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Accurate estimation of the precipitation characteristics, including the value, temporal pattern, and
spatial distribution, plays a significant role in the input uncertainty reduction for rainfall-runoA models.
In many basins, the improper spatial distribution of rain gauge stations or their limited historical
recorded data causes many challenges, especially in heterogeneous catchments which due to the impact of
the drastic geographical alterations on the rainfall distribution pattern, the cover of the ground stations
cannot estimate the actual precipitation rate. This challenge can be potentially solved by adopting
rainfall products as alternative or complementary data sources. In this research, three rainfall products
(PERSIANN-CCS, CMORPH and ERA-Interim), were compared against rain gauge stations for calibration of a daily conceptual lumped rainfall-runoA model (CRFM) in a data-scarce and heterogeneous
basin located in southwestern Iran. The results indicated that ERA-Interim has the best performance
among other datasets. Better performance of this dataset compared to the in-situ data also suggests a
better estimation of the basin average as well as the temporal pattern of precipitation. The KGE value
was obtained as 0.8 and 0.74, respectively, for a rainfall-runoA model that utilized the ERA-Interim as
input in the calibration and validation periods. The results showed that the performance of satellite-based
data of CMORPH and PERSIANN-CCS is not acceptable in simulating the daily Cow. Also, the seasonal
assessment showed that ERA-Interim has a better performance compared to other datasets, during fall
and winter. However, in the spring, the performance of all datasets significantly reduces, and the range of
BIAS variation increases. Generally, all datasets were shown to perform better in simulating the Cow in
terms of the transition from dry to wet periods, rather than wet to dry periods.
Keywords. Rainfall-runoA; gridded precipitation; satellite-based precipitation; CMORPH; PERSIANNCCS; ERA-Interim.

1. Introduction
Flow simulation in basins is always considered as
an important challenge. On the other hand, the
proper performance of different hydrological

