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3D deep implicit function for category-level object 6D pose estimation
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Abstract: Category-level object 6D pose estimation is important for the task of robot manipulation,
autonomous driving and augmented reality. Compared with instance-level one, the challenge of
category-level 6D pose estimation mainly lies in the intra-class variation given a category prior. In this
paper, a deep implicit function for representing 3D model based on SDF is adopted to extract the shared
category-level prior. At the same time, the optimal shape latent code is predicted according to the
geometric feature extracted from the input depth image. Both of the shared prior decoder and the specific
shape latent code are combined together to reconstruct the complete instance in the normalized canonical
space. Then the 6D pose could be solved by estimating the point matching between the depth point cloud
and the canonical instance. Experiments show that the proposed framework for category-level 6D pose
estimation achieves relatively good performance as well as generalization ability for novel instances
within the same category.
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