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Prediction model of S entration at outlet
of IPSO-GRU desulfurizat%

em based on feature selection

e S0, concentration at the outlet of desulfurization system cann’t be detected in

time during the purging process o ired power plant, an improved particle swarm optimization algorithm based on

priate variables, and then tlfe§selected variables are used as the input of IPSO —GRU prediction model.Aiming at the
problem that the key super parameters of GRU model are difficult to determine, IPSO is used to train the model parame-
ters to reduce the training cost of GRU. Finally, the prediction of the sulfur dioxide concentration at the outlet of the
desulfurization system is realized.The experimental results show that the proposed model has higher prediction accuracy
and more application value in engineering practice than the traditional cyclic neural network.
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