models depends on the quality and accuracy of the
input data. Precipitation data are the main input
for hydrological models. In this regard, the precipitation data with a high spatiotemporal resolution increases the output accuracy of these models.
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Rain gauge networks and remote-sensing data are
among the main sources used for the estimation of
precipitation data (Kucera et al. 2013). The high
cost of developing a broad network of rain gauge
stations especially in developing countries and lack
of access to some points due to difBcult geographical conditions resulted in poor coverage of rain
gauge stations, therefore in such basins, the network is not capable of properly expressing the
precipitation distribution (Westrick et al. 1999).
This issue complicates the examination of hydrological processes and Cow simulation (Buarque
et al. 2011; Getirana et al. 2012). In recent years,
the grid precipitation data, including satellitebased and reanalysis datasets as an alternative or
complementary information, has been increasingly
used for estimation of precipitation in regions with
limited observed data (Hong et al. 2007; Collischonn et al. 2008). These products do not have
the limitations of ground stations to record the
precipitation, and most of them cover many parts
of the world with different spatial and temporal
resolutions. Nonetheless, these datasets have
intrinsic uncertainties associated with the generation and utilization method (Dee et al. 2011;
Dahlgren et al. 2014; Mamoon and Rahman 2014;
Isotta et al. 2015; Prein and Gobiet 2017). Also, the
accuracy and performance of these datasets are not
similar in every part of the world; hence, the performance of these products must be evaluated
before any application, specifically in hydrological
modelling. The studies on the performance evaluation of this type of gridded precipitation estimates
are mainly done by comparing the point precipitation data with gridded products (Moazami et al.
2016b; Wang et al. 2017; Tan and Duan 2017; Tan
and Santo 2018). While this kind of evaluation
could not reCect the performance of these products
for application in hydrological modelling, some
studies evaluate the performance of the gridded
datasets by focusing on the basin-scale and
hydrological modelling performance (Fuka et al.
2014; Worqlul et al. 2017; Nguyen et al. 2018). In
recent years, different studies have been conducted
on runoA simulation in basins around the world
using grid precipitation data (Lai et al. 2019). In a
study, the hydrological drought was measured
using the precipitation information of PERSIANNCDR and CHIRPS datasets by GXAJ hydrological
model (Zhu et al. 2018). Another study also conducted a hydrological assessment on satellite precipitation datasets in hydrological models in the
Huifa River Basin in northeastern China using the
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SWAT model, which showed better results in
favour of using the TRMM 3B42 and
CMORPH˙BLD datasets (Pom
eon et al. 2017). In
a study, the performance of remote-sensing and
reanalysis data was evaluated in terms of estimation of precipitation in western Africa using the
HBV hydrological model. The results showed that
CMORPH CRT and PERSIANN-CDR performed
better compared to other datasets. Pakoksung and
Takagi (2016) evaluated Bve types of satellitebased datasets including GPM, GSMaP, TRMM,
CMORPH, and PERSIANN-CCS in the Nan River
Basin in Thailand, and showed that GPM and
CMORPH precipitation datasets have the best
performance in runoA simulation, and the maximum correlation value and minimum error belonged to GMP. In a study by Zubieta et al. (2015),
the satellite-based datasets were used as input for
MGB-IPH hydrologic precipitation model in the
west of Amazon River Basin and showed that while
TMPA dataset overestimated the results, PERSIANN-CCS and CMORPH underestimated them.
In a local study, Shayeghi and Brocca (2019)
evaluated the accuracy of ERA-Interim and PERSIANN datasets using the VIC-3L hydrological
model in SeBdRood catchment in Iran. It was
concluded that the PERSIANN dataset, despite
showing lower accuracy in precipitation estimation, presented better results compared to ERAInterim in runoA simulation. Also, other researches
(Bitew and Gebremichael 2011; Dessu and Melesse
2013; Dile and Srinivasan 2014; Fujihara et al.
2014; Li et al. 2015; Bodian et al. 2016) have used
the gridded global participation as the input for
hydrologic models around the world and showed
that these data have a good potential for Cow
simulation. While most studies concerning about
Iran are metrological assessments of rainfall products (Javanmard et al. 2010; Khalili and Rahimi
2014; Ghajarnia et al. 2015; Moazami et al. 2016b;
Darand et al. 2017; Hosseini-Moghari et al. 2018),
limited evaluations have been performed on these
datasets as input for discharge simulation models.
In addition, most of the studies were based only on
previous generation precipitation satellite datasets,
and no study was done using new generation
satellite-based and reanalysis rainfall products in
Dez River Basin (study area). One of the hydrological challenges concerning this area is the lack of
adequate coverage of the rain gauge network.
Besides, speciBc geographical conditions of this
region have caused critical challenges obtaining
precipitation data with the appropriate temporal
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and spatial resolution. Whereas across the world,
the use of alternative rainfall products in a datascarce region is proven in hydrology, particularly
as input variables in a hydrological simulation
(Dile and Srinivasan 2014; Knoche et al. 2014;
Worqlul et al. 2017; Suseno and Yamada 2020).
Additionally, some studies conducted in Iran,
concluded that rainfall products could prove useful
as complementary data in data-scarce regions
(Moazami et al. 2016a; Eini et al. 2018a, b).
Heterogeneity is another challenge in this basin.
Rainfall estimate of a station is a mean representative of a speciBc area surrounding the station
(Woldemeskel et al. 2013; Nguyen et al. 2018);
therefore, the recorded rainfall values may not
accurately describe the spatial variability of precipitation. This issue reduces the accuracy of Cood
simulation (Jeniffer et al. 2010; Nguyen et al.
2018), especially in the Dez river catchment, which
due to the impact of the drastic geographical
alterations on the rainfall distribution pattern, the
cover of the ground stations cannot estimate the
actual precipitation rate, thus the use of gridded
precipitation datasets may overcome this restriction by providing extensive coverage of the surface.
In the present work, the performance of three
global gridded precipitation estimates, including
ERA-Interim, PERSIANN-CCS, and CMORPH,
was evaluated in a heterogeneous and data-scarce
watershed, utilizing basin-scale hydrological modelling. The structure of the present work is as follows. In section 2, the study area, rainfall products,
description of the proposed method, and veriBcation metrics indices are presented; the results of
the evaluations are discussed in section 3, and
conclusions are remarked in section 4.

