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Abstract

Since the recent COVID-19 incident, the problem of estimating a person's posture has attracted considerable attention in the
computer vision field as the demand for home healthcare and VR games increases. Existing pose estimation algorithms have a
problem in that spatio-temporal loss occurs in the process of combining context information with keypoint location information.
The purpose of the study is to develop a high-performance posture estimation algorithm by supplementing the problem by
modifying the method of coupling the residual block used in the existing algorithm. Pose estimation was performed on five
subjects using a model pre-trained with MPII datasets, an open-source keypoint dataset. As a result of the experiment, it is
predicted that faster and more convenient analysis will be possible in the actual field.
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