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OPTI MAL PATH PLANNING IN COMPLEX ENVIRONMENTS BASED ON

OPTIMIZATION OF ARTIFICIAL POTENTIAL FIELD
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( Intelligent Technology & System Laboratory , Computer Science Department , Ccean Univessity of China , Qingdao 266071 , China)

Abstract : A path planning method based on artificial potential field optimization is proposed. The ant algorithm is initialized by
the planning result of the artificial potential field method as the prior knowledge , which improves the algorithm’ s efficiency . On the
other hand, the path obtained by the artificial potential field method is optimized by the ant algorithm , which overcomes the local
minima problem in the artificial potential field method. Results of computer simulation experiment indicate that the method can imr

plement optimal path planning in complex environments . In order to improve the planning efficiency a feasible idea of combining

traditional planning methods with statistic optimization is also presented .
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(Robot path planning based on artificial
potential field opti mization)
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Fig.l  The flowchart of the path planning based on

the artificial potential field optimization

4 i HELEK 4 K (Computer simulation ex-
periment results)
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Fig.2 The result of path planning in the simulation experiment

based on the artificial potential field optimization with ACO
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Fig.3 The result of path planning in the simulation experiment

based on the artificial potential field method
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Fig.4 The relationship between the number of successful ants

and the times of optimization in ACO with prior knowledge
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Fig.5 The relationship between the number of successful ants

and the times of optimization in ACO without prior knowledge
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Fig .6 The relationship between the average step numbers
to reach the goal point and the times of optimization

in ACO with prior knowledge
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