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M ultiple models neural network decoupling controller for a
nonlinear systam
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Abstract: A multiplemodels neural network decoupling controller is designed to control themultivariable nonlinear
discrete time system. At each equilibrium point, one neural network is trained offline to identify the linear tem of
the nonlinear systen and the other neural network is trained online to identify the nonlinear tem. The nonlinear
tem of the systam isview ed as themeasurable disturbance and elim inated using feedforw ard strategy. Themultiple
models are composed of all models, w hich are got from all equilibrium points A coording to the sv itching index, the
best model is selected as the systan model and the decoupling controller is designed accordingly. The smulation
example show s that a better systan regponse can be got even when the systam is changed in many equilibrium
points
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