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Neural network model based on hybrid algorithms and
its application in runoff for ecasting

JIANG Lindi' WU Jian-sheng” ZENG Wen-hua'
(1. Soft Ware School of Xiamen University Xiamen 361005 China;
2. School of Information Engineering Wuhan University of Technology Wuhan 430070 China)

Abstract: In order to improve the accuracy of runoff forecasting a hybrid algorithm combining PSO
and GA algorithm with optimizing artificial neural network structure connection weights and bias
was proposed and used to establish a runoff forecasting model. This hybrid algorithm adopts training
samples and validation samples to share fitness in the evolutionary process. The algorithm was com—
pared with two forecasting models including PSO-ANN and GA-ANN through the actual examples of
Liuzhou runoff forecasting. The results show that the new approach has strong learning ability and
high generalization performance and can improve the accuracy of forecasting system effectively.

Thus it is an effective modeling method to get high precision of runoff forecasting.
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Fig.2 The schematic diagram of the i individual particle code
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Tab.1 The performancestatistics of the four models for runoff fitting and forecasting

1% 1% /%
AR( 6) 0.5101 0.789 1 0.899 3 0.722 5 1.0312 0.848 7 1.172 0 1.374 6 0.766 7
GA-NN 0.3513 0.579 2 0.947 1 0.488 4 0.7213 0.929 7 0.928 3 1.049 0 0.859 7
PSO-NN 0.353 1 0.546 5 0.9520 0.486 9 0.687 8 0.936 2 0.8329 0.964 3 0.882 8
PSOGA-NN  0.362 0 0.542 8 0.9531 0.3825 0.561 7 0.9411 0.4353 0.6756 0.940 1
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