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Fig.1 Verifying curve of temperature

output based on BP network
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Fig.3 Curve of fitness of PSO

Fig.2 Verifying curve of temperature network

Fig. 4

output of PSO-ecurrent BP network
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Curve of training error of PSO—~recurrent BP network
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Modeling Method of PSO-recurrent BP Network for
Omethoate Synthesis Process

FENG Dong—ing ~ YANG Shu—=ian
( School of Electrical Engineering Zhengzhou University Zhengzhou 450001 China)

Abstract: In order to improve the model efficiency and show dynamic characteristic of the system the
modeling method of PSO—ecurrent BP network for omethoate synthesis process was studied. Firstly the
structure of PSO—<ecurrent BP network was determined according to the features of the object. Secondly

PSO algorithm was used to optimize the weight and threshold of BP neural network. Finally the improved
BP algorithm was used to train the pre-optimized weight and threshold for getting further accurate parame—
ters of the model. The simulation results showed that this model not only had small error fast convergence
speed and strong ability of network generalization but also show characteristics of the actual object well.
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