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Revised: 2025.1.3 Introduction: Determining the actual amount of inflow values into
Accepted: 2025.1.20 the dam reservoir, as one of the main sources of water supply, is one
of the basic components of decision-making in the field of water
resources management. Due to limitations of the lack of proper
spatial and temporal distribution of data extracted from ground
stations, the use of satellite-based data is attractive and interesting.
However, the scale of satellite-based data and the need for their
exponential scaling are the uncertainties of these data.

Methods: In this research, the performance of PERSIANN-CDR and
CMC (Canadian Meteorological Centre) satellite data for rainfall and
snow estimation and determining the inflow values into the dam
reservoir is investigated. Therefore, by considering different
combinations of input data, different models are proposed and the
input flow to the dam reservoir is predicted using the artificial
neural network (ANN) model. Here, the ZayandehRoud dam
reservoir of the Gavkhoni drainage basin is selected as a case study.
Findings: The results shows that the best R2 and RMSE values for
rainfall (snow) estimation data based on the PERSIANN-CDR
satellite (CMC) are 0.49 (0.34) and 60.90 (41.56) mm. In other
words, the results show the proper performance of satellite-based
data for rainfall and snow estimation. Therefore, these data are used
for creating the ANN model to determine the inflow values into the
reservoir of ZayandehRoud dam reservoir. The results show that the
values of R2, RMSE and NES for training data (validation and testing)
of ANN model are equal to 0.72 (0.74), 56.08 (75.178) MCM, and
0.85 (0.86) respectively. In other words, the results show the proper
performance of satellite-based data for estimating and determining
the inflow into the ZayandehRoud dam reservoir using ANN model.
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Extended Abstract

Introduction

In recent decades, by the developing the
science and technology and increasing the
population, the water demand has increased
in different regions, especially arid and semi-
arid regions. On the other hand, the
limitation of water resources has made it
impossible to satisfy all water demand. One
of the most important water sources is the
surface water that dams are built to use it.
However, determining the optimal water
release values from the dam reservoirs
requires accurate determination of the
amount of inflow into them. Therefore,
proposing accurate and appropriate
methods for predicting the inflow into the
reservoir is one of the most important
challenges facing managers and operators of
water resources. Nowadays, intelligent data-
driven models are widely used in the field of
analyzing complex problem, among which
artificial intelligence models, including the
artificial network model (ANN), can be
maintained.

Precipitation (consist of rainfall and snow) is
one of the important components of the
hydrological cycle and the first input data of
hydrological models. Although ground
station data (observational data) have
higher accuracy, however, setting up ground
stations is costly and difficultin some areas.
In addition, the limitations of ground
measurements and the development and
availability of satellite-based data have
encouraged water resource managers and
researchers to use them. Reviewing the
research show that satellite-based rainfall
estimation data have been used in different
cases. Recently, the PERSIANN-CDR
satellite-based data 1is attractive for
researchers due to its ability to estimate
rainfall in long-term periods and even close
to the present time. However, research
focuses on the performance of satellite-
based data in the term of snow estimation is
limited. In this regard, the evaluation of
satellite production based on the data of
ground station observations in different
temporal and spatial scales, including in
Iran, shows the accuracy and correctness of
the obtained results.

Due to the good performance of the ANN
model, here, this model is used to predict the
inflow values into the ZayandehRoud dam
reservoir. For this purpose, satellite-based
data is used to create the input data set of
this model, which is the innovation of the
present research. The results are compared
with the obtained results of the model based
on the ground station data. Itis worth noting
that for the study area (upstream of
Zayandehroud dam), the researchers of the
present study used two sets of satellite-
based precipitation estimation, PERSIANN-
CDR and Canadian Meteorological Centre
(CMQ), to investigate the two variables of
rainfall and snow, respectively, during the
period of 1999 to 2019. The results showed
the proper performance of satellite-based
data. Here, the performance of these data in
comparison with ground station data in
predicting the inflow to ZayandehRoud dam
reservoir is investigated using ANN model.