1.1 Study area
Dez river basin is located in the southwest of Iran
between 100 48–210 50 eastern longitude and
340 318–70 34 north latitudes (Bgure 2). The Dez
basin has complex topographies due to the presence of mountainous masses of Zagros. Also, it is
aAected by moderate latitude climate systems that
lead to the drastic variation of rainfall in the steep
slopes, the eastern, and elevated parts of the Dez
basin, more than other surfaces of it (Mohammadi
et al. 2012; Kiani et al. 2019). This basin has a vital
role as it supplies the water for domestic, agricultural, and industrial sectors in a high-populated
area at the downstream of the river, and

agriculture is the dominant land use in it
(Khuzestan Water and Power Authority). Furthermore, this area suffers from the annual Coods,
based on the long-term evaluation of the hydrological trends, 290 Cood events occurring in the Dez
river basin from 1955 to 2005 (Samadi et al. 2019).
Based on the physiographic and hydro-meteorological information, the Dez river basin is a
heterogeneous catchment, which was divided into
several hydrologically homogeneous sub-basins
taking the climate, vegetation, and geology attributes of the area into account (Bgure 2c) (Sarraf
2015). This has resulted in considering two primary
sub-basins (Bakhtiari and Sezar) with one main
constant Cow river branch (Bgure 2a) located, in
each. These sub-basins differ significantly in terms
of geological shape, topographic conditions, and
slope (Bgure 2b). The Bakhtiari sub-basin, located
in the northeastern part of the basin, is very
mountainous. The area of this sub-basin is 70% less
than that of the Sezar sub-basin, whereas, its
average annual precipitation is 40% higher. Also,
over 50% of this basin discharge is related to the
Bakhtiari sub-basin, and 42% of its discharge is
from the Sezar sub-basin (table 1). The area
between the conjunction point of the two main subbasins (Taleh Zang) and Dez Dam sub-basin are
not actively contributing to the generation of main
river Cow, except, in a Cood event and/or heavy
rainfall; due to this procedure, two middle subbasins are deBned in this area.
Based on the temporal distribution of precipitation, 48.8% of precipitation occurs in the winter,
followed by 30.6, 20.4, and 2.9% occurring,
respectively, in autumn, spring, and summer
(Khuzestan Water and Power Authority). Figure 1
illustrates the quantity of the received river Cow in
this area from February to May, which has been
more compared to other months. Furthermore, the
average peak Cow discharge corresponding to
March and April, respectively, is 1100 and
1022 m3/s. The results show that peak Cow discharge has decreased from June to November
Table 1. Hydrologic characteristics of the Dez River Basin and
two of its primary sub-basins.
Subbasin

Area
(km2)

Average annual
precipitation
(mm)

Annual
discharge
(MCM)

Dez
Bakhtiari
Sezar

16991
6327
9045

1032
632
784

9000
3999
4830
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gathered from the Khuzestan Water and Power
Authority (KWPA) during the same period of
time. As for hydrometric stations; Bakhtiari-Tang
Pang is situated at the outlet of Bakhtiari
sub-basin; likewise, Sezar-Tang Pang is situated at
the outlet of the the Sezar sub-basin. the Taleh
Zang station collects the total Cow of Taleh Zang
middle sub-basin and output of Sezar and
Bakhtiari sub-basins. Bnally, Dez Dam Station
records the runoA of the Dez Dam area, and the
passing Cow of Taleh Zang station (Bgure 2a).

Figure 1. A brief report of the discharge recorded data in Dez
basin outlet during (1956–2015).

during autumn and summer. For example, peak
Cow discharge at the Dez basin outlet was recorded
130 m3/s in September.
1.2 Data resource
1.2.1 Observation data
The climate data, including observed precipitation,
potential evapotranspiration, and temperature
(maximum and minimum) with daily time scale,
were collected from the Iran Meteorological Organization during (2009–2014). The daily discharge
of the Dez River in different tributaries was

1.2.2 Rainfall products
The three rainfall products (PERSIANN-CCS,
CMORPH, and ERA-Interim) in this assessment
are selected based on three factors, (i) structure of
precipitation products including algorithm and
models approach for data creation, (ii) access time
and (iii) product resolution. To make a uniform
spatial and temporal resolution of the datasets, all
of them are resampled to 0.25, and daily accumulative rainfall was generated by adding hourly
precipitation values. The gridded datasets time
values are based on Coordinated Universal Time
(UTC), and due to geographic time zone difference,
the time dimension was shifted according to the
local time zone.

