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Robot path planning by fusion of AIP-RRT* and DGF-APF
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Abstract: To address the problems of slow convergence speed, numerous redundant points in paths, unsuitability for dynamic
environments, and the lack of an effective coordination mechanism to integrate global and local planning results leading to a significant
increase in path length in mobile robot path planning, a path planning fusion algorithm based on the adaptive improved potential function
rapidly-exploring random tree * ( AIP-RRT" ) and the dynamic gravity field artificial potential field method ( DGF-APF) is proposed.
Firstly, an adaptive goal bias probability strategy is constructed, generating new nodes through a heuristic function to improve the search
efficiency of the path planning algorithm. Secondly, an adaptive step size function is developed to enhance path exploration capabilities
and accelerate the convergence speed of the path planning algorithm. Thirdly, a pruning optimization strategy based on goal backtracking
is employed to remove redundant points in the global path, thereby improving path quality. Finally, a fusion algorithm of ATP-RRT " and
DGF-APF path planning for dynamic scenarios is proposed to realize the path planning of AIP-RRT * and DGF-APF fusion algorithms by
using the global key nodes as local subgoal points for local path planning in dynamic environments, and a synergy mechanism based on
the dynamic gravitational field strategy is constructed to synthesize the global and local path planning results to shorten the path length.
The results of the combined simulation and real experiments show that the path planning fusion algorithm has better global path planning

capability as well as local path planning capability, which enables the robot to better adapt to static as well as dynamic environments. In
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the real environment, the improved fusion algorithm reduces the path length by 6. 34% and the running time by 10. 71% compared with

the traditional algorithm.
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artificial potential field method
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Table 2 Comparison of 50 experimental simulations for global path planning

Ho PR 7k Lyy/m Tog/s D0/ (%) Lo
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RRT " 5% 752. 890 53.738 473.422 2 160. 700 11
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P-RRT " & 769. 509 1.295 793.375 1 499. 100 19
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RRT Hi% 1277.572 4.911 1 633.930 3 072. 640 31
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ARG TR AEAR K B T , ATP-RRT " ik 5
RRT &% RRT" H¥E P-RRT ™ B3 E, 43 515 34 0 />
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Iy T 67.94% (97, 55% (32, 56% ; 7E 2t £

JT, ATP-RRT " .7 5 RRT 5 #5 RRT” 5% P-RRT”
BIEME, B840 T 92.52% . 80. 41% ,86. 8% ; 1E
EAUEC 1, AIP-RRT * 5.9 5 RRT 5% RRT™ 5% |
P-RRT " F A0 L, 43 5 F- B0 2> 1 77.01% 72, 37% |
64. 7% ; FEBRC A6 4T 5. )7 1, ATP-RRT “ 835 5 RRT Bk |
RRT "84k P-RRT " S AH L, 730 2400 T 88. 86% |
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Table 4 Comparison of the APF-RRT fusion algorithm and

the improved fusion algorithm in static environments
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