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genetic programming (GP) based on graph and radial base functions (RBF)
method. The implementations use data from 12-year statistics and information
from four hydrometric stations of Gourab, Sarkmar, Dehloran, and Bayat roads
on Meymeh River in llam province. In this study, the parameters of moon number
and river flow were used as inlet parameters and river sediment load as outlet
parameters. In the equations obtained from genetic programming method (GP),
the highest correlation In the equations obtained from genetic programming (GP)
method, the highest correlation obtained was related to Gorab hydrometric station
with 99.18% and the lowest correlation was obtained related to the aggregated
data of four hydrometric stations with 92.17%. In the radial baseline functions
(RBF) method, the maximum correlation between educational and experimental
data related to Bayat station was obtained with 100% and 94.20%, respectively,
and the results. The results showed that radial basis functions (RBF) had better
performance than genetic programming (GP) in estimating the suspended
sediment load of Meymeh River.

1. Introduction

Sediment load is one of the important factors affecting the hydraulic performance and
morphological structure of rivers. In addition, the engineering and utilization of river water
resources depend on awareness of the quantity of sediment load. Therefore, the use of appropriate
methods for calculating and estimating sediment load has long been considered by experts in river
problems. Nowadays, the use of artificial intelligence methods in the fields of water resources
engineering has had a significant growth, which can be noted by genetic programming (GP) and
radial footing (RBF) methods.

2. Materials and Methods

This study uses two methods of artificial intelligence, including genetic programming (GP) based on
the graph and radial footing (RBF) method and using statistics and information from four hydrometric
stations on the Meymeh River. For this purpose, the suspended sediment load from 12-year statistics of
four hydrometric stations named Gourab, Sarkmar, Dehloran road, and Bayat located in Ilam province
was estimated. In the artificial intelligence methods used in this study, the parameters of moon number
and river flow were used as the input parameter of the model and the sediment load of the river, as the
output parameter of the model. Two-thirds of the data sets were placed in the training set and the one-

third of the data were placed in the test set in the genetic programming method. The Radial base
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functions also consist of three layers. The input layer is formed from source nodes, which feed the entry
data to the next layer. The hidden layer is an unsupervised learning layer, that applies a nonlinear
transformation. The output layer classifies data in linear space using linear conversion.

3. Results
The obtained equations in the genetic programming method showed acceptable accuracy and the
estimation error of radial basis functions was small.The results of this study showed that the genetic
programming and the radial basis functions methods have acceptable accuracy in estimating the
suspended sediment load of Meimeh River .In general, it can be said that the method of radial basis
functions shows more accuracy in estimating the suspended sediment load than genetic
programming.

4. Discussion and Conclusion

In the equations obtained from the genetic programming (GP) method to estimate the amount of
suspended sediment load in Meymeh river, the correlation value for all stations was more than
90%. The highest correlation obtained was related to Gorab hydrometric station with 99.18% and
the lowest correlation was obtained related to the aggregated data of four hydrometric stations with
92.17%. These results show that the equations obtained are very accurate in estimating the
sediment load of the river in the studied stations. In the method of radial basis functions (RBF),
the maximum correlation of educational and experimental data in Gorab station is 100 and 83.5%,
respectively, in Sarkamar station is 99.99 and 81.31%, in Dehloran road station is 100 and 84.93%
,in Bayat station 100 and 94.20%, and in the aggregated data of four stations, 99.02 and 85.52%,
Which indicates the high accuracy of sediment load estimation in the studied stations.
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Estimation of Suspended Sediment Load values of The River Using
Artificial Intelligence Methods (Case study of Maymeh River)

Mehdi Karami?, Mojtaba Karami*?, Ebrahim Darvishi®

Abstract

The use of appropriate methods for estimating sediment load has long been considered by experts in
river problems. In this study, The suspended sediment load of the river was estimated using two artificial
intelligence methods, including genetic programming (GP) based on graph and radial base functions
(RBF) method. The implementations use data from 12-year statistics and information from four
hydrometric stations of Gourab, Sarkmar, Dehloran, and Bayat roads on Meymeh River in Ilam
province. In this study, the parameters of moon number and river flow were used as inlet parameters
and river sediment load as outlet parameters. In the equations obtained from genetic programming
method (GP), the highest correlation In the equations obtained from genetic programming (GP) method,
the highest correlation obtained was related to Gorab hydrometric station with 99.18% and the lowest
correlation was obtained related to the aggregated data of four hydrometric stations with 92.17%. In the
radial baseline functions (RBF) method, the maximum correlation between educational and
experimental data related to Bayat station was obtained with 100% and 94.20%, respectively, and the
results. The results showed that radial basis functions (RBF) had better performance than genetic
programming (GP) in estimating the suspended sediment load of Meymeh River

Keywords: artificial intelligence, genetic programming, Meymeh River, Radial basis function,
Sediment load.
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