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Abstract: A novel kernel learning one-step-ahead predictive control (KLOPC) algorithm is presented for the general
unknown single-input/single-output nonlinear systems. Firstly, a one-step-ahead predictive model is obtained by using the
KL identification framework; secondly, a new one-step-ahead weighted predictive control performance index is formulated;
thirdly, the control law is computed via Brent optimization method, which is efficient and reliable in one dimension search
without knowing any derivative of the KL identification model. This simple KLOPC scheme has few parameters to be
chosen, making it very suitable for real-time control. Simulation results of a nonlinear process show that the new KLOPC
algorithm is superior to other methods based on KL model and the well tuned PID controller. The proposed KLOPC
strategy also exhibits more satisfactory robustness and adaptation to both additive noise and unknown process disturbance.
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Fig. 1 Comparisons of system response to the set-point

tracking based on different control schemes
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Fig. 3 System response to tracking a mixed wave
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