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ABSTRACT

In fact, determination of a reliable model and selection of inputs with proper time lags for river
flow forecasting is a key topic for watershed managers, hydrologists, and river engineers. In recent

Accepted: decades use of intelligent algorithms and fuzzy theories for modeling of hydrological phenomena
éig?insﬁg j:lziie_ has been noticed by researchers. In this regard, in the present study adaptive neuro-fuzzy inference
25 August 2022 ’ system (ANFIS) and different input patterns of flow discharge (with 1-7 day time lags) was used
in order to river flow forecast of Kasilian watershed. Then in order to further investigate of this
process, artificial neural network (ANN) model was used and the results were evaluated using
coefficient of determination (R®) and root mean square error (RMSE). The results showed that
Keywords: river flow prediction were improved using 1-4 day time lags in ANFIS model and 1-5 day time
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lags in ANN model. Evaluation of standard statistics values of the best input patterns during
validation phase indicated that ANFIS with R?=0.60and RMSE=0.64 had higher accuracy than
ANN with R?=0.51 and RMSE=1.74 in river flow forecasting.

© the Author(s). Publisher: University of Sistan and Baluchestan

Extended Abstract

1. Introduction Therefore, the use of fuzzy theory and intelligent

One of the critical concerns in hydrology and water
resources management is reliable forecasting of daily
flow discharge of rivers. Therefore, researchers
constantly attempt to more accurately forecast river
flow and improve existing approaches. The
employment of statistical, hydraulic and hydrological
models has a long history in this field. However,
there are weak points in these type of models.

algorithms as new technology and powerful
instrument in hydrological modeling processes has
expanded in recent decades. Short-term forecasting
on a daily basis is important because of its direct
effect on watershed management and interaction with
the flooding risks especially in downstream (El-
Shafie et al, 2007) A review of pervious researches
denote that the application of intelligent methods in
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flow discharge forecasting has grown in recent
decades (Moatamednia et al., 2015; Asadi et al.,
2019; Hosseini and Mahjouri, 2016). Given the
importance of modeling of river daily flow and its
role in the management and planning of water
resource, as well as, since research in forest
catchments in this field has been rarely conducted.
Therefore, this study has focused on investigation of
the performance of ANFIS and ANN models in
forecasting the daily flow discharge of the Kasilian
River.

2. Methods and Material

The effect of ANN and ANFIS models in
forecasting the daily flow discharge of the Kasilian
River were assessed in this study. Daily discharge
data (1825 records) at the Velikbon hydrometric
station in the Kasilian watershed from 2008 to 2013
were collected for the purposes of this study. Also,
the effect of discharge of antecedent days (up to
pervious seven days) on forecasting the river flow
using ANN and ANFIS models were evaluated. In
modeling process, the number of hidden neurons in
ANN (Kim and Valdés, 2003) and type and number
of membership functions in ANFIS (Jang, 1993)
using trial and error were determined. For assessing
of results and comparison of the efficiency of the
models, the statistical criteria of root mean square
error (RMSE) and coefficient of determination (R?)
were used (Asadi et al., 2021).

3. Results and Discussion

In the ANFIS model, the best input combination for
estimating the daily flow discharge during the
validation phase, is input pattern 4 (R2 = 0.60,
RMSE = 0.64), in which flow discharge data (with
1-4 day time lags) were used. In the ANN model,
the results indicate superiority of input pattern 5
(R2 = 051 and RMSE = 1.74) in which flow
discharge data (with 1-5 day time lags) for
prediction flow discharge were applied. The
comparison of observed versus predicted flow
discharge in time series plots of based on the best

input patterns during validation phase for ANN and
ANFIS models represents that there are a better
agreement using the ANFIS than ANN. Moreover,
ANFIS model was able to predict peak values more
accurately than ANN. Superiority of ANFIS model
over ANN model in flow discharge estimation by
Nayak et al. (2005), Tayfur and Singh (2006), Firat
(2007), Kurtulus and Razack. (2010), Anusree and
Varghese (2016) and Roy and Singh (2020) have
been confirmed. better performance of ANFIS
model than ANN show that the combination of
fuzzy logic with neural network result in to more
accurately prediction of daily flow discharge.

4. Conclusion

The purpose of this study was investigate of effect
of daily flow discharge sequence in river flow
forecasting using ANN and ANFIS models in the
Kasilian watershed. Despite the fact that both
models are efficient at simulating river flow, the
ANFIS model is suggested as a more accurate
method for forecasting river flow based on daily
flow sequence. Furthermore, the use of acceptable
input parameters and a proper architectural structure
improved the results of flow forecasting using
intelligent models. In fact, in addition to modeling
tools, optimal design of intelligent networks and
selection of relevant input data are beneficial in
increasing the accuracy of the results. On the other
hand, various methods have presented different
results in different hydrological situations. As a
result, it is proposed that this study in the other
region with various geographical conditions be
tested. Moreover, given the impact of climatic,
geomorphic, and biophysical parameters in the river
flow, assessing these parameters along with the
hydrological parameter utilized in this study to
accurately estimate of flow discharge was
recommended.

Keywords: Forecasting, Daily discharge, Kasilian
watershed, Intelligent algorithm.
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3.Liu
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