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Ant colony path planning algorithm updated using Bayesian algorithm
LING Yingjie

(Zhaoging Comprehensive Governance Affairs Center, Zhaoqing 526000, Guangdong, China)

Abstract: In path planning problems, finding the optimal path from the starting point to the destination has a wide range of
applications, such as in robot navigation and logistics management. The Ant Colony Optimization ( ACO) algorithm performs
excellently in path optimization problems due to its swarm intelligence characteristics. However, traditional ACO algorithms often
are difficult to quickly adapt to environmental changes in dynamic environments because of the fixed nature of their pheromone
update mechanism, leading to decreased efficiency and accuracy in path selection. To address this issue, a Bayesian algorithm is
introduced to dynamically adjust the pheromone updating strategy based on historical information and real—-time feedback, thereby
more accurately addressing environmental uncertainties and changes. In both static and dynamic network environments, comparisons
of the improved algorithm with traditional ACO algorithms and other commonly used path planning algorithms ( such as Dijkstra“s
algorithm, A" algorithm, and improved ACO algorithms) show that the improved algorithm significantly outperforms the others in
terms of path optimization efficiency and adaptability to dynamic environments. This provides effective solutions and references for
different adaptive scenarios in dynamic path planning problems.
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