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Abstract

The current of flood warning at Chiang Mai city is based on the correlation
between water level at P.67 and P.1 station that has the warning time around 6-7 hour.
The artificial neural network (ANN) model has been widely used for hydrology
forecasting but the ANN’s performance is depended on the study area or input
variable selection or setting the internal parameters in the ANN model.

This research has been investigated in several of parameters, which are outflow
discharge rate from the dam, radar images, setting the numbers of hidden node and
comparing learning algorithm types, may increase the ANN model's performance for
water level forecasting a P.1 and P.67 station.

The result of this research has been found that adjusting the water level at P.75
with outflow discharge rate or using the outflow discharge rate (unit: ms/hr) as the input
variable with radar image and water level or selecting numbers of hidden nodes 50%
less than numbers of input node or choosing the learning algorithm LM improve the
ANN model’s performance.

The model can predict water level at P.67 and P.1 in 18 and 12 hour in
advances. Integration between ANN with the current flood warning may be the new
method of increasing flood warning time at P.1 station by applying ANN to forecast
water level at P.67 station in 18 hr a head then using the water level correlation
between P.67 and P.1 that has warning time 6-7 hr. It will increase the warning time in
the Chiang Mai city up to 24 hr, therefore, for flood warning by using radar image,
water level and outflow discharge rate from dam with ANN model could be the

alternative method for flood warning both P.67 and P.1 station.



