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Abstract

This paper explores a deep learning-based 3D object segmentation technique using multi-view videos. Unlike traditional 2D
object segmentation methods, which obtain segmentation information from a single viewpoint, the proposed method generates 3D
segmentation information from videos captured from multiple different viewpoints of the same object. By utilizing geometric
information between multi-view videos, this approach improves accuracy compared to 2D segmentation results and enhances
consistency between viewpoints. The proposed method was tested on key target objects, such as humans, during content creation,
and it was confirmed that it is also capable of distinguishing and segmenting individual instances of people.
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