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Path planning of a robotic arm for greenhouse picking based on improved
Informed RRT " algorithm
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Abstract; [ Objective] A robotic arm path planning algorithm was proposed to address issues such as slow path planning speed and
high path cost for multi-degree-of-freedom robotic arms in greenhouse picking tasks, to provide basis for the efficient operation of
picking robots. [ Method] Based on the Informed RRT " robotic arm path planning algorithm, an adaptive target bias strategy was in-
troduced, combined with a bidirectional unoptimizable path search method in combination with greedy principle, along with a dy-
namic probability node rejection strategy. A dynamic rejection informed RRT " greedy connect algorithm ( DR-IRRT *-GC) was pro-
posed. The approach was validated through comparative simulations in Matlab multi-obstacle scenarios and robotic arm scenarios in
robot operating system ( ROS). [ Result] DR-IRRT " -GC algorithm demonstrated advantages in path planning process with faster op-
erating speed, lower path cost, and higher success rate in path planning in simulation test. Compared with the Informed RRT " algo-
rithm, the DR-IRRT " -GC algorithm cut down the time for the initial path search by 97.36% , and achieved higher success rate in
path planning by 283.33%. [ Conclusion]The DR-IRRT " -GC algorithm demonstrates strong practicality.
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Red dots represent the starting point of random tree; magenta dots represent the goal point of random tree; black areas represent obstacles;

blue line segments represent random tree Treel ; magenta line segments represent random

tree Tree2; green line segments represent the final planning path.
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Fig.7 Planning effect of different algorithms in scenario 1
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Table 1 Results of 4 algorithms in scenario 1
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RRT”" 1 034.44 11.46 1553.92
RRT " -Connect 1 036.65 6.79 1 576.64
Informed RRT* 1 025.59 9.34 1275.04
DR-IRRT " -GC 1 024.26 5.13 633.92
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algorithms in scenario 1
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Red dots represent the starting point of random tree; magenta dots represent the goal point of random tree; black areas represent obstacles;

blue line segments represent random tree Treel ; magenta line segments represent random tree Tree2 ;

green line segments represent the final planning path.
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Fig.9 Planning effect of different algorithms in scenario 2
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Table 2 Data results of 4 algorithms in scenario 2
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Average path length Average running time Success rate/ %
RRT” 1 266.08 4.66 72
RRT * -Connect 1271.17 2.29 88
Informed RRT * 1271.54 3.21 74
DR-IRRT " -GC 1262.83 2.07 96
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