Figure 2. Location of Dez River Basin in Iran and distribution of rain gauge stations used in this study. Station names are
indicated in table 2.
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Table 2. SpeciBcations of Iranian meteorology organization stations in Dez River Basin.
Station name

Longitude

Latitude

Elevation (m)

Sub-basin

Doroud-Tireh
Doroud-Marbareh
Taleh Zang
Dez Dam
Bakhtiari-Tang Pang
Sepiddasht-Sezar
Sepiddasht-Zaz
Sezar-Tang Pang

49-03-00
49-00-00
48-46-00
48-27-00
48-46-00
48-53-00
48-58-00
32-56-00

33-27-36
33-31-00
32-56-00
32-33-00
32-56-00
33-13-00
32-12-00
48-45-00

1450
1522
440
525
650
970
1021
600

Sezar
Sezar
Taleh zang
Dez Dam
Bakhtiari
Sezar
Sezar
Sezar

PERSIANN-CSS is a rainfall estimate dataset
with an algorithm which is an extended version of
the PERSIANN and uses an artiBcial neural network model (Hsu et al. 2002) in combination with a
cloud classiBcation algorithm. The additional
information utilized in the new algorithm is the
temperature above clouds and measured via the
infrared spectrum of the cloud. This information is
generated by ground-based satellites, including
GoEs8 and GoEs9. PERSIANN-CCS satellitebased data generation algorithm is able to classify
clouds based on the height, geographical range, and
texture (gender) of the cloud. The presence of an
algorithm with a varied threshold in cloud classifying is considered as the main feature of PERSIANN-CCS, contrary to the assumption of a
constant threshold in cloud classifying (Sorooshian
et al. 2000). PERSIANN-CCS data is available at
the instant time with a time step of 1, 3, and 6 hrs,
on a daily basis with a resolution of 0.04 9 0.04
and could be accessed via CHRS website: https://
chrsdata.eng.uci.edu.
CMORPH precipitation estimate is produced by
NOAA. CPC Morphing technique (CMORPH)
uses precipitation estimates that have been derived
from low orbiter satellites in combination with
geostationary satellite IR data (Joyce et al. 2004).
The highest spatial resolution of CMORPH is 8 km
at the equator. The spatial resolution of this product is not the same as other selected datasets, and
to make a uniform spatial resolution, interpolation
methods were used. The time series of this product
starts from December 3, 2002, till today and could
be accessed via www://ftp.cpc.ncep.noaa.gov.
ERA-Interim reanalysis precipitation dataset, as
the fourth generation of reanalysis data, is prepared by the European Center for Medium-Range
Weather Forecasts (ECMWF). Reanalysis produces climate variable datasets by a combination
of models (GCMs or RCMs) and an unchanged

assimilation scheme and uses all available observations from different sources every 6–12 hrs. The
ERA-Interim dataset has a spatial resolution
of *80 km, and its dataset is available since 1979
(Berrisford et al. 2009). The ERA-Interim climate
variables are available via the following website:
http://www.ecmwf.int/research/era/do/get/erainterim.
1.3 Methodology
1.3.1 Rainfall-runoA model: CRFM
The CRFM model is a lumped conceptual rainfallrunoA model which is developed in MATLAB
environment for continuous daily and single-event
simulation of catchment Cow. This model can
either be utilized independently or used to model
one or more contributing sub-basin that generates
lateral inCows to the main river. The model structure is a description of the land phase of the
hydrological cycle. CRFM models the rainfallrunoA process by frequently computing for water
content in four separated and interconnected storages that represent the different physical properties
of the basin. These interdependent storages include
surface storage, groundwater storage, root zone
storage, and snow storage (Nielsen and Hansen
1973). Also, CRFM can consider human activities
such as irrigation and water pumping in the
hydrological process. The model simulates daily
discharge using the meteorological data (daily
rainfall, temperature, potential evapotranspiration, radiation if snow is considered), catchment
parameters, initial conditions, and observed discharge data for calibration. High Cexibility in the
number of storages and development of ESP
(Ensemble StreamCow Prediction) is among its
advantages. More details about the CRFM model
can be found in Shahbazi et al. (2013).
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1.3.2 Method

