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ABSTRACT

The daily flow of rivers is one of the most important components of the hydrological cycle and plays an important
role in the planning and management of various water resources projects, as the process of predicting such flow is
very necessary in the operation of reservoirs, planning to prevent flooding and estimating water abundance or
scarcity. This study aims to use two types of neural network models to predict the daily flow to the Great Zab river.
The first type is the neural network of Feed Forward Back Propagation (FFBP) and the second one is the neural
network of Multilayer Perceptron (MLP). Time series data of daily flow for the period (2012 — 2021) were used for
training and testing the artificial neural networks. The results showed that the neural network of MLP of (3-14-7-1)
structure better than FFBP based on the values of determination coefficient (R2) which were 0.91 and 0.86 and the
values of root mean square errors (RMSE) which were 69.9 and 51.7 for both models, respectively. The effect of
including a time index within the inputs of the networks is also investigated by using different input patterns. It was
found that there is a noticeable increase in R2 and a decrease in RMSE values when using three previous days
compared to other delays. In addition, the current study examined the ability of the proposed models to predict
minimum and maximum flows of the Great Zab River.
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flow prediction, daily flow of river, artificial neural networks, MLP, FFBP

Al-Rafidain Engineering Journal (AREJ) Vol. 28, No. 2, September 2023, pp. 163-172


mailto:Ryam.20enp150@student.uomosul.edu.iq
mailto:gazzal@uomosul.edu.iq

