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Dynamic Matrix Control of Grade Change Operations in Paper Mills
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Abstract

In this work the Dynamic Matrix Control method is applied to control the
grade change operations in paper mills. Paper process trained by neural
network regards a real—plant. The model obtained with operation data is used
to achieve DMC. Results of simulations for DMC control of grade change
operations are compared with plant operation data response. From the
comparison, we can see that the proposed DMC method exhibits faster

response for the grade change of paper and achieves stable steady—state.
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Figure 1. Flowchart of the formulation of neural networks models
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3. Prediction Error Method
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21 79] solution vector® 2 100]t},
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A+ D=y oD+ 3 pu =8 ) B ult=D (15)
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Figure 2. DMC input trend at 94g/m’—78g/m® Figure 3. DMC output trend at 94g/m*—78g/m?
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