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Abstract

An artificial neural network model was developed to analyze and forecast Short-term river runoff from
the Naju watershed, in Korea. Error back propagation neural networks (EBPN) of hourly rainfall and runoff
data were found to have a high performance in forecasting runoff. The number of hidden nodes were
optimized using total error and Bayesian information criterion. Model forecasts are very accurate (i.e.. relative
error is less than 3% and R” is greater than 0.99) for calibration and verification data sets. Increasing the
time horizon for application data sets, thus making the model suitable for flood forecasting. decreases the
accuracy of the model. The resulting optimal EBPN models for forecasting hourly runoff consists of ten
rainfall and four runoff data(ANNO0410 model) and ten rainfall and ten runoff data(ANNI1010 model).
Performances of the ANN0410 and ANN1010 models remain satisfactory up to 6 hours (i.c., R is greater

than 0.92).
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Table 1 Summary of storm event data used in the

Naju station

Year I:\?egg Name of event Remarks

2001 { 3 | ST010623, STO010711, ST010914 | Calibration
2000 1 3 | ST000714, ST000816, ST000912 | Verification
1999 | 3 | ST990701, ST990830, ST990919 | Calibration
19981 2 ST980731, STI80928 Calibration
197 2 ST970624, ST970802 Calibration
Sum | 13
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Table 2 Calibration statistics for each model

Model a | b TE | RB (%) | RMSE (m%/s) | RMAE (m%s) El R’
ANNO0404 16 | 20 0.0142 0.35 18.28 0.03 0.9986 0.9989
ANNO410 M2 0.0082 0.08 12.04 0.02 0.9994 0.9994
ANNI1010 40 6 0.0085 0.84 13.36 0.02 0.9993 0.9993
ANN0O404T g8 | 17 0.0219 1.30 2192 0.03 0.9980 0.9985
ANNO410T 14 ] 20 0.0148 0.69 17.97 0.03 0.9987 0.9989
ANNI010T 20 |17 0.0161 0.00 16.95 0.02 0.9988 0.9989
ANNO0303T 6 | 22 0.0255 133 2242 0.03 0.9980 0.9983
ANNO707T 14 8 0.0198 0.14 17.99 0.02 0.9987 0.9987
ANNI000T 10 | 20 0.0305 291 30.59 0.04 0.9960 0.9972

a: number of nodes of input layer, b: number of nodes of hidden layer
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Table 3 Verification statistics for each model : model
forecasting one hour in advauce

Model |RB (%) mfg }fxg B | R
ANNOA04 | 045 | 2401 | 0.03 | 09982 | 09983
ANNO410 | 027 | 3884 | 0,03 09998 | 09985
ANNI0I0 | 089 | 3366 | 003 09999 | 0.9989
ANNO40/T] 094 | 3865 | 0.03 | 09998 | 0.9987
ANNO410T]| 0,07 | 36.36 | 0.02 | 0.9998 | 0.9986
ANNIOIOT| 096 | 36.36 | 003 | 0.9998 | 0.9987
ANNO303T] 092 | 3690 | 0,03 | 0.9998 | 0.9989
ANNOTOTT| 125 | 39.38 | 003 | 0.9998 | 0.9986
ANNIOOOT| 172 | 4574 | 0.04 ] 0.9997 | 0.9980
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