1.3.3 VeriBcation metrics

To provide better insight on the performance of
different global rainfall products in runoA simulation, the calibration, and validation processes were
done separately for observed data (rain gauge station) and each of the rainfall products (PERSIANN-CCS, CMORPH, and ERA-Interim). This
approach is in line with the assessment given in the
literature (Thiemig et al. 2013; Xue et al. 2013;
Yuan et al. 2019). Considering the limitation in
observation data, the period from July 21, 2009 to
March 21, 2012, was selected for calibration, and
the time period between March 22, 2012 and March
2, 2014, was devoted for validation.
Hydrological heterogeneity of a watershed may
increase the discharge simulation uncertainty (Adhikary et al. 2019). Considering the Dez River basin as
a single unit for calibration can lead to ignoring the
spatial heterogeneity; thus in this study for better
calibration, the whole basin was considered as four
different and hydrologically homogeneous sub-basins
including Bakhtiari, Sezar, Taleh Zang, and Dez
Dam, as mentioned in the study area section. Furthermore, one hydrometric station is located on the
outlet of each sub-basin. Under this approach, local
conditions were utilized more eAectively into the
calibration process.
As the CRFM requires the mean areal precipitation as an input, all precipitation data should be
converted accordingly. In the case of using station
datasets, the areal average of the precipitation was
calculated by weighting the stations. The weight of
the stations was tuned through the sensitivity
analysis. In the case of using gridded datasets, the
areal average was produced by averaging all grids
in the polygon of each targetted sub-basin. Temperature and evaporation data and their spatial
distribution over the Dez River Basin is another
critical variable inCuencing the results obtained
from the rainfall-runoA model. As this study was
aimed to analyse different rainfall products for the
hydrological simulation model, the temperature
and evaporation of observation stations were used
for all rainfall-runoA model scenarios.
The CRFM model parameters in each sub-basin
were calibrated using the shufCed complex evolution
(SCE-UA) automatic optimization method (Duan
et al. 1992, 1993). Minimization of total volume and
peak error were considered as the objective function.
The best parameter of the model for each calibration
scenario for the two main sub-basins (Bakhtiari and
Sezar) is presented in Appendix.

Six assessment criteria were used to identify the
accuracy of the simulated discharge compared to the
observations including, percent bias (PBIAS), percent
volume error (PVE), and percent peak error (PPE),
coefBcient of determination (R2), root-mean-square
error (RMSE), and Kling–Gupta eDciency (KGE)
(equations 1–6). PVE was calculated to characterize
the balance between observed and simulated total
discharge over the period. The PPE determines the
difference between the observed peak and the simulated peak independent of peak occurrence timing. The
KGE criterion (Gupta et al. 2009) was formed based on
breaking down the NSE (Nash and SutcliAe 1970) into
three separate components. In this equation, a shows
the rate of changes, rS shows the standard deviation of
the simulated discharge time series, and rO represents
measured standard deviation, while b shows the bias
of the simulated discharge. Other parameters are
average discharge (lS), observed discharge (lO), and
Pearson correlation r.
Pn

i¼1 ðQsim

PBIAS ¼

 Qobs Þ

n

 100;

ð1Þ

Pn
PVE ¼

PPE ¼

ðQsim  Qobs Þ
i¼1P
n
i¼1 Qobs

 100;

maxðQsim Þ  maxðQobs Þ
 100;
maxðQobs Þ

ð2Þ

ð3Þ

Pn 

2


i¼1 Qobs  Qobs Qsim  Qsim
R ¼ Pn 
2 Pn 
2 ;
Qobs  Qobs
Qsim  Qsim
2

i¼1

i¼1

ð4Þ
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pn
2
i¼1 ðQsim  Qobs Þ
;
RMSE ¼
n
KGE ¼ 1 

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðr  1Þ2 þða  1Þ2 þðb  1Þ2 ;

