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Introduction

One of the most important issues in the water resources management process is river flow
modeling, because based on it, decisions can be made about important issues such as floods
and droughts. One of the newest and best methods for modeling a variety of parameters in
water resource management such as river flow are machine learning models. The aim of this
study is to create a neural network model based on collective data encounter (GMDH) and
improve it using Harmony Search Optimization (HSA) algorithm for simulating monthly river
flow (HSA-GMDH).

Method
Area of study

The Gamasyab watershed is located in the west of the country and in the northern and
central regions of the Zagros mountain range in the geographical range of 13 degrees 1
minutes to 13 degrees 3 minutes east longitude and 99 degrees 13 minutes to 91 degrees 13
minutes north latitude with an area of one million seventy three thousand hectares
(Bazarafshan et al. 2013). This basin is limited from the north to the basin of Sirvan, Sefirod
and Qara Chai Rivers, from the west to a part of the Karkheh watershed, and from the south to
a part of the Dez river basin and a part of the Karkheh watershed. It is also limited to the Dez
river basin from the evil side. The minimum height of this basin is 5539 meters above sea
level and the maximum is 9699 meters. The rivers of the basin include the main tributary
named Gamasyab, which originates from the northern and eastern parts of the basin through
many sub-tributaries and joins the other tributaries of the Karkhe Dam basin at the end of the
Kangavar Plain (Deh Kohneh et al., 2018).

GMDH neural network

GMDH is a method first developed by Ivakhenko as a multivariate analysis method for
identifying and modeling complex systems. This model can be used without initial
information to simulate complex systems. In fact, GMDH is a method to identify nonlinear
systems with many input variables, which can be developed as a multilayer neural network.
The parameters of this network are trained based on the least squares estimation approach.

Harmony Search Optimization Algorithm (HSA)

HSA is a kind of meta-innovative algorithm that was introduced in 2007 by Mahdavi et al.,
inspired by the behavior of musicians when playing a piece of music. Harmony means
harmony, sound, and harmonious combination of sounds that are heard simultaneously and at
the same time. Musicians use different musical instruments to produce a new music, and the
beauty of music is the harmony between the notes of different instruments (Yang, 2009). In
making music, the goal is to find the best harmony and produce the most beautiful music
possible. Musicians try to choose better notes every performance so that the music evolves
and becomes more beautiful every time (Mahdavi et al., 2007). Musicians remember the
pieces played to compare the new piece with the previous pieces each time. From the
simulation of the process that a musician goes through to harmonize a piece of music, an
algorithm was extracted which we know as harmony search. This algorithm is inspired by
music to reach the best answer. In the harmony algorithm, each data is a note and each answer
vector is a harmony.The maximum number of layers and the maximum number of neurons in
each layer of GMDH model are determined by trial and error method. Also, different
parameters of HSA algorithm were determined by trial and error method. For this purpose, the
rainfall and flow data of Gamasiab river of Kermanshah were used during a 20-year period
(1370-1390). To develop the GMDH model, 80% of the data were used to train the model and
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other data were used to evaluate it. Also, the best input variables to the model were
determined by trial and error method, based on this method, 3 datasets were formed (D1, D2,
D3), then the performance of GMDH and HSA-GMDH models was evaluated with each of
these datasets.

Results

After developing the HSA-GMDH model, its results were compared with the GMDH model
whose parameters were determined using the trial and error method. Based on the results, the
HSA-GMDH(D1) model performs better in the training and testing phase than the
GMDH(D1) model, so that the HSA-GMDH(D1) model has a lower RMSE value than the
GMDH(D1) model, as well as the NSE and R? values. The HSA-GMDH(D2) model also
performs better than the GMDH(D2) model and has a lower RMSE, NSE and R? value than
the GMDH(D2) model. Like the developed models of D1 and D2 data, the HSA-GMDH(D3)
model also performs better than the GMDH(D3) model, so that its RMSE value is lower than
the GMDH(D3) model, and the NSE value and Its R? is higher than GMDH(D3) model.
Therefore, based on the results of this study, it is better to use an optimization algorithm such
as HSA instead of the trial and error method to simulate the monthly flow of the river using
the GMDH model.

Conclusions

Finally, the performance of GMDH and HSA-GMDH models were compared. Based on the
results of this study, the HSA-GMDH model performs much better than the GMDH model, so
it can be used as a powerful tool for simulating monthly river flow.
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