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Abstract

The goal of this research is to apply the neural networks models for the disaggregation of the pan evaporation (PE) data,
Republic of Korea. The neural networks models consist of the support vector machines neural networks model (SVMENNM) and
multilayer perceptron neural networks model (MLP-NNM), respectively. The SVMENNM in time series modeling is relatively new and
it is more problematic in comparison with classifications. In this study, The disaggregation means that the yearly PE data divides into
the monthly PE data. And, for the performances of the neural networks models, they are composed of training, cross validation, and
testing data, respectively. From this research, we evaluate the impact of the SVM-NNM and the MLP-NNM for the disaggregation of
the nonlinear time series data. We should, furthermore, construct the credible data of the monthly PE data from the disaggregation of
the yearly PE data, and can suggest the methodology for the irrigation and drainage networks system.
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¥ 1. HIAEXIZE 0|28 SVM-NNMZ} MLP-NNM SH 24 Zal (M2 & 2SS
A Ne 3%
B =3 SVM-NNM | MLP-NNM | SVM-NNM | MLP-NNM
CC 0.94 0.92 0.80 0.77
RMSE(mm) 13.82 15.32 18.72 22.92
E 0.88 0.85 0.619 0.43
MAE(mm) 10.35 11.39 15.23 18.16
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