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Abstract: In recent years, much study has been conducted in robotic grasping. The grasping algorithms
based on deep learning have shown better grasping performance than the traditional ones. However,
deep learning-based algorithms require a lot of data and time for training. In this study, a grasping
algorithm using an artificial neural network-based graspability estimator is proposed. This graspability
estimator can be trained with a small number of data by using a neural network based on the residual
blocks and point clouds containing the shapes of objects, not RGB images containing various features.
The trained graspability estimator can measures graspability of objects and choose the best one to
grasp. It was experimentally shown that the proposed algorithm has a success rate of 90% and a cycle
time of 12 sec for one grasp, which indicates that it is an efficient grasping algorithm.
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[Fig. 1] Flowchart of the grasping algorithm
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[Fig. 2] (a) Raw point cloud, (b) point cloud in workspace, (c)
downsampled point cloud, and (d) clustered point cloud

[Fig. 3] Voxel grid filter

[Fig. 4] Euclidean clustering
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[Fig. 6] Architecture of the graspability estimator
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[Fig. 7] Clustered point cloud with (a) 866 points and (b) 1,575 points
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[Fig. 11] Success rate of grasp with respect to the number of data

[Table 1] Application time of the grasping algorithm

Time (hour)
. | Conventional
GresNet | PointNet!' method!"

Exp. 1 2.78 2.78 0
Collection | Exp.2 1.32 1.25 0
time Exp. 3 1.32 1.25 0
(400 data) Exp. 4 1.32 1.25 0
Exp. 5 1.32 1.25 0
Subtotal 8.06 7.78 0
Exp. 1 0.12 0.04 0
o Exp. 2 0.23 0.08 0
Tr;ﬁ;"g Exp.3 | 036 0.10 0
Exp. 4 0.46 0.14 0
Exp. 5 0.59 0.17 0
Subtotal 1.76 0.53 0
Total 9.82 8.31 0

[Table 2] Cycle time of the grasping algorithm

Time (sec)
GresNet PointNet!'” | Conventional method!"
Cycle time| 11.84 11.26 25.71
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