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Category-level object pose estimation from depth point cloud
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Abstract: Aiming at the problem of category-level object pose estimation, a method was proposed to accurately estimate
the pose of the target object by only taking the point cloud scanned by the depth camera as the input, with knowing the
category of input point cloud only. The method did not reply on a huge amount of labeled dataset, but used virtual data
produced by simulation instead, which achieved better accuracy on real-world dataset. This method first filtered the
background noise of the input point cloud. Then standardized the point cloud through the well-designed center prediction
module. After that, the normalized object coordinate space would be estimated through a shape template deformation
module. Finally, the pose would be obtained from least squares. Experiments on real-world dataset demonstrates that the
method achieve higher accuracy and better generalization ability.
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