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Design of Summer Very Short-term Precipitation Forecasting
Pattern in Metropolitan Area Using Optimized RBFNNs
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Abstract

The damage caused by Recent frequently occurring locality torrential rains is increasing rapidly. In case of densely popu-
lated metropolitan area, casualties and property damage is a serious due to landslides and debris flows and floods. Therefore,
the importance of predictions about the torrential is increasing. Precipitation characteristic of the bad weather in Korea is
divided into typhoons and torrential rains. This seems to vary depending on the duration and area. Rainfall is difficult to
predict because regional precipitation is large volatility and nonlinear. In this paper, Very short-term precipitation forecasting
pattern model is implemented using KLAPS data used by Korea Meteorological Administration. we designed very short term
precipitation forecasting pattern model using GA-based RBFNNSs. the structural and parametric values such as the number
of Inputs, polynomial typenumber of fcm cluster, and fuzzification coefficient are optimized by GA optimization algorithm.
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Table 1. Polynomial Type

Type Polynomial Type
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Table 2. Composition of KLAPS Data

Year Month
Training Data 2006 ~ 2008 678
Validation Data | 2008 ~ 2009 6~ 8
Testing Data 2010 ~ 2011 678
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Table 3. Set-up Parameters of Genetic Algorithm

No. of
Generations 60
No. of
Populations 30
GA Mutation Rate 0.01
Crossover Rate 0.65
Feature A
Selection 0.5 oI
String Length 130
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Table 4. Parameters Search Space of Radial Basis
Function Neural Networks
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Table 5. Contingency table of Precipitation forecasting

Event Event Observed
Forecast Yes No Marginal Total
Yes Hit(a) AIIZI irsjb) Fc Yes (ath)
No Miss(c) Norfi(g\rzi;tt( a Fc No (c+d)
M’?‘i)gi;;rllal Yecs)(baSJrc) Obs No(b+d) (if}ii‘giﬂ)
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Fig. 4. Comparison of ETS 1 and ETS 2
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Table 6. Optimized Parameters
Optimization Values
No. of Inputs 12
Fuzzification Coefficient 1.16
No. of Clusters 5
Polynomial Type 4
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Table 7. Performance index of Equitable Threat
Score(Testing)
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