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Abstract

There are 12 Learning algorithms of artificial neural networks in the MATLAB program (Levenberg-Marquardt-LM,
Bayesian Regularization-BR, BFGS Quasi-Newton-BFG, Resilient Backprogagation-RP, Scaled Conjugate Gradient-
SCG, Conjugate Gradient with Powell/Beale Restarts-CGB, Fletcher-Powell Conjugate Gradient-CGF, Polak-Ribiere
Conjugate Gradient-CGP, One Step Secant-OSS, Variable Learning Rate Gradient Descent-GDX, Gradien Descent
with Momentum-GDM and Gradient Descent-GD) and each learning algorithm type has a difference in its learning
process. Therefore, in this article 12 learning algorithms were compared to find the one most suitable for flood
forecasting at P.1 station, t+6 and t+12 hr. using 4 input determination techniques (Cross Correlation-C, Stepwise
Regression-S, Cross Correlation+Stepwise Regression-CS and Genetic Algorithms-G), also hidden nodes were set

to 1 node and based on number of input variables 25%, 50%, 75% and 100%. It was found that the majority of
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learning algorithms gave the similar results of flood forecasting (R* = 0.99 and 0.97). In conclusion, however, for flood
forecasting t+6 and t+12 hr in advance at P.1 station, SCG, CGB, CGP, OSS or LM are the most suitable learning

algorithms because all of them can forecast flood events and they seem to be the fastest learning algorithms

(approximately 1-2 minutes), with number of hidden nodes are not greater than 50% of number of input variables and

the suitable process of input determination techniques are C and CS.
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Figure 1 Water level stations in the study area'
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Table 1 Input variables selection t+6 (continue)
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Table 2 Input variables selection t+12 (continue)

P.1 Cc Cs G S P.67 C CsS | G S P75 | C | CS | G S P.20 cC|[CS| G S

t-22 t-22 t-22 X t-22

t-23 t-23 t-23 t-23

t-24 X t-24 t-24 t-24 X X
Total 13 7 33 | 24
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Table 3 Number of hidden nodes

t+6 No. of input No. of hidden node
variable 1| 25% | 50% | 75% | 100%
c 25 1 7 13 19 25
cs 9 1 3 5 7 9
G 32 1 8 16 24 32
19 1 5 10 15 19
t+12 | No. of input No. of hidden node
variable 1| 25% | 50% | 75% | 100%
c 13 1 3 6 9 13
cs 7 1 2 3 5 7
G 33 1 8 16 24 33
24 1 6 12 18 24
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Table 4 R? values of models with 1 hidden node at t+6 and t+12 hour

t+6 BFG BR CGB CGF CGP LM 0SS RP SCG GD GDM GDX

Model C 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.95 0.94 0.97

Model CS 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.93 0.94 0.97

Model G 0.99 0.99 0.99 0.99 0.99 0.99 0.98 0.98 0.99 0.95 0.94 0.95
Model S 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.98 0.99 0.96 0.95 0.97

t+12 BFG BR CGB CGF CGP LM 0ss RP SCG GD GDM GDX
Model C 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.88 0.88 0.91

Model CS 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.89 0.90 0.93

Model G 0.97 0.97 0.97 0.97 0.96 0.97 0.96 0.96 0.97 0.93 0.93 0.95

Model S 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.96 0.97 0.93 0.93 0.95
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Figure 5 Hydrographs of Cross Correlation with hidden node 50% of 12 learning algorithms at the first and second

flood event 2005, t+6
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Figure 7 Hydrographs of Cross Correlation with hidden node 50% of 12 learning algorithms at the first and second

flood event 2005, t+12
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Figure 8 Rescaled hydrographs of Cross Correlation with hidden node 50% of 12 learning algorithms at the first and

second flood event 2005, t+12
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