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The study on the Optimal Control of Linear Track Cart
Double Inverted Pendulum using neural network

*Sung Joo Kim, Jae Hyun Lee, Sang Bae Lee

Abstract

The Inverted Pendulum has been one of most popular nonlinear dynamic systems for the exploration
of control techniques. This paper presents a new linear optimal control techniques and nonlinear
neural network learning methods. The multilayered neural networks are used to add nonlinear effects
on the linear optimal regulator{L.QR). The new regulator can compensate nonlinear system
uncertainties that are not considered in the LQR design, and can tolerate a wider range of
uncertainties than the LQR alone. The new regulator has two neural networks for modeling and
control. The neural network for modeling is used to obtain a more accurate model than the given
mathematical equations. The neural network for control is used to overcome deficiencies by adding
corrections to the linear coefficients of the LQR and by adding nonlinear effects on the LQR
Computer simulations are performed to show the applicability and a more robust regulator than the
LQR alone,
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