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Abstract In order for a robot to carry an object, it is necessary to estimate the pose of the object. However,
when an object is occluded by other objects, the observation is partially lost and the object center is shifted in the
cropped depth image. Therefore, the pose estimation of an occluded object is difficult. In the proposed method, we
realize the pose estimation from the pose representation obtained by de-occluding and centerizing the object in the
image via AutoEncoder that have been trained so as to de-occlude it.
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