Materials and Methods

Here, two categories of data including
rainfall and water equivalent to snow in the
upstream of Zayandehroud dam are used,
which are provided from two sources of
ground stations and satellite-based
products. According to the accuracy of the
long-term climatic rainfall estimation data of
PERSIANN-CDR, these data are used as
satellite-based rainfall estimation data. In
addition, to investigate the amount of water
equivalent to snow, the data of CMC are used.
For this purpose, the number of 12 cells
(with spatial magnification of 1/4 degree) is
selected to investigate the performance of
PERSAINN-CDR satellite-based  rainfall
estimation data. Then, the average monthly
rainfall of all stations in each cell is
considered observed rainfall of the target
cell, and it is compared with the estimated
values of the satellite-based data. For CMC
data, 8 cells are selected (with quarter
degree magnification) where the snow
equivalent water values of the observation
stations are compared with the estimated
values. The obtained results are presented
and compared. Then, by using the obtained
satellite-based data, the ANN model is used
to predict the inflow into the ZayandehRoud
dam reservoir. In addition, ground station
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data are used for this purpose and the
results are compared with the results of
satellite-based data.

Findings

In this research, according to the results of
different monthly satellite-based data of
rainfall (PERSIANN-CDR) and snow (CMC)
estimation and their proper performance,
these data are used for predicting the inflow
into the ZayandehRoud dam reservoir using
the ANN model. Here, various ground station
and satellite data, including the inflow into
the dam reservoir, rainfall and water
equivalent to snow, are used to create ANN
models. In addition, to investigate the effects
of time delays of the input data, the inflow
into reservoir from one up to 12 monthslags,
as well as rainfall and snow data, with one up
to 12 month lags (t-1, t-2, ... t-12), are also
considered as input data set. By defining the
input data, different combination of input
data set are proposed leading to various
models. In the best proposed model (II), the
input data set include the inflow into the
reservoir with monthly timelags (1 up to 12
months), PERSIANN-CDR satellite rainfall
data in the target month and the months
before (1 up to 12 months time lags) and
snow data of the CMC in the target month
and the months before (1 up to 12 months
time lag). To compare the performance of
satellite-based data, a model based on the
related ground station data is also proposed.
By considering data from 2000 to 2019,
these models are run 10 times using ANN
and three neurons for hidden layer. The
results shows that by using the model (17),an
acceptable results are obtained compared to
the ground station data, in which the R2 and
RMSE values for the training data set are
equal to 0.72 and 56.08 MCM, respectively,
and for test and validation data are equal to
0.74 and 75.178 MCM, respectively.

Conclusion

Here, the performance of using satellite-
based data for prediction the inflow into the
ZayandehRoud dam  reservoir  was
investigated. For this purpose, the satellite
data of PERSIANN-CDR and CMC were used

to determine the rainfall and snow, and the
results were compared with the results of
ground station data. Then, by combining
various input data including rainfall, snow
and inflow values with time lags, different
ANN- based models were proposed to
predict the inflow into the dam reservoir.
The results showed that by using second
ANN model (II) acceptable results were
obtained, in which the RMSE and Rz values
fortraining (testing and validation) data set
were equal to 56.08 (75.178) MCM and 0.72
(0.74), respectively. In general, the results
showed the proper performance of the
proposed models to predict the inflow into
the ZayandehRoud dam reservoir.
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Figure 2 - Location of the Gavkhoni (Zayandehroud) watershed in Iran (28)
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Figure 3 - Rain gauge stations used in the study related to the boundaries of the Gavkhoni (Zayandehroud) watershed
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Figure 4: Snow gauge stations used in the research in relation with the boundaries of the Gavkhoni
drainage basin (ZayandehRoud)
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Figure 5: The arrangement of cells containing satellite-based estimated precipitation data in related to
the locations of the rain gauge and snow gauge stations used in the study
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Figure 6: The obtained values of the inflow into the
ZayandehRoud dam reservoir using model I of the
ANN method compared to the observed data
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