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Abstract ; Autonomous path planning is the core in the navigation module of unmanned surface vehicle,
and the path planning control strategy is a key factor. Traditional path planning algorithms generally
has inherent defects. It cannot integrate local path planning algorithm with the global seamlessly, and
it is inefficient. A combination strategy is proposed for the above problems, and it is combined with

the local and global path planning algorithm. The potential field-ant colony optimization of the global
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one is applied for solving the problems about premature convergence and low efficiency. It can plan a
relative optimal path on the specified electronic map before the cruising the unmanned surface vehicle.
The improved artificial potential field algorithm in the local algorithm can solve problems of the local
minimum and GNRON in the traditional methodby aims at generating a real-time path planning in the
unknown environment mostly. The feasibility of the method is proved by simulations.

Key words: unmanned surface vehicle; path planning; ant colony optimization; artificial potential field
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