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Abstract

Paper process is complex and multivariable system. Identification of a paper
process model is imperative for the development of predictive control method.
13-level Pseudo—Random Sequence Signals were used to identify the plant
model in which the neural network model was considered model as a real paper
process. Results of simulations for identification using 13—level PRS signals and
Prediction Error Method are compared with plant operation data. From the
comparison, we can see that the dynamics of the model show good agreement

with those of real plant.
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Figure 1. Multi—layer neural network model and open—loop configuration
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2. Neural Network
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Figure 3. Neural Network training output of A company
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Figure 4. Neural Network training output of B company
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3. 13-level PRS signal design
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Figure 5. Typical multi—level PRS signal
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Figure 6. Stock flow with 13—level PRS singal (Plant A)
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Figure 7. smooth data (Plant A)
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5. Prediction Error Method
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Figure 8. Validation (Plant A)
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Figure 9. Validation (Plant B)
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