ð5Þ

ð6Þ

where r is the correlation coefBcient, a ¼ rrOS and
b ¼ llS .
O
The ideal value of all three components of KGE
is equal to 1. Every component of KGE highlights
explicitly one part of the hydrological behaviour.
Thus, it is essential to individually examine the
KGE components (Guse et al. 2017). The changes
in KGE value varies from negative inBnity up to 1,
so that 1 shows perfect Bt between the simulated
Cow and observations (Gupta et al. 2009). Qsim is
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the simulated discharge, Qobs shows the discharge
observations, rS and rO are the standard deviations of the simulated and observations discharge,
respectively, lS is the mean value of simulated
discharge, and lO is the mean of observations. The
following thresholds were used to assess the performance of the study. In terms of R2 values, more
than 0.5 is regarded as acceptable, and KGE and
PBIAS, performance indicators are as follows
(Moriasi et al. 2007):
• KGE [ 0.45 and PBIAS \ ± 30% means the
simulation is reliable,
• 0.6 \ KGE \ 0.7 and PBIAS \ ± 25% means
the simulation is good,
• KGE [ 0.75 and PBIAS \ ± 15% means the
simulation is very good.

2. Discussion and results
2.1 Comparing the performance of precipitation
databases in the Cow simulation model
Based on the hydrograph of the Cow simulated in
the outlet of the Dez river basin during the calibration period (2009–2012) (Bgure 3), the Cow
simulated by ERA-Interim and rain gauge stations
datasets had a good agreement with the observed
hydrograph. However, the Cow simulated by
CMORPH in this period had an unacceptable accuracy. The Cow simulated by ERA-Interim with
the percent peck error (PPE) value of 11.5%
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compared to other precipitation datasets had a
better performance in recording the peak Cow.
Nevertheless, in all simulations, the peak Cow
values generally related to extreme precipitation
were lower than the observed values. Concerning
the modelled runoA volume, ERA-Interim and rain
gauge stations datasets showed the percent volume
error (PVE) value of 13% and 12%, respectively. Also, the PVE of the runoA modelled by
PERSIANN-CCS in this period was equal to –20%,
indicating that this dataset has an acceptable accuracy in modelling the volume, despite its inability (low ability) to record the Cow trend. In the
calibration period, the value of the observed discharge was found to be more than 145 m3/s (the
mean discharge value) in 346 days. Whereas, the
models developed by ERA-Interim and rain gauge
stations datasets, 336 and 309 days were recorded
more than the mean value, respectively.
ERA-Interim with a determination coefBcient of
0.79 had the best performance in recording the Cow
variations (Bgure 4). Also, PERSIANN-CCS and
rain gauge stations datasets with R2 of 0.54 and 0.7
had an acceptable performance in recording the
variation of discharges, respectively. Generally,
assessment of the performance indices during the
calibration period (table 3) showed that ERA-Interim (KGE = 0.8, a = 0.87, b = 0.88) and rain
gauge stations datasets (KGE = 0.74, a = 0.83,
b = 0.9) were well able to model the hydrological
conditions of the basin compared to other datasets.
a value for ERA-Interim and rain gauge stations

Figure 3. Observed and simulated Cow hydrographs at basin outlet during the calibration period (2009–2012).
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Figure 4. Scatter plot between observed and simulated Cow using gridded precipitation datasets and rain gauge stations, during
the calibration period. The colour bar indicates the difference between the observed and simulated Cow values.
Table 3. Model performance indices in Cow simulation, using gauged rainfall and gridded precipitation datasets, during the calibration period (2009–2012).
Calibration (2009–2012)
Index
a
b
KGE
R2
RMSE (m3)
PBIAS (%)

Gridded precipitation data
ERA-interim

PERSIANN-CCS

0.87
0.88
0.8
0.79
61.5
15

0.64
0.82
0.52
0.54
92.4
25

datasets is close to the ideal value of one (table 3).
In other words, the Cow simulated by these precipitation datasets was well able to simulate the
modal behaviour of basin, in which following the
start of precipitation, the Cow increases rapidly
(rising limb), and decreases dramatically (falling
limb) by the end of the precipitation. Nevertheless,
the PBIAS value was negative in all the models.
The variation of BIAS in this period was \ 15%

CMORPH
0.22
0.46
0.15
0.12
146
78

Ground station
Rain gauged
0.83
0.9
0.74
0.7
73
13

for rain gauge stations and the ERA-Interim
dataset, whereas for PERSIANN-CCS and
CMORPH 25% and 78% were obtained,
respectively.
The results obtained from the simulation of the
Cow during the validation period (2012–2014)
(Bgure 5) showed that the discharge simulated by
ERA-Interim with PPE of +13.7% and PVE of
+10.6% has a good agreement with the observed
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Figure 5. Observed and simulated Cow hydrographs at basin outlet during the validation period (2012–2014).

