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Grasping pose estimation method based on Mask R-CNN and key point extraction

WU Fei, JIN Shengjie, LIN Xiaochen
(School of Mechanical and Electrical Engineering, Wuhan University of Technology, Wuhan 430070, China)

Abstract: For arbitrary grasping pose of target workpieces scattered and occluded in industrial site, a
grasping pose estimation method based on mask region-based convolutional neural network(Mask R-
CNN) and key point extraction is proposed. The workpiece to be grasped and the workpiece not to be
grasped are separated by instance segmentation in the grasping environment, and the point cloud of
the grasping target surface is constructed. The key points, extracted from the target surface point
cloud by 3D scale invariant feature transform(3D SIFT) and the template point cloud by 3D Harris,
are used as the initial value of sample consensus initial alignment (SAC-IA) algorithm to reduce the
computational burden of the point cloud registration and achieve the coarse registration of target sur-
face point cloud and reference template point cloud. Then, iterative closest point (ICP) algorithm is
used for accurate registration. Taking tee joint and elbow pipe as experimental objects, experiments
were conducted by the comparison with single feature operator extraction method, which show that
this method can further reduce the point cloud registration time and improve the registration accuracy.
Key words: pose estimation; instance segmentation; key point extraction; sample consensus initial a-

lignment(SAC-IA) ; iterative closest point(ICP)
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