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Abstract: In application scenarios like robot control and autonomous navigation of intelligent
vehicle, path planning needs to account for factors including obstacles and terrain. To address the
issues of directionless expansion target and low efficiency in rapidly-exploring random tree
(RRT) algorithm in path planning, a particle swarm optimization for probabilistically
homogeneous rapidly-exploring random tree (PSO-PH-RRT*) algorithm is proposed. This
algorithm base on the probabilistically homogeneous rapidly-exploring random tree (PH-RRT*)
algorithm by using the particle swarm optimization algorithm to update the probability of
direction as the velocity direction for random tree nodes, thereby improving the node position
update strategy. It also uses the distance between the node and the target vector, along with
trajectory smoothness, as the fitness function in the particle swarm optimization algorithm.
Finally, simulations across various scenarios demonstrate that the PSO-PH-RRT* algorithm can
significantly reduce iteration time costs while improving path length and smoothness.
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