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Modeling of Hydrologic Time Series using Stochastic Neural Networks Approach
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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 generalized regression neural networks model (GRNNM) and nwiltilayer
perceptron neural networks model (MLP-NNM), respectively. 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 and test performances,
respectively. The training and test performances consist of the historic, the generated, and the mixed data, respectively. From this
research, we evaluate the impact of GRNNM and MLP-NNM for the disaggregation of the nonlinear time series data. We should,
furthermore, construct the credible data of the monthly PE from the disaggregation of the yearly PE data, and can suggest the
methodology for the irrigation and drainage networks system.
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Figure 3. Comparison of the monthly PE for the testing performance (Historic data)
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