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A Neural Network for Long-Term Forecast of Regional
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ABSTRACT

In this paper, a neural network approach to forecast Korean regional precipitation is presented.
We first analyze the characteristics of the conventional models for time series prediction, and then
propose a new model and its learning method for the precipitation forecast. The proposed model is a
layered network in which the outputs of a layer are buffered within a given period time and then fed
fully connected to the upper layer. This study adopted the dual connections between two layers for the
model. The network behavior and learning algorithm for the model are also described. The dual
connection structure plays the role of the bias of the ordinary Multi-Layer Perceptron(MLP), and
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70 A Neural Network for Long=Term Forecast of Regional Precipitation

reflects the relationships among the features effectively. From these advantageous features, the

model provides the learning efficiency in comparison with the FIR network, which is the most popular

model for time series prediction. We have applied the model to the monthly and seasonal forecast of

precipitation. The precipitation data and SST(Sea Surface Temperature) data for several decades are

used as the learning pattern for the neural network predictor. The experimental results have shown

the validity of the proposed model.

KEYWORDS: Neural Network, Time Series Prediction, Weather Forecast
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