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Figure 1. The Study area.
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Figure 2. A graphof simple Bayesian network.
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Table 1. The cross-correlation between input and output parameters.

Q(t-5) Qt-4) Q(t-3)

Q(t-2) Q(t-1)

0.41 0.45 0.51

0.58 0.7 Q)

1- Cross-correlation
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Table 2. Selected compositions input parameter models, support vector machine and Bayesian network GEP.

aJLo.::

&35 bl

I
Number Input structure Output
1 Q(t-1) Q®
2 Q(t-1),Q(t-2) Q(t)
3 Q(t-1),Q(t-2), Q(t-3) Q(t)
4 Q(t-1),Q(t-2),Q(t-3),Q(t-4) Q(t)
5 Q(t-1),Q(t-2),Q(t-3),Q(t-4),Q(t-5) Q(t)
OYRFAYAY) bl 0,95 (b 55 eslinul 3,50 b g bl Slws gas —F J g
Table 3. The statistical properties of the parameters used in the statistical period.
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Table 4. The analysis of SVM model results for river flow inputs.

SVM Jis sls pice

Sl

SVM Parameters Testing Training Sl
v . o MAE  RMSE R MAE  RMSE R Structure
(m’/s) (m’/s) (m’/s) (m’/s)
0.87 0.3 10 0.004 0.011 0.858 4.195 10.659 0.848 1
0.436 0.2 10 0.003 0.009 0.873 4.154 10.461 0.854 2
0.28 0.2 10 0.002 0.007 0.876 4.023 10.157 0.863 3
0.25 0.1 10 0.002 0.005 0.868 4.161 10.306 0.859 4
0.22 0.1 10 0.001 0.002 0.910 4.013 10.104 0.871 5
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Figure 3. Observed and predicted values of the SVM model in validation.
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Table S. The analysis of GEP model results for river flow inputs.
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Lﬁb:«d Coeo
Testing Training Skl
MAE RMSE R MAE RMSE R Structure
(m/s) (m/s) (m/s) (m/s)
0.010 0.026 0.849 4.348 10.985 0.838 1
0.003 0.009 0.856 4.182 10.602 0.850 2
0.002 0.007 0.861 3.795 10.846 0.845 3
0.009 0.023 0.865 4.387 10.795 0.844 4
0.001 0.003 0.870 4.083 10.656 0.853 5
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Figure 4. Observed and predicted values of the GEP model in validation.
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Figure 5. Bayesian network conceptual model.
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Table 6. The analysis of Bayesian Network model results for river flow inputs.

Sl

Testing Training Skl

MAE RMSE MAE RMSE Structure
(m’/s) (m’/s) R (m’/s) (m’/s) R

0.004 0.109 0.849 5.128 11.586 0.838 1
0.003 0.089 0.858 4.685 11.242 0.843 2
0.003 0.078 0.863 4.437 11.067 0.845 3
0.003 0.073 0.863 4.345 11.005 0.846 4
0.003 0.068 0.860 4.262 10.933 0.847 5
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Figure 6. Observed and predicted values of the BN model in validation.
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Table 6. The statistical analysis of Support Vector Machine, Gene Expression Programming and Bayesian
Network results for river flow inputs.
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Testing Training Jde

MAE RMSE R MAE RMSE R Model
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Support Vector Machine
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Abstract

Background and Objectives: River flow prediction is one of the most important key issues in the
management and planning of water resources, in particular the adoption of proper decisions in the event
of floods and the occurrence of droughts. In order to predict the flow rate of rivers, various approaches
have been introduced in hydrology, in which intelligent models are the most important ones.

Materials and Methods: In this study, daily data from Kashkan watershed in Lorestan province was
used to evaluate the accuracy of models in river flow prediction. Support Vector Machine, Gene
Expression Programming and Bayesian network were used to model the daily flow of Kashkan River
and the results were compared with each other for the accuracy of the studied models. In a few
studies, each of the models presented in the prediction of daily flow has been studied, but the
purpose of this study is to simultaneously examine these models in a basin to predict the daily flow
of the river. In this research, the Kashkan River in the Lorestan province was selected as the study
area and the daily flow of observations of this basin was used at Pul-e-Dokhtar hydrometric station
to calibrate and validate the models. For this purpose, at first 80% of the daily flow data (2004-2011)
was selected for calibration of the models and 20% of the data (2012-2014) were used to validate the
models. Gene expression programming is an automated scheduling method that provides problem
solution using computer programming and is part of a family of evolutionary programming. A
Support Vector Machine is also an efficient learning system based on optimization theory. Also, the
Basin network is a meaningful representation of our uncertain relationships between parameters in a
process and a non-circular directional graph of nodes for displaying random variables and arcs to
represent potential relationships between variables. The correlation coefficients, root mean square
error, mean absolute error was used for evaluation and also comparison of the performance of
models in this research.

Results: The results showed that all three models have better results in structures of 1 to 5 daily
times than other specified structures. In addition to, according to the evaluation criteria, it was found
between the models used, the Support Vector Machine model, the highest accuracy of R = 0.910, the
lowest root mean square error of RMSE=0.002m’/s and the lowest absolute error value of
MAE=0.001m"/s at verification stage.

Conclusions: The results showed that an increase in the number of effective parameters in different
models for simulation results in better performance in the discharge estimation. In addition to, the
results showed that the Support Vector Machine model has a better performance than Gene
Expression Programming and Bayesian networks.

Keywords: Gene expression programming, Forecast, Bayesian network, Kashkan, Support vector
Machine
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