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Abstract

Bang Rakam District, Phitsanulok Province is located in Lower Yom River Basin that is influenced by the physical
characteristics of water in the upper basin during heavy rainfall or when the volume of water from the northern part
causes annual flooding of this area. This study used daily rainfall grid data from the WRF-ECHAMS5 model between

the years 1989 and 2009 as input variables for predict water levels at Y. 16 station. The objectives of this study were
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1) to compare cross correlation and a stepwise regression method as methods for selecting appropriate input variables,
2) to determine the architecture of artificial neural networks models for the Y.16station by comparing between 1 and
2 hidden layers, also hidden nodes at and n nodes, and 3) to study the techniques of how to increase the input
variables from the WRF-ECHAM5mode with Moving Window Averaging (MWA), Moving window Averaging Time step
back (MAT), Moving Window Time step back (MWT) and all the input variables. The learning algorithm for this study
wass Levenberg-Marquardt (LM) with numbers of run 30 times, then selected top 5 models with the best learning
process by r* values, after that the results of the top 5 models were evaluated with PDIFF value. The results found
that Cross correlation and Stepwise regression methods selected input variables in each group as MWA (16:2), MAT
(21:1), MWT (24:1) and all input variables (53:1). In conclusion, Cross correlation is better than the Stepwise
regression method because the Stepwise regression selected few input variables. The appropriate hidden layers should

be 1 layer and hidden node should be n node, where n is the number of input variables. Finally, MWT is the best

technique, which is a mixed technique between MWA (spatial dimension) and MAT (time dimension).
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Figure 7 LearningResults

Table 1 The r* Average of Top 5 models
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Model E1 E2 E3 E4
1AC 0.035 0.080 0.087 0.103
1BC 0.053 0.086 0.091 0.104
2CC 0.046 0.088 0.090 0.092
2DC 0.045 0.091 0.096 0.110
2EC 0.051 0.092 0.097 0.105
2FC 0.048 0.090 0.087 0.100
1AS 0.029 - - -
1BS 0.030 0.071 0.076 0.069
2CS 0.028 - - -
2DS 0.029 - - -
2ES 0.030 0.068 0.075 0.070
2FS 0.030 - - -
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