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Path Planning Algorithm Based on Improved BIT*

PENG Liang, DAI Yueyang, ZENG Zhipeng
(School of Electrical and Information Engineering , Changsha University of Science and Technology , Changsha 410114, China)

Abstract: To address the issues of high sampling complexity, high sampling randomness, excessive iteration counts, and dependence on
sample quantity in the BIT* (Batch Informed Tree) algorithm for path planning, an improved BIT* algorithm is proposed. In the initial stage,
the algorithm employs regional restrictions to obtain high—quality sampling points, enhance the quality of sampling points, and reduce the de-
pendence of the algorithm on sample quantity. Additionally, a dynamic probability mechanism is introduced to enable adaptive transitions be-
tween heuristic search strategies and goal—oriented strategies, thereby enhancing the intelligence of the tree and reducing ineffective expan-
sions, significantly improving the search efficiency. To further save time, iteration stop conditions are set to reduce futile iterations. Finally,
the path is smoothed by combining methods such as path backtracking, linear interpolation, and mean filtering. Experimental results show that
compared with the traditional BIT* algorithm, the running time of the improved BIT* algorithm is reduced by 48.77%~50.71%, the initial
path is reduced by 10.33%~13.56%, and the final path is reduced by 0.29%~0.88%, it significantly outperforms the original algorithm in
terms of path search efficiency and convergence speed.
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