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Self-balance control of two-wheeled robot based on

Skinner’s operant conditioned reflex

REN Hong-ge, RUAN Xiao-gang
(School of Electronic & Control Engineering, Beijing University of Technology, Beijing, 100124, China)

Abstract: For the movement-balance control of a two-wheeled self-balancing robot, we adopt the autoregression neural-
network-learning-algorithm based on Skinner’s operant conditioned reflex theory as the learning mechanism, and use the
autoregression neural-network to approximate the critic function in the optimization of behavioral decision, so that a two-
wheeled robot can obtain self-learning skills like a human being or an animal through studying and training in a model-free
external environment to realize the movement balance control. Two simulation experiments are separately performed in the
states with and without disturbance, respectively. The comparison of the respective results shows that learning mechanism
with Skinner’s operant conditioned reflex has a faster control skill in self-balance and a high robustness. This exhibits great
research significance in theory and practice.
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(Structure feature and dynamic model of the
two-wheeled robot)
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Fig. 1 The structure drawing of the robot

2.2 B B LSS A K3 22K R (dynamic
model of the two-wheeled robot)
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Fig. 3 The structure chat of the autoregression neural

network leaning system based on Skinner’s

operant conditioned reflex
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