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ABSTRACT: This study aimed at finding an optimized back-propagation neural networks model (BPNN) for hourly flood
forecasting in the Ping River. The automatic gauging station P.1, which is located at the Nawarat Bridge, Amphoe Mueang, Chiang
Mai Province, was selected as a forecasted station. The study area is part of the Upper Ping River Basin where flooding normally
occurs, especially at the city of Chiang Mai Province. The results showed that the optimal model had a structure of 9-12-1. The
optimal learning rate and momentum factor were found to be 0.2 and 0.7, respectively. The optimized model was found to
satisfactorily forecast flooding hydrograph. The results indicated that the optimized back-propagation neural networks model

performed flood forecasting tasks reasonably well.
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