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Behavior coordination control based on
mobile robot navigation of learning automata
HAO Dapeng'?, FU Weiping', WANG Wen'
(1. Faculty of Mechanical and Precision Instrument Engineering, Xi’an University of Technology, Xi’an
710048, China; 2. School of Science, Xi’an Aeronautical University, Xi’an 710077, China)

Abstract: With an aim at behavior coordination problem in the mobile robot navigation control,
this paper suggests a kind of learning automata with the controllable rate. The learning automata
uses the contact time variation between the robot and obstacles as the reward and penalty signals
to regulate the learning and decision time through the active control over robot linear velocity and
to adjust the behavior intension in terms of environ dynamic behaviors and to control over the
shared management learning rate through the learning decision time and the behavior intension
control, whereby ensuring that the robot can complete the coordination implementation of naviga-
tion behaviors within the learning decision time. The simulation results indicate that the learning
automata suggested in this paper in applying to the navigation control by mobile robot is feasible,
and in comparison with the dynamic bifurcation control method, its safety in unknown dynamic
environ to carry out navigation behavior coordination control is much higher.
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