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Optimization of Generalized Regression Neural Network Temperature
Prediction Based on Improved Drosophila Algorithm

KONG Yanfang,NAN Xinyuan,SHI Yuefei,Subinur * Gayrat
(School of Electrical Engineering, Xinjiang University, Urumqi 830047, China)

Abstract:In order to predict the oxidation tank temperature accurately, an improved Drosophila optimization
algorithm is proposed to optimize the parameters of the generalized regression neural network (GRNN) . The
improved method is to add the idea of individual extremum into the standard Drosophila optimization algorithm,so as
to improve the ability of the algorithm to jump out of the local optimal value. Finally, GRNN, FOA-GRNN and
IFOA-GRNN are used to establish the temperature prediction model of oxidation tank. The results show that the
mean absolute error(MAE) , root mean square error(RMSE) and mean relative percentage error(MAPE) of IFOA-
GRNN prediction model are all lower than those of the other two prediction models,and the prediction accuracy and
generalization ability are more reliable. This method can be used to predict the temperature change of the oxygen tank
more accurately.
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