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Introduction

A polynomial autoregressive moving average (ARMA) model is experimentally identified by using a stepwise model building algorithm for a continuous styrene polymerization reactor. The jacket inlet temperature and the feed flow rate are chosen as input variables whereas the output variables are the monomer conversion and the weight average molecular weight (Mw). To obtain the on-line measurements of the monomer conversion and Mw, we use an on-line densitometer and a viscometer with some correlations. 

The nonlinear model predictive control (NLMPC) scheme based on a polynomial ARMA model is designed by using a successive linearization method. The experiments are carried out to validate the performance of the proposed NLMPC

Experimental system

The schematic diagram of the experimental system is shown in Figure 1. The jacketed glass reactor has a capacity of 1L and the overflow line is installed at the upper part of the reactor, so that the volume of reaction mixture is kept constant. Heating or cooling of the reaction mixture is carried out by heating-cooling water through the jacket. A variable-speed, remote setpoint pump is used for pumping the solution of monomer, solvent and initiator into the reactor. In order to measure the density and viscosity of the reaction mixture, the circulation line is attached to the reactor. The reaction mixture is circulated by the diaphragm metering pump through the circulation line, in which the on-line densitometer and the viscometer are installed. The on-line measurements of the monomer conversion and Mw are obtained by using the measured density and viscosity with some cor-relations [3]. The set of reference conditions for the experiment are summarized in Table 1. The reaction mixture is sampled at successive times and the conversion is measured by the gravimetric method, while Mw are measured by the gel permeation chro-matography (GPC).
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Figure 1. Schematic diagram of experimental system.

Table 1: Reference conditions of experimental study

	Condition
	Item
	Value

	Initial

Charge
	Monomer(Styrene)

Solvent(Toulene)

Initiator(AIBN)
	400 mL

400 mL

8g

	Feed

Concentration
	Monomer

Solvent

Initiator
	4.34 mol/L

4.70 mol/L

0.06 mol/L

	Operating conditions
	Reactor temperature

Feed flow rate
	50-85 oC

5-30 mL/min


Identification

A polynomial ARMA model is defined as follows:
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where qy and qu denote the number of outputs and inputs, respectively, while ny and nu indicate the number of lags on the outputs and inputs, respectively. The regressors and model parameters were obtained by using a stepwise model building algorithm [3]. 
Presented in Figure 2 are the experimental input-output data used to identify the models for the conversion and Mw. The output data were obtained from the correlations using the density and viscosity data measured by the on-line densitometer and viscometer, respectively. The input sequences were drawn from a uniform distribution with switching probability Ps=0.1 and 4 levels.
NLMPC

[image: image1.wmf]
Figure 2. Output data obtained experimentally against the pseudo random multi-level input signals with Ps=0.1 and 4 levels and the response of the experimentally identified polynomial ARMA model.

Garcia [2] proposed nonlinear quadratic dynamic matrix control (NLQDMC) based on successive lin-earization of the nonlinear model. Lee and Ricker [1] developed a computationally efficient nonlinear control algorithm by combining the main concepts of NLQDMC with the extended Kalman filter (EKF). Both algo-rithms find extensive in-dustrial applications, mainly by virtue of mild computational requirement. We employed the successive linearization concept in the design of the NLMPC based on a polynomial ARMA model. By using the several assumptions, the prediction equation is finally derived as follows:
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The objective function and the input-output constraints are considered as follows:
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Since the prediction equation is linear to the input moves, the optimal inputs can be calculated from the minimization of eq (3) via quadratic programming (QP) instead of nonlinear programming. Figures 3 and 4 show the servo performance of the NLMPC. The on-line measurements of the monomer conversion and Mw were used. In figure 3, Mw is slightly decreased as the setpoint of the monomer conversion is changed, however the NLMPC regulates quickly to original setpoint. The on-line measurements are in good agreement with off-line analysis in both cases of the monomer conversion and Mw.
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Figure 4. Experimental result 2 for the NLMPC.
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Figure 3. Experimental result 1 for the NLMPC.

Conclusions

From the experimental results of the identification and the NLMPC, a polynomial ARMA model is found to describe accurately the nonlinear behavior of the polymerization reactor. Furthermore, the NLMPC based on a polynomial ARMA model is effective in a property control of a continuous styrene polymerization reactor.
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