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IPA-A* . Improved A* Algorithm with Ideal Path Area Constraint

CAO Yibo, YANG Zhengdong, FAN Jingwen, ZHAO Jiaheng
(School of Software , South China Normal University, Foshan 538200, China)

Abstract: Planning the optimal feasible path in a known environment remains a challenging problem in the field of autonomous mobile robot-
ics. The traditional A* algorithm is one of the most widely used and well-known algorithms in the domain of global path planning. However,
the traditional A* algorithm has some limitations. For instance, it may incur high computational costs due to excessive node exploration on
large—scale maps. Moreover, even with runtime optimizations, it may generate paths that are too close to obstacles and cannot be effectively in-
tegrated with local path planning algorithms, such as the Dynamic Window Approach (DWA) algorithm. In this paper, we propose an im-
proved A* algorithm, called the Ideal Path Area A* (IPA—A*) algorithm. The IPA—A* algorithm addresses the issue of excessive and unnec-
essary node exploration by incorporating ideal area constraints into the traditional heuristic search function. To evaluate its performance, we
compared the IPA-A* algorithm with three algorithms widely used in global path planning: the Dijkstra algorithm, the Best—First Search
(BFS) algorithm, and the traditional A* algorithm. Simulation experimental results on maps with three different levels of complexity show
that, compared to the aforementioned algorithms, the IPA-A* algorithm significantly reduces the number of explored nodes, the length of the
generated path, and the time spent on searching.
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Fig. 1 A% algorithm search process
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Fig. 2 The calculation process of g(h) value
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Fig.3 Chebyshev, Manhattan and Euclidean distances
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Fig. 4 Ideal path area
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Fig.5 Comparison results of simple difficulty maps
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Fig. 9 Comparison results of complex difficulty maps
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