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Abstract

In order to solve the problem of generating a reliable grasping attitude for objects in unconstrained
and unstructured multi-object scenes and improve the accuracy of grasping detection of mechanical
arm in multiple scenarios, we put forward an evaluation method of grasping evaluation method us-
ing multiple physical features of scenes. Based on PointNet++ network, we put forward a front-post
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joint network grasping attitude estimation algorithm. The algorithm uses multiple physical features
to generate the confidence score obtained from the target point cloud to further capture and detect
the scene to get a reliable grasping attitude. Because this grasping detection method is more detailed
than the previous grasping detection evaluation, it can get an accurate grasp posture from the scene.
The experimental results show that the algorithm can generate an effective grasping attitude in com-
plex multi-object scenes, and the grasping success rate is improved compared with the same algo-
rithm, which can be applied to the grasping task of industrial robots.
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Figure 1. Grasping pose representation method
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Figure 2. Front-post joint network
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Figure 3. Experimental platform
B3 XKBFE

5.2. JE&IEHR

A GraspNet-1Billion ##i4E, F H K5 SCBR[L41HH B 09 VF Al bRvtE . 15 2680 R AR H0 il A
il J8 S 0 3k 8 42 B K HE 44 BT 50 PR PIUH A% S48 5 2 40 At AT ¥ B S BB A5 5 o 400 0 B R B e IR HIH S AE
1 AR TG . i AP« 1 B2(0, 0.1, 0.3, 0.5, 0.7, 0.9), H5L AT AP PP I4E, i N mAP.

5.3. XTECECLE

H R &P PAR R 15 2L BOHHT B AR L B, BAVRABIAFI ML b, KIS B0 B IE, JATPT
B2 HH A A g A TR 5 E A A R f B R SR 45 R A0 T Flos o A7 1 D SCRR[16] 7 5 9% A7 2 DA AR S st
7%, SEREERIT AL 1, AHECTAR 1, ASCRTHRIRRAE mAP J5 T A Fr i It .

DOI: 10.12677/dsc.2024.132005 50 B 1RG5


https://doi.org/10.12677/dsc.2024.132005

Mrakomt, 2R

Table 1. Comparison of the experimental results between the different models in the dataset
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Table 2. Results of single-object scene grasping experiments
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Figure 4. Single-object scene grasping experiment
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Table 3. Results of multi-object scene grasping experiments
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Figure 5. Multi-object scene grasping experiment
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