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PVANet: Pixel-wise 6DoF pose estimation method for weakly textured industrial parts
YANG Chun, CHEN Quan, WANG Tao
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

[ Abstract] Pose estimation plays a very important role in picking and grabbing parts in industrial scenes. However, there are few
studies on 6DoF (6 Degrees Of Freedom) pose estimation for industrial weakly textured parts in cluttered scenes. Especially when
these workpieces use the same material and have similar shapes, it poses a greater challenge for pose estimation. This paper studies
the 6DoF pose estimation method for industrial weakly textured parts in cluttered scenes.In the cluttered scene, this paper uses the
acquisition method for the pose dataset of industrial weakly textured parts in this scene, and proposes a learning framework based on
PAVNet network and attention mechanism. In this framework, this paper first uses a multi —stage processing method to extract
features in the target objects from the pixel level, then selects key points within the threshold range through a RANSAC -based
voting algorithm, finally solves the relationship between the positions of these key points and rotation and translation of the
workpiece to estimate its pose. Based on the above, this paper verifies the accuracy of the proposed algorithm through experiments
on public datasets and real datasets, and meets the requirements of industrial applications.
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Fig. 1 The selected 2D keypoints after voting
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