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Abstract

Runoff forecasting was performed by using artificial neural networks (ANNSs). Artificial
neural networks can be used for flow prediction without need of physical and hydrological
knowledge related to runoff occurrence. In this study, artificial neural networks with back
propagation algorithm was used for runoff forecasting in the Lum Phachi River Basin, which
has drainage area of 2590 km® and located in the western part of Thailand. Artificial neural
networks were applied to one-day ahead forecasting of daily discharges at station K.59
(Kanchanaburi). The accuracy of runoff forecasting was evaluated by using statistical
performance index and the comparison of forecasted hydrograph with the observed
hydrograph. The result showed that when the 60% random set of data was used in training
and testing the model, and used the remaining 40% of data for forecasting, the 10-10-10-1
model gave the highest accuracy. However when the continuing set of data during June 2000-

March 2001 was used for training and testing, the 5-10-10-1 model gave the highest accuracy

for runoff forecasting during April-May 2000.
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