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Abstract

In the paper, we propose a predictive control scheme using multiple neural network-based
prediction models. To construct the multiple models, we select several specific values of a parameter
whose variation affects serious contro! performance in the plant. Among the multiple prediction
models, we choose one that shows the best predictions for future outputs of the plant by a switching
technique. Based on a nonlinear programming method, we calculate the current process input in the
nonlinear predictive control system with multiple prediction models. The proposed control method is
shown to be very effective when a parameter of the plant changes or the time delay, if it exists,
varies. It is also shown that the proposed method is successfully applied for the control of

suspension in a electro-magnetic levitation system.
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system using multiple models.
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