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Method of RPkNN-Sarsa( A) reinforcement learning for robot path planning
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Abstract: The method of robot path planning based on kNN-Sarsa(A) reinforcement learning has fast convergence speed, but
the algorithm is easy to fall into local optimal value and does not consider incomplete observability of environmental informa-
tion. With regards to this, this paper designed a method of random perturbation kNN-Sarsa( A ) reinforcement learning algo-
rithm. Also, it processed sensors detection data uncertainty using Bayesian theory. In addition, it used grid map to establish
simulation environment model. The simulation experimental results show that the method not only has rapid convergence speed
by alleviating the local optimal problem of kNN-Sarsa( A ) algorithm, but also can find a shortest path in the case of sensors de-
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tection data uncertainty.
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