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Comparison of Beijing Temperature Prediction Effect
Based on PSO LLSSVM and Elman Neural Network Model

XU Zhen-ci' , LIU Jun-tao' , WANG Guo-dong' , YANG Jianping®*
(1. College of Water Resources &. Civil Engineering,China Agricultural University, Beijing 100083, China;
2. College of Science,China Agricultural University, Beijing 100083, China)

Abstract: Based on the data analysis of monthly average temperature from 1960 to 2004 in Bei-
jing,a least squares support vector machine (LSSVM) and an Elman neural network model were
established,and optimized by particle swarm optimization (PSO), trial and error method respec-
tively,and then applied to predict the data of monthly average temperature from 2005 to 2009.
Finally a comparative analysis of those two models was made and a more reasonable model was se-
lected. The results showed that two models were all relatively feasible for simulation of the tem-
perature series as a whole (R* was higher than 0. 985). However,it did not work well when they
were used in low temperature prediction. Moreover, compared with Elman neural network model
(RMSE=1.732 5),PSO LSSVM had less prediction errors(RMSE=1. 380 6),and the simula-
tion result was better. Accordingly, PSO LSSVM model could be applied to temperature predic-
tion, which can serve as a guidance for local agriculture production and industrial development.
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