Table 4. Model performance indices in Cow simulation using gauged rainfall and gridded
precipitation datasets, during the validation period (2012–2014).
Validation (2012–2014)
Index
a
b
KGE
R2
RMSE (m3)
PBIAS (%)

Gridded precipitation data
ERA-interim

PERSIANN-CCS

1.26
1.12
0.66
0.67
99.58
18.5

discharge compared to other datasets. In this
period, ERA-Interim recorded the peak Cow and
Cuctuations of the observed discharge better than
the calibration period. However, unlike the calibration period, the discharge simulated by rain
gauge stations dataset had a good performance
only in the simulation of the observed Cow trend
and was not able to record the peak Cow. Rain
gauge stations, CMORPH, and PERSIANN-CSS
datasets underestimated the discharge value simulated in this period (PBIAS \ 0), while the ERAInterim dataset overestimated it (PBIAS [ 0).
Also, the RMSE increased for all datasets compared to the calibration period.
During the validation period, the ERA-Interim
dataset with PBIAS = 18.5% and KGE = 0.66%
had a good performance in Cow simulation compared to other datasets (table 4). Moreover,
examining the individual KGE components indicated that, unlike other datasets, a value for the

0.7
0.79
0.27
0.14
136.25
28

CMORPH
0.23
0.29
0.2
0.1
165.17
100

Ground station
Rain gauged
0.67
0.72
0.52
0.6
94.72
37

ERA-Interim dataset was larger than 1. In other
words, the temporal variation of the discharge
simulated by this dataset was higher than that
obtained from the observations. CMORPH and
PERSIANN-CCS datasets with R2 \ 0.2 were not
able to simulate the Cow (Bgure 6).
2.2 Seasonal assessment of the performance
of precipitation products
To assess the competence of gridded precipitation
and rain gauge stations datasets in the simulation
of the Cow, their performance was investigated in
different seasons, including spring (March 21–June
20), autumn (September 21–December 20), and
winter (December 21–March 20). Furthermore,
given the meteorological conditions of the region
and lack of precipitation during summer, this season was not included for investigation. The results
obtained from the seasonal assessment of these
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Figure 6. Scatter plot between observed and simulated Cow for the validation period using gridded precipitation datasets and
rain gauge stations. The colour bar indicates the difference between the observed and simulated Cow values.

datasets are shown on the Taylor diagram
(Bgure 7) and in table 5.
During autumn, rain gauge stations and ERAInterim datasets with KGE of 0.85 and 0.74 showed
a very good performance in Cow simulation during
the calibration and validation periods, respectively. However, the discharge simulated by the
satellite-based precipitation datasets such as
PERSIANN-CCS and CMORPH was found to
have low accuracy. In winter, the Cow simulated by
the ERA-Interim dataset with KGE of 0.87 and
0.52 and correlation coefBcients of 0.92 and 0.76,
during the calibration and validation periods,
respectively, were found to have higher accuracy
compared to other datasets in simulating the trend
and amount of the observed Cow. In other words,
48% of the precipitation occurring in Dez River
Basin belonged to winter in terms of the temporal
distribution of precipitation, and the ERA-Interim
dataset was well able to simulate the response of
the basin to the precipitation occurring in this

season. During spring, the accuracy of all simulations decreased, while the bias value of all datasets
increased. Unlike other seasons, the Cow simulated
by PERSIANN-CCS dataset with KGE and CC of
0.64 and 0.71, respectively, had the best performance during the calibration period, but its performance considerably reduced in the validation
period.
Nevertheless, overall, the ERA-Interim dataset
had the best performance in this season. The
assessment results showed that there is a significant difference between the performance of the Cow
simulated by rain gauge stations dataset in the
winter and autumn compared to the spring. Considering the regional precipitation regime and
increased local precipitation, it can be concluded
that, the spatial distribution of rain gauge stations
was able to well-estimate the precipitation rate.
Also, the discharge simulated by CMORPH dataset had low and unacceptable accuracy across all
three seasons.
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Figure 7. The modiBed Taylor diagrams: Comparison between the Cow simulated by gridded precipitation datasets and rain
gauge stations in autumn, winter, and spring during the calibration and validation periods on the daily scale.

