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Abstract

In complex, uncertain real-world environments, challenges such as disorder, occlusion, and
self-occlusion of grasped objects hinder robots from effectively perceiving scenes and executing pre-
cise grasps. To tackle these issues, researchers have proposed an active visual framework to en-
hance scene perception sirategies. By coordinating viewpoint adjustments with grasping tasks, this
approach aims to improve scene information acquisition and object separation. However, most cur-

rent methods employ top-down actions, limiting the robot’s scene perception capabilities. This
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study introduces an active visual perception and grasping coordination strategy in a 6-degree-of-

freedom (6DoF) pose space. Utilizing deep reinforcement learning, we develop a viewpoint ad-

justment network, a 4-degree-of-freedom (4DoF) grasping network, and a 6DoF grasping network

to learn optimal collaborative strategies. Actions are determined using Q-functions and constraints

to execute suitable primitive actions. To enhance scene perception, we propose a scene fusion

method following viewpoint adjustment, which integrates information from multiple viewpoints into

fixed-size height maps. Experiment results demonstrate an 8.93% increase in captured scene area

compared to top-down methods in single viewpoint scenarios, providing comprehensive information

for grasping tasks. In cluttered scenes containing ten target objects, the grasping success rate rea-

ches 89.53% . Compared to the state-of-the-art VPG algorithm, our proposed method achieves a

12.02% increase in grasping success rate.
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for viewpoint adjustment
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Fig.7 Ilustration of related definitions of evaluation metrics
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variation of grasping threshold
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Tab.1 Grasping success rat of different grasping strategies

BAL: %
@iﬂ}ggﬁg MVP VPG VAGS AR HP:

1 92.33 93.67 96.00 100

2 88.73 91.00 96.06 97.06
3 87.03 88.30 90.50 95.83
4 84.21 86.80 91.63 96.11
5 79.61 86.01 86.15 91.53
6 7491 84.50 84.55 91.67
7 74.73 81.40 82.48 88.07
8 73.21 78.09 84.95 91.49
9 71.22 80.50 80.41 92.29
10 70.96 77.51 80.15 89.53
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Tab.2 Experiment results of grasping efficiency

Trik MUBURIIER /% SFEEESREC T /s

MVP 70.96 3.38 17.8
VAGS 80.15 1.43 9.0
AT 89.53 1.36 1.7




419 IRV, A RIS TS 2 s D R TR s 627

B9 (i HEREET S A

Fig.9 The experimental process in a simulated environment
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Tab.3 The experimental results of viewpoint adjustment
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Fig.10  Schematic diagram of the point cloud obtained by different viewpoint adjustment methods
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Tab.4  Comparison experiment of grasping strategies

. %
HEmg 1 100 93.46
SR 2 100 88.98
SENE 3 100 86.64
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Fig.12 Real-world experimental equipment and the object to be grasped
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Tab.5 Real-world experimental results

VPG VAGS WS 1 g 2

£s cp £s cp £s cp £8 cp

YA %L

785 90 86.8 95 91.6 100 899 95
725 85 83.8 95 92.1 100 86.4 95
683 75 80.6 90 867 95 848 95
664 70 808 90 874 95 849 95
62.0 65 825 90 853 90 80.8 90

10 60.5 60 835 90 846 90 821 90
14 680 74 8 91 879 95 84.8 93

O 0 3 AN W
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