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Abstract

The current flood warning system at Chiang Mai city is based on the correlation between water level at P.67 and
P.1. The station, has a warning time of around 6-7 hour. A Artificial Neural Network (ANN) model has been widely
used for hydrology forecasting. However, the performance of the model depends on various factors e.g. the study
area or input variable selection or setting the internal parameters in the model. This research investigates several
parameters, i.e. water level, outflow discharge rate from a dam and radar images. These might increase the model’s
performance for water level forecasting at the P.67 station. The result exhibit that adjusting the water level at P.75 with
various input of outflow discharge rates with radar images improve the model’s performance. The model can predict
water level at the P.67 18 hour in advances. Moreover, integration between the models with the current flood warning
system might be a new method of increasing flood warning time at the P.1 station. This method will increase the
warning time in the Chiang Mai city to 24 hr. Hence, for flood warning using the radar image, water level and outflow
discharge rate from the dam with the ANN model is an alternative method for the flood warning system at both P.67

and P.1 stations.
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Figure 1 Water level stations in the Stay area'
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Figure 4 Hydrographs of ANN learning at P.67 in September 2005

Table 1 Statistic result of ANN learning

t+6 t+12 t+18
Model
PDIFF RMSE CE PDIFF RMSE CE PDIFF RMSE CE
B -0.0142 0.1384 0.9829 0.0069 0.1459 0.9811 -0.0008 0.1628 0.9764
C -0.0085 0.0656 0.9962 -0.0271 0.0763 0.9948 0.0105 0.1017 0.9908
BXX -0.0576 0.1383 0.983 -0.1474 0.159 0.9775 0.1097 0.1861 0.9692
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Figure 5 Hydrographs of ANN testing at P.67 in August 2005

Table 2 Statistic result of ANN testing

t+6 t+12 t+18
Model
PDIFF RMSE CE PDIFF RMSE CE PDIFF RMSE CE
B 0.8962 0.5107 08584 1.2718 0.4001 0.9131 1.566 0.4445 0.8927
Cc 0.5445 0.4992 0.8647 0.4871 0.4906 0.8693 0.9567 0.5423 0.8403
BXX -0.1002 0.3545 0.9318 0.2938 0.3442 0.9357 0.784 0.3854 0.9193
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