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E@“"E Methods: In this investigation, the efficiency of 3 models, ANN,
IEE' 1 GMDH and ARIMA, has been investigated in order to simulate the
flood of a part of Halil river basin in Kerman province. ANN model is
a non-linear modeling method that improves its performance over
time. The GMDH composed code is an artificial intelligence model
with exploratory self-organizing features, at the conclusion of which
a complex system with optimal performance is formed. Composed
ARIMA code builds a model to describe the structure of the data and
then predict the time series. The input data to the above models
included discharge, precipitation, temperature, wind and monthly
humidity, and the simulated runoff values were compared with the
observed values.
Findings: In order to evaluate the accuracy of the models in this
research, statistical indices were used and the results showed that
the ANN model (RMSE=0.042, MSD=0.001, MAE=0.027) had the
possibility to estimate the runoff with higher accuracy compared to
the GMDH model (RMSE=0.068, MSD=0.005, MAE=0.056) and the
ARIMA time series (RMSE=0.096, MSD=0.009, MAE=0.063) in the
studied basin. The mean error in runoff estimation with ANN model
has been reduced by 38.23% and 56.25%, respectively, compared to
the values estimated with GMDH and ARIMA models. According to
the results obtained in this study, the artificial neural network
model has been able to show a better performance than the other
two models in predicting the outputs due to its suitable structural
ability to find the nonlinear relationship between the input and
output data.
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Extended Abstract

Introduction

Floods are one of the main known natural
disasters in the world that have caused a lot
of human and financial losses to
communities. Therefore, according to what
has been said, accurate estimation of water
flow is of special importance in engineering,
management and planning of water
resources. (Flood control projects require
accurate information on the maximum
possible flood; therefore, the development of
robust models for flood prediction is very
important. Rainfall-runoff models are
classified into two types: data-driven and
knowledge-based. Knowledge-based models
include information about all physical
processes related to the behavior of the
hydrological system, while data-based
models are mainly based on measured data
and seek the relationship between input and
output parameters without considering the
physical process. The advantage of using
data-driven methods is the inclusion of
inherent  uncertainties in  modeling.
Therefore, in the present study, an attempt
has been made to evaluate the accuracy of
several data-driven models in predicting the
rainfall-runoff process in a part of Halil River
located in Kerman province.

Materials and Methods

In this study, in order to simulate and predict
the runoff of a part of Halil River located in
Kerman province, ANN artificial neural
network toolbox, GMDH code written in
MATLAB software and ARIMA time series
were used. The input data in these models
included precipitation, temperature, wind
and monthly humidity of a previous period,
from the water year of 1993 to 2015,
Converted to normal data and the last two
years are considered for forecasting.

In this research, ANN model with the
characteristics of Levenberg-Marquardt
algorithm, FF network, BP supervised
learning, TRAINLM training function and
TANSIG transmission function and input
layer with 4 neurons were used. 60% of the
input data were used for training, 20% of the
data for testing and 20% of the data were
used for model validation.

GMDH code written in MATLAB software
was used to estimate runoff. The data is
divided into two parts, training and testing,
before the modeling process begins, the
developed GMDH model was validated with
Mackey-Glass time series.

ARIMA time series was also used to estimate
runoff. The purpose of time series analysis is
to study time series and build a model to
describe the data structure and then predict
the future values of time series. Given the
importance of time series forecasting, it is
necessary to build an effective model to
improve forecasting accuracy. Before
constructing the model and to avoid false
regressions, the stationary of the variables
was first examined. For this purpose, the
augmented Dickey Fuller (ADF) unit root
test was used and the answer was one. Also,
according to the standard errors obtained,
the suitability of this model can be
understood. Finally, ARIMA model (1,0,2)
with Gaussian conditional probability
distribution characteristics, constant
coefficient of 0.0326962 and variance of
0.00830729 were obtained.

To evaluate the accuracy of ANN, GMDH and
ARIMA models, the statistical indices of root
mean square error (RMSE), mean squared
deviation (MSD) and mean absolute value of
error (MAE) were used.

Findings

Qualitative results of statistical indices for
simulation of rainfall-runoff process show
that the ANN, GMDH and ARIMA models with
the following characteristics, respectively,
had the highest accuracy in estimating
runoff:

The constructed ANN model had a hidden
layer with 5 neurons with the highest
accuracy (RMSE = 0.042, MSD = 0.001, MAE
= 0.027) in the rainfall-runoff process
simulation.

In modeling with GMDH algorithm, after
verifying the model, the number of best
selected neurons in each layer to enter the
next layer was X = 0 - 2 L_1, which had the
best performance. The results of the
indicators obtained from this model are as
follows:

RMSE = 0.068, MSD = 0.005, MAE = 0.056
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The results of statistical indices obtained
from modeling with ARIMA time series,
ARIMA model (1,0,2) with constant
coefficient of 0.0326962 and variance of
0.00830729, are as follows:

RMSE = 0.096, MSD = 0.009, MAE = 0.063
Comparison of runoff simulation diagrams at
different intensities showed that the ANN
model was able to provide a more accurate
estimate of runoff at peak and low discharge
points.

Discussion

The results presented in this study showed
that the ANN model was able to estimate
runoff in the basin with higher accuracy
compared to other models. The ANN model
has shown very good performance in
training, validation and testing courses at
peak and low flow rates, while the GMDH
model has a significant difference in the peak
flow estimation compared to the observed
flow and has shown better performance at
low flow. Because the training and validation
stage of ARIMA model is different from the
other two models, only the results of the test
period are presented and for the calibration
and validation period of ARIMA model
according to the presented results and ADF
test which is equal to one, the model can be
qualified. But ARIMA model is less accurate
in estimating runoff than the ANN and GMDH
models. In general, the results show that the
performance of the ANN model in estimating
the runoff of the desired basin is acceptable
and the best results of this model are
obtained by considering 4 input parameters
and 1 hidden layer with 5 neurons. The mean
error in runoff estimation with ANN model
was reduced by 38.23% and 56.25%,
respectively, compared to the estimated
values of GMDH and ARIMA models.
According to the obtained results, it seems
that the artificial neural network model, due
to its appropriate structural ability to find a
nonlinear relationship between input and
output data, if high-precision data is used,
has the ability to govern the process and
conduct data well and show better
performance in predicting outputs.

Conclusion

In the present study, the data of
precipitation, temperature, wind and
monthly humidity of a previous period in the
statistical period of 1993 to 2015 of
Konarouyeh station were used to model the
rainfall-runoff process using ANN, GMDH,
ARIMA models and statistical indicators to
evaluate the accuracy of the models. Based
on the results, all three models ANN, GMDH
and ARIMA have the appropriate accuracy
for modeling runoff in the basin. But the
accuracy of ANN model (RMSE = 0.042, MSD
= 0.001, MAE = 0.027) is higher than GMDH
and ARIMA models for modeling and
predicting runoff in this basin. It should be
noted that the introduction of new models in
the field of runoff estimation shows that
currently a model that can show with
certainty the best performance in runoff
estimation, not yet been developed.
Therefore, in the range of acceptable
statistical values of a model, it is not a
necessary and sufficient condition to select
that model, so to choose the best model in an
area, relying on a model cannot make the
right decision, so according to what was said,
the proposal Several models can be
compared to simulate an area.
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