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Abstract

Five input determination techniques (Cross correlation-C, Stepwise regression-S Cross correlation+Stepwise regression-CS,
Genetic algorithms-G and Supervise-Sp) were investigated by comparing them using all input variables. An artificial
neural network was used for flood forecasting at 24 and 48 hr in advance at M.7 station, and the input variables were
hourly water levels monitored from M.181, M.179, M.176 and M.182 stations. In addition, two learning algorithms of
the artificial neural network (Levenberg-Marquardt algorithm and Bayesian Regularization algorithm) were investigated.
Finding the suitable number of hidden nodes (increasing from 1 to 2n+1 node) was also included in this research.
It was found that for flood forecasting at 24 and 48 hr in a 2007 event, C and CS techniques were the best.
The suitable number of hidden nodes was 1 node and both learning algorithms had similar performance. In addition,
the model performances were pretty good by error value approximately 8.7 and 12.7 centimeters or CE value with

0.99 and 0.98 for forecasting 24 and 48 hr in advance respectively.
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Water level (m) Flood event during 2007-2011
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Figure 3 Hydrograph at M.7 between 2007-2011
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Table 1 Input variables t+24

Variables Input determination techniques
AC AS ACS AG ASp

M.7 X X X X X
M.7_12 X X X X

M.7_24 X X X X

M.181 X X X X X
M.181_12 X X X
M.181_24 X X X

M.179 X X X X X
M.179_12 X X X X
M.179_24 X X X

M.176 X
M.176_12

M.176_24 X

M.182 X X X X X
M.182_12 X X X X
M.182_24 X X X
Total 12 12 10 11 5

Table 2 Input variables t+48

Variables Input determination techniques
BC BS BCS BG BSp

M.7 X X X X X
M.7_12 X X X X
M.7_24 X X X X
M.181 X X X X X
M.181_12 X X X X
M.181_24 X X X
M.179 X X X X X
M.179_12 X X X X
M.179_24 X
M.176 X X X
M.176_12 X
M.176_24
M.182 X X X X
M.182_12 X X X X
M.182_24 X X X
Total 12 13 11 9 5
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Figure 4 CE and RMSE of ANN models for t+24 hr
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Table 3 RMSE and CE for ANN model performances t+24

Model t+24
RMSE CE
LM BR LM BR
AC/AS 0.087 0.087 0.990 0.990
ACS 0.087 0.087 0.990 0.990
AG 0.093 0.092 0.989 0.989
ASp 0.146 0.146 0.973 0.973
AA 0.093 0.093 0.989 0.989
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Figure 5 Hydrographs for t+24 hr
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Figure 6 PDIFF of ANN models for t+24 hr
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Figure 7 CE and RMSE of ANN models for t+48 hr

lagdrwulnua 1 Inuafianuwindranndige
$F93e1 CE way RMSE néanga TaamaianisdaLdan

@ o

TB%JR%’]L“ﬂ”] BCS,BC uaz BS Iﬁwﬂﬂ’]iWﬂ’mifﬁﬁaﬂ'jﬂﬂ’ﬁ

faifandayauuy BG, BSp uaz BA Tulafiarsandaniauan
inafia BCS uaz BC ldnamsweninifififiga (Table 4)
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Figure 8 Hydrographs for t+48 hr
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Figure 9 PDIFF of ANN models for t+48 hr
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