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A robotic grasping method based on three-dimensional detection network

Ge Junyan, Shi Jinlong, Zhou Zhigiang, Wang Zhi, Qian Qiang

(School of Computer Science and Engineering, Jiangsu University of Science and Technology, Zhenjiang 212100, China)

Abstract : The robot faces different shapes and sizes of objects in the task of grasping. The scattered objects in the scene may have
different poses and positions, which make the task of recognizing positions and poses of objects more difficult. In view of this, a three-
dimensional scene recognition method for robotic grasping is proposed. It makes up a defect that the 2D detection method is sensitive to
the field of view in robotic grasping task. Firstly, the convolutional neural network is designed to detect the object in the RGB image.
Eight corner points of the three-dimensional bounding box of objects, and the center point of the object are generated. Secondly, a
method is proposed to calculate the best position and pose for robotic grasping. Finally, the robot is controlled to grasp objects. In real
scene, the detection accuracy reaches 88% , and the grasping success rate based on the designed three-dimensional recognition network
is up to 94%. In summary, the designed network can effectively find a suitable grasping pose. The grasping success rate is improved. It
is able to meet higher requirements.
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Fig. 1  Work flow of robotic grasping
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Fig.2 Scene in dataset collection
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Fig. 3 Reconstruction result
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Table 1 Structure of network
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Table 2 Accuracy of detection and segmentation task
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Fig. 6 3D detection results of different objects
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Table 3 Effects for grasping in different thresholds

mAP/% FPRRZE/mm R A AT
5 pixel 72 <2.3 v
10 pixel 88 <4.6 vV
15 pixel 96 <6.9 x
20 pixel 98 <9.2 x

3.4 SLERIFHEAMELLIE

FEPRESL B A A SO URS i AU PME S Tl dL
TN ARG N S ke, W RARITICL ISR, A SCHE
HRYMR FARA Z R R 1) SE BRI 5 v, 204 T T 4TUECSE
55, I He A = TR IR D)%, an 3k 4 iR,

R4 LRIGHRIMBULINE

Table 4 Success grasping rate of real scene %
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