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Abstract

Human pose estimation from RGB images without using other sensors is an important point for cost reduction and usability,
and it has become increasingly popular in recent years due to the need in various fields such as HCI, robotics, video analytics,
and metaverse. There have been many researches and development attempts on pose estimation, but 3D human pose estimation
from a monocular image is experiencing difficulties in research due to depth ambiguity, object occlusion, background disorder, and
lack of training data. Recent papers design models with a focus on occlusion, but many existing 3D pose training data do not
include occlusion information. In this paper, we propose a 3D human pose estimator that can infer quickly from data without
occlusion using RGB images. Based on MoveNet, which is a 2D human body pose estimator, it was transformed to be able to
estimate 3D pose. In order to optimize the hyperparameters for 3D pose estimation, we conducted an experiment to diversify the
hyperparameters, and compared the performance with the state-of-the-art papers using a monocular RGB image.
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