithms. Additionally, the paper introduces commonly used datasets and evaluation

metrics for pose estimation. Finally, it discusses the challenges faced by current deep learning-based human pose estimation

systems and offers an outlook on future research directions.
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