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Extending OpenPose to enable 3D human pose estimation

YUUTA OHNO  OKY DICKY ARDIANSYAH PRIMA™  HISAYOSHI ITO!

Recently, many studies have proposed methods to estimate 3-dimensional (3D) human pose from either single or stereo
cameras. These methods allow to process the 3D human pose at the same time for a limit number of persons in target with an extent
of accuracy. This study extends the library to estimate 2-dimensional human pose, OpenPose to enable the 3D human pose
estimation for multiple persons, and discusses the accuracy and further application of the extended library to process real-time 3D

human pose.
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Figure 1  Outline of the proposed 3D human pose
estimation
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Figure 2 Regression errors and the estimated 3D human pose estimation
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