Journal of Korean Institute of Intelligent Systems, Vol. 23, No. 5, October 2013, pp. 473-478
http://dx.doi.org/10.5391/JKI1S.2013.23.5.473

KLAPS M &4 X2 & o|&st Zl=t= &3t RBFNNs 7| gt
SSEE §H nE MdA

Design of Heavy Rain Advisory Decision Model Based on
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Abstract

In this paper, we develop the Heavy Rain Advisory Decision Model based on intelligent neuro—fuzzy algorithm
RBFNNSs by using KLAPS(Korea Local Analysis and Prediction System) Reanalysis data. the prediction ability of ex-
isting heavy rainfall forecasting systems is usually affected by the processing techniques of meteorological data. In
this study, we introduce the heavy rain forecast method using the pre—processing techniques of meteorological data
are in order to improve these drawbacks of conventional system. The pre-processing techniques of meteorological da-
ta are designed by using point conversion, cumulative precipitation generation, time series data processing and heavy
rain warning extraction methods based on KLAPS data. Finally, the proposed system forecasts cumulative rainfall for
six hours after future t(t=1,2,3) hours and offers information to determine heavy rain advisory. The essential parame-
ters of the proposed model such as polynomial order, the number of rules, and fuzzification coefficient are optimized
by means of Differential Evolution.
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