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Abstract

Monocular human pose estimation aims to recover human body configurations from a single RGB image and has
been widely studied in computer vision. Despite recent advances in deep learning - based methods, pose estimation
results remain sensitive to camera viewpoint variations and joint occlusion, which complicates systematic analysis in
real-world settings. To address this limitation, this paper proposes a human pose data generation framework using
Unreal Engine and OpenPose in a controlled virtual environment. Animated human models are rendered under diverse
camera viewpoints, and pose data are obtained by applying OpenPose to the generated RGB images. Using the
resulting dataset, joint detection characteristics and confidence stability are analyzed with respect to viewpoint and
pose variations. Experimental results demonstrate that joint detection stability is affected not only by camera
viewpoint but also by pose-dependent self-occlusion, with particularly notable degradation observed in distal joints.
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Fig. 1. Pipeline for generating human pose data using OpenPose in an Unreal Engine - based virtual environment
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Fig. 3. Human model with OpenPose data and rendering
settings
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Table 1. Virtual environment and rendering settings
parameters based on figure 3

ltem

Setting range

Description

(a) Background type

Indoor

Environmental diversity,

(b) Camera angle

60°

Azimuth change

¢ Light intensity

Low

Light source condition

(
) Human-camera

(d) Camera distance 4m .
distance
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figure 4
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