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Abstract

Autonomous grasping of manipulator has always been the focus of research in the field of robotics.
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Path planning and object detection are the core contents of autonomous grasping of manipulator.
Due to the development of deep neural network, the accuracy of object detection has been greatly
improved. In this paper, the object detection of strawberry is carried out according to YOLOv4-tiny
algorithm, and the detection accuracy is 93.5%. The appropriate path planning algorithm is se-
lected for the manipulator. Through simulation experiments on two-dimensional obstacle map
and three-dimensional obstacle map, it is concluded that the path planning efficiency and success
rate of RRT-connect algorithm are greater than those of RRT algorithm. The simulation environ-
ment of the manipulator is built by Gazebo software, and the control and path planning of the ma-
nipulator are carried out by Moveit software. The YOLOv4-tiny algorithm and RRT-connect algo-
rithm are applied to the manipulator grasping simulation system. Finally, the average successful
grasping rate of 87% is obtained.
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Figure 1. Diagram of YOLOv4-tiny network structure
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Figure 2. Diagram of the RRT algorithm
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Figure 3. Diagram of the RRT-connect algorithm
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Figure 4. Object detection result diagram of YOLOv4-tiny
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Figure 5. Diagram of Path planning on 3D plane
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Table 1. Experimental results of path planning algorithm
1 BEANEZNTIEER

ik P K T e ES
RRT-3D 35.06 115.04 191 94%
RRTconnect-3D 34.19 101.25 1.87 100%

DOI: 10.12677/mo0s.2023.123254 2777 A ()


https://doi.org/10.12677/mos.2023.123254

4. HIWE B IMEARSEE

AN RIHIFEH Y YOLOVA-tiny 515 A1 RRT-connect 5% R ZENUMUE H E 9IRGB R G, FRik
ATsss, JER A AN B R AT VBT ATURR s D VAR 4 Wi 35 T 5 PR AT R

4.1. NIMBHEREERE

£ ROS RAZE[10], 1] Gazebo [L1JHAFFEENUMIE 07 15T, ] Moveit B 1FEEAT HUBCE 3%
HAE AR, ASCRE N B BNV 07 B A 13 5%, W0 6 fos, FENUBRINET T i 5 1 —
AT, RN ETRERE R, HiRWHEAE Blender FAFHINE, S AU Gazebo BAfFH, FHRK S
BEALAE RS, RS 71 L7708 — > RGBD AHIHL, AU 47 75 R — > (0 FRO AR 1 FH SR8 EL AT 1

Hi -

Figure 6. Diagram of Robot arm simulation environment
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Figure 7. Robot arm grab simulation flow chart
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Figure 8. The state of the manipulator during grasping
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