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A Stochastic Nonlinear Analysis of Daily Runoff Discharge Using

Artificial Intelligence Technique

<t < A A A >

Ahn, Seung Seop - Kim, Sung Woon

Summary

The objectives of this study is to introduce and apply neural network theory to real
hydrologic systems for stochastic nonlinear predicting of daily runoff discharge in the
river catchment. Back propagation algorithm of neural network model is applied for the
estimation of daily stochastic runoff discharge using historical daily rainfall and observed
runoff discharge. For the fitness and efficiency analysis of models, the statistical analysis
1s carried out between observed discharge and predicted discharge in the chosen runoff
periods. As the result of statistical analysis, method 3 which has much processing ele-
ments of input layer is more prominent model than other models(method 1, method 2) in
this study.

Therefore, on the basis of this study, further research activities are needed for the de-
velopment of neural network algorithm for the flood prediction including real-time fore-

casting and for the optimal operation system of dams and so forth.
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Table 1. Number of processing element for
flood prediction models

Index Input layer | Hidden layer |Output layer
(D D (K)
Method 1 5 11 1
Method 2 7 15 1
Method 3 10 21 1

Fig. 4. Neural network architecture of daily-
runoff prediction model(Method 1)
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Table 2. The Comparison of statistical analysis between the observed and predicted discharge

Index MSE |MAPE| TSE MAD VER Bias
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2 1994.6~9| 2.005|21.004 | 21.004| 1.072| 20.998 | 0.969 | 0.969 | 0.938
Checking data [1995.6~9|40.999 | 52.128 | 52.128 | 7.007 | 51.036 | 3.712| 0.812 | 0.659

Training data |1991.6~9| 6.369 | 16.383 | 16.383 | 3.028 | 16.802| 0.982| 0.982 | 0.964

Method 1992.6~9| 6.978|21.480|-21.480| 2.819]-21.398| 0.972| 0.972 | 0.945
3 1994.6~9| 0.649| 6.820 6.820 | 0.347 6.799 | 0.997| 0.997 | 0.994
Checking data |1995.6~9| 25.885 | 31.361 | -31.361 | 4.416 |-32.167| 2.343| 0.911 | 0.830
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Table 4. Comparison of lag-one serial correlation coef. between observed and predicted dis-
charge’

Case Lag-one serial correlation coefficient(#)
Year Observed Method 1 Method 2 Method 3
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