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Abstract: To tackle the poor stability of robot path passing through obstacles with fixed step size based on the traditional RRT

algorithm, improvement is madeon the traditional RRT algorithm, and the dynamic step size combined with the repulsion field and

repulsion function in the artificial potential field method is introduced, which enables the improved RRT algorithm to adjust the step

size automatically when passing through obstacles. The obtained path is smoothed by Bessel curve method, which optimizes the

path near obstacles with much improved smoothness. The analysis of Matlab simulation platform verifies the superiority of the

improved algorithm.
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