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Artificial Neural Network Model for Water Level
Forecasting at Lower Yom Catchment with Rainfall Grid
Data from Climate Model
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Abstract

This article is about using an artificial neural network model for water level
forecasting at Lower Yom Catchment, Y.16 station, Bangrakam District by using rainfall
grid (20x20 kilometer) from the climate model WRF-ECHAM5 that predicts future rainfall
grid (year 2035-2064). Three techniques of using rainfall grid data are in (1) using 7 rainfall
grids (A, B, C,..., G) at time t and time step back from 1 to 7 days (At, At-1, At-2,..., Gt-7)
(56 variables) (2) using moving average time step back (MAT) technique at time t and
time step back 1-7 days (At, AMV2, ..., GMVT) (49 variables) and (3) using variables from
technique 1 and 2 (98 variables). In addition, two learning algorithms of artificial neural
network model; LM (Levenberg-Marquardt) and BR (Bayesian Regularization) and three
different numbers of hidden nodes; 50%, 75% and 100%, which are based on number
of input variables are investigated. All flood events between year 1989-2009 were
used for this study. The results found that using technique (1) is better than other
techniques and learning algorithm LM with hidden node 50% has more accurate than
hidden node 75% and 100% and suitable for water level forecasting at Y.16 station,
moreover prediction the maximum water level in the future has been found that it will

be flood every year and the highest water level in year 2042 is 9.96 meter.

Keywords: Artificial Neural Network model, Yom catchment, Climate model, WRF-
ECHAMb, Flood
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A B | C | D | E | F |
1| DATE AMV  AMV2 AMV3  AMV4  AMVS
2 |06/08/1996  3.85

3 |07/08/1996 098 [_2.42]

4 |08/08/1996  7.65 | 4.32

5 |09/08/1996 1335 |1050 | 733  6.46
6 |10/08/1996 392 | 864 | 831 648 595
7 |11/08/199%6 661 | 527 | 796  7.88 650
8 |12/08/1996 034 | 348 |362 606 637
9

/13/08/1996 6.74 3.54 4.56 4.40 6.19

242 = 416 =

(3.85+0.98)/2 (3.85+0.98+7.65)/3

A 2: 33 Moving average time step back (MAT)
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