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Measuring the flow of rivers is one of the most important issues in river management, that's
why it is always tried to use accurate methods for its measurement. The aim of this study is
to enhance the performance of Support Vector Regression (SVR) model using the Gray Wolf
Optimization (GWO) algorithm for monthly river flow modeling. For this purpose, the
monthly data of river flow, precipitation and temperature during 15 years (from 1400 to 2015)
are used. The trial and error procedure is used to select the best input variables to the SVR
and GWO-SVR models. Based on the results of this method, Q(t-1), R(t-1), T(t-1) are the
best independent variables for simulating the variable Q_t. 80% of all data are used for
training and 20% for validating the SVR and GWO-SVR models. Als , RMS and NSE
indices are utilized to evaluate the efficiency of the models, ligear (LKF i
radial basis function (RBF), and sigmoid (SKF) activation furN@igns are u

the GWO algorithm is used to determine the par: i ctions. Based on
the results, the SVR mod ore, to simulate
the monthly flow of river algorithm instead of
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Introduction
Scientists are always trying to use accurate methods to measur
based methods are one of the best and most accurate tools for
of the most useful methods for modeling monthly river
Different activation functions can be used to develop thi
the optimal value of these parameters is one of the most imp
evaluate the efficiency of the gray wolf optimization algorit
functions and, as a result, to improve the accuracy of the mo

Artificial intelligence-
methods, SVR is one
the activator function.

any SVR model. The aim of this study is to
he parameters of the SVR model's activation
lation using this model.

Methods and Materials
For this purpose, the monthly information of mon
1400). The best input variables to the model were

d error method. Therefore, variables Q_(t-1) R_t, T_t
ulating the monthly flow of the river, all information
was normalized between zerg d one to avoid mode en, 80% ofj@ll data were used to train SVR and GWO-SVR models,
and other data were used to eﬁate the model i ase, simgoid and polynomial activator functions were

used to train the S l. of the SVR and GWO-SVR models was evaluated with each of
these activation functio inally,
results. According to the Its,

ators were used to evaluate different models and compare their
linear activation function have t i aining and validation stage. Also, more precisely, among the various

ith polynomial activation function have the best performance and

activation functio ce. Based on the results of this study, the GWO algorithm is a more suitable tool than
the trial and error meth the monthly river flow using the SVR model.

i Yy, the SVR model with polynomial activation function has the best performance in the training and
validation phase, w ith The linear activation function, it has the worst performance in the training and validation phase. Next,
the GWO algorith used to determine the parameters of the activator functions. Based on the final results, the SVR model
performs better with Tfle GWO algorithm. Therefore, to simulate the monthly flow of river water using this model, it is better to
use the GWO algorithm instead of the trial and error method.

Conclusion

After developing the SVR model with different activator functions, the results of these models were compared with each other.
Based on the results of that study, the GWO-SVR(LKF) model performs better than the SVR(LKF) model. Also, the GWO-
SVR(RBF) model has a better performance than the SVR(RBF) model. The GWO-SVR(SKF) model also performs better than the
SVR(SKF) model. Like other models, the GWO-SVR(PKF) model also performs better than the SVR(PKF) model. Also, based on
the comparison of the error indices of different models, the GWO-SVR(PKF) model performs better than all models in the training
and validation stage, and the SVR(LKF) model has the worst performance. After the end of the training and testing process of
different models, their sensitivity to different variables was evaluated. Based on the results of the sensitivity analysis, all models
have the most sensitivity to the variable Q_(t-1) and the least sensitivity to the variable E.

Keywords: Monthly river flow, support vector regression, gray wolf optimization algorithm, water resources management
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