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Abstract: The internal model control (IMC) based on the online-sparse-least-squares-support-vector-machines-
regression (OS-LSSVMR) is proposed to tackle the difficulty in constructing the accurate model for the nonlinear uncertain
system. The OS-LSSVMR with sparse resolution for the online modeling is introduced, and is applied to construct the
forward internal model of the plant. The controller based on the backward internal model of the plant is also developed for
the reversible system. Both forward and backward models will be automatically modified online when they deviate from
the plant. The simulation shows that, for an uncertain nonlinear system, this control method provides a better real-time
performance and robustness, as well as the online modification ability.
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