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Fig. 1 Temperature distribution of batch reaction and
product quality model
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Fig.2 Configuration of the process neural network
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Fig.3 The MPCE-1000 simulation platform
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Table 1  The dosage of raw material consumed per reactor

5 Egin 4l B i/ kg Tl /L
1 Z e 942 1800
2 SR = 237 185
3 R 140 125
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Fig.5 Comparisons of training data with actual data

(a), testing data with desire data (b)
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Table 2 Comparison of training results for networks that have

different numbers of neurons in hidden layers

F5 RERTEEA NERRRE/ % EARE
1 12 0.9919 9672
2 25 0. 3352 8532
3 26 0.432 7685
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Optimization of a batch reactor based on a process neural network

LIN ShuQian

WANG Jing CAO LiuLin

(College of Information Science & Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract. The optimal operation trajectory of a batch process is always determined by experienced workers, based

on their rich experience. Obviously this method is time-consuming and laborious. In order to overcome this prob-

lem, a simple and fast mathematical method is given based on a process neural network ( PNN) model. A PNN is

used to model batch processes in order to overcome the restrictions on instantaneous synchronization input for a tra-

ditional neural network. Based on the PNN, a quadratic form performance index function is presented which allows

the optimal operating trajectory to be obtained. The proposed scheme is successfully applied to a simulated batch

process.

Key words: PNN model; optimization of operation trajectory; MPCE simulation platform



