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Improved geometrical learning planning for
service robot in dynamic environment

CHEN Yan-jie!, WANG Yao-nan, ZHONG Hang, MIAO Zhi-giang
(College of Electrical and Information Engineering, Hunan University, Changsha Hunan 410082, China)

Abstract: To deal with the collision avoidance and target arrival for service robot when working, we propose an im-
proved geometrical learning-based planning algorithm. Based on the geometrical learning planning algorithm, the non-
holonomic constraint of mobile robot is firstly introduced to obtain higher planning feasibility. Secondly, the influence of
obstacle is modified by making the detected obstacles effective only in the known area so as to reduce the influence of
unknown area on path generation. Then, in order to improve the poor convergence performance of the geometrical learning
planning algorithm when the robot gets close to the target, the random select point method is modified by considering the
target as the first selected point when the target appears in the detected area. Moreover, an adaptive velocity moving strategy
is designed to ensure the good convergence ability and high efficiency of planning. Finally, the simulation and experimental
results show that the improved geometrical learning has higher planning efficiency and better convergence ability than the

traditional ones.
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3 St A 22 3 B 2RI (Improved
geometrical learning path planning)

3.1 Bahplii Nz 3h 38 (Kinematical model of

mobile robot)
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Fig. 1 Kinematical model of the service robot
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learning algorithm)
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3.3.1 WS4 BT (Convergence analysis)
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analysis)
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Fig. 4 Robot path under improved geometrical learning planning
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