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Abstract

sequences. These methods have the following properties with prior models, which are learned in advance; they can

This paper introduces methods for estimating 3D human shape, pose, and motion from temporal image

handle with even 1) complexly moving shapes and poses and 2) loose-fitting clothing that covers a human body
robustly to its significant shape deformation. While a variety of these methods are introduced in the paper, the

authors’ works that enable ”accurate estimation with explicit handling of 3D reconstruction error” and ”improving

the versatility using a unified model of multiple actions” are described in detail.
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Fig.1 Pose space Y and its latent space X. Circles and arrows in

X depict latent variables and temporal mapping, fp(x),

respectively.
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Fig.2 Pose parameter estimation from an observed image.
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Fig.3 Volume refinement and body-part labeling. 1st row: ob-

served images, 2nd row: Body-part labeled voxels.
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Fig.4 Matching time-series volumes in their latent space and re-

trieving body-part labeled voxels from the matching result.
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Fig.5 Volume-to-pose regression via their latent spaces.
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Fig.6 Visual hull constraints for volume matching.
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Fig.7 Human volume tracking with error handling and pose es-

timation. 1st row: observed images, 2nd row: Estimated

poses.
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Fig.8 Pose estimation with multiple actions. 1st row: observed

images, 2nd row: Estimated poses.
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