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Application of improved PSO-RBF neural network in the
synthetic ammonia decarbonization
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(1.School of Electrical Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018, Chinaj;2.De-
partment of CP Affairs and Administration, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018, China)

Abstract : The synthetic ammonia decarbonization is a typical complex industrial process, which has the characteristics of time
variation, nonlinearity and uncertainty, and the on-line control model is difficult to be established. An improved PSO-RBF neu-
ral network control algorithm is proposed to solve the problems of low precision and poor robustness in the complex process of
the synthetic ammonia decarbonization. The particle swarm optimization algorithm and RBF neural network are combined. The
improved particle swarm algorithm is used to optimize the RBF neural network’s hidden layer primary function center, width
and the output layer's connection value to construct the RBF neural network model optimized by the improved PSO algorithm.
The improved PSO-RBF neural network control model is applied to the key carbonization process and compared with the tradi-
tional fuzzy neural network. The simulation results show that the improved PSO-RBF neural network control method used in

the synthetic ammonia decarbonization process has higher control accuracy and system robustness, which provides an effective
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way to solve the modeling and optimization control of a complex industrial process.

Keywords: automated technology applications; the synthetic ammonia decarbonization; PSO; RBF neural network;

optimal control
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