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ABSTRACT

In the grade change operations inputs and outputs are highly correlated and application
of conventional linear feedback control methods such as PID schemes might lead to poor
control performance. In this study the neural networks model for the grade change oper-
ation is trained by using bilinear terms which can represent non-linear characteristics
of grade change operations. The inverse model of the grade change operation is obtained
from training and the optimal input variables are computed from the trained neural net-
works as well. The proposed bilinear inverse model predictive control scheme was found
out to showlittle discrepancy between simulated outputs and setpoints.
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