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Web-Based Forecasting System for Flood Runoff
with Neural Network
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Abstract

The forecasting of flood runoff in the river is essential for flood control. The purpose of this study is to test a
development of system for flood runoff forecasting using neural network model. For the flood events the tested rainfall
and runoff data were the input to the input layer and the flood runoff data were used in the output layer. To choose
the forecasting model which would make up of runoff forecasting system properly, real-time runoff in the river when
flood periods were forecasted by using the neural network model and the state-space model. A comparison of the
results obtained by the two forecasting models indicated ‘the superiority and reliability of the neural network model
over the state-space model. The neural network model was modified to work in the Web and developed to be the
basic model of the forecasting system for the flood runoff.
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Fig. 1 Cross—correlation between rainfall and flood runoff
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Fig. 2 Autocorrelation of selected flood runoff event
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Table. 1 Training results of neural network

| ma |Network) RMSE | ce | Mrog) | VE®%)
15-15-1 1104.3164 | 09866 | 50243 | 2.3264

MANN | 15-30-1 | 89.0434 | 0.9901 | 0.7095 | 0.2982
I 15-45-1 | 91.4646 | 09900 | 2.9093 | 3.1278

F 15-60-1 | 932345 | 09875 | 3.2135 | 3.5286
= 8-8-1 [132.7370{ 09777 4 61901 | 14612
MANN | 8-16-1 | 1135512} 09872 | 21345 | 2.6265
I [ 8-24-1 | 117.0001] 09828 | 33110 | 21229
8-32-1 [1253546| 09788 | 36592 | 3.4561

[Note] RMSE: Root Mean Square Error, CC: Correlation
Coefficient, MF: percent error of Maximum Flow, VE:
percent Volume Error
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Table 2. Comparison of indices for models

A ' s | Network 2 | RMSE | VE | MF
G| N g | BYRR) 56 | )
MANN| 15301 |0.9939] 482983 |3.4644|0.3891
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7 | State
State ] 12 |09870| 742154 2536654648
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Case I
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