Table 5. The value of KGE index for the Cow simulated in autumn, winter, and spring during the
calibration and validation periods on the daily scale.
KGE
Dataset
ERA-Interim
PERSIANN-CCS
CMORPH
Rain gauged

Calibration period

Validation period

Autumn

Winter

Spring

Autumn

Winter

Spring

0.51
0.16
0.04
0.85

0.87
0.23
0.17
0.82

0.56
0.64
0.2
0.36

0.74
0.01
0.25
0.43

0.52
0.18
0.5
0.49

0.54
0.18
0.14
0.26
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3. Conclusion
In this study, the performance of three global precipitation datasets, including PERSIANN-CCS,
CMORPH, and ERA-Interim, was evaluated concerning hydrological modelling. The evaluation was
done in the Dez River Basin with an area of
16,991 km2, considered as four hydrologically
homogeneous sub-basins. A conceptual lumped
rainfall-runoA model (CRFM) was used for hydrological simulation. Each dataset was used for calibration and validation of the CRFM model. The
results suggested that the ERA-Interim dataset has
the best performance for application in the
rainfall-runoA model, with the KGE value of 0.8 and
0.66 in the calibration and validation periods,
respectively. It also had a good performance in
recording the quantity and dynamics in the modelled hydrograph.
Moreover, the ERA-Interim dataset showed a
good performance in estimating the spatiotemporal
distribution of heavy precipitation, and the river
discharge simulated by this dataset had\13% PPE
value. In terms of PVE, discharge simulated by the
PERSIANN-CCS dataset had a good performance
in estimating the water volume. Accordingly, it can
be used on the monthly time step. Daily hydrograph simulated using PERSIANN-CCS and
CMORPH datasets showed that none of these
datasets was able to estimate the temporal and

spatial distribution of the precipitation accurate
enough for rainfall-runoA simulation.
Seasonal evaluation of the data sets suggested
that the performance of these datasets is different
from each other in all seasons so that in spring, the
performance of all datasets reduced significantly
compared to other seasons, and the domain of
changes in BIAS increased, attributing to the
increase in the frequency of the local precipitation
during the spring. KGE criterion value was
obtained as 0.85 and 0.82, respectively, for rainfallrunoA simulation using ERA-Interim and rain
gauge stations dataset in autumn and winter at the
calibration period while, in the validation period,
only the ERA-Interim dataset had acceptable performance. It should also be acknowledged that part
of the error of the Cow simulated by the gridded
precipitation datasets is related to the topographic
complexity and orographic eAect (Moazami et al.
2013; Skok et al. 2016), inCuencing the accuracy of
sums interpolated in this basin.
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Appendix
Table A1. Model parameters for daily streamCow simulation for four different precipitation
datasets of Sezar sub-basin in the calibration period (July 21, 2009–March 21, 2012).
Model
parameters

Rain
gauge

ERA-Interim

CMORPH

Umax (mm)
Lmax (mm)
CQOF
CKIF
CK1,2
TOF
TIF
TG
CKBF
Carea
Sy

3.500
26.000
0.300
208.600
26.800
0.800
0.400
0.200
1000.000
1.000
0.200

4.050
50.000
0.405
67.650
50.000
0.990
0.000
0.380
1551.000
1.000
0.300

2.000
30.000
0.221
200.300
49.900
0.005
0.000
0.000
3999.000
1.000
0.200

PERSIANN-CCS
20.000
300.000
0.285
271.500
49.700
0.989
0.000
0.910
3998.000
1.000
0.200
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Table A2. Model parameters for daily streamCow simulation for four different precipitation
datasets of Bakhtiari sub-basin in the calibration period (July 21, 2009–March 21, 2012).
Model parameters
Umax (mm)
Lmax (mm)
CQOF
CKIF
CK1,2
TOF
TIF
TG
CKBF
Carea
Sy

Rain gauge
8.330
300.000
0.754
150.000
30.100
0.996
0.200
0.450
4000.000
1.000
0.200

ERA-Interim
7.004
70.008
0.101
210.900
30.214
0.001
0.867
0.000
2232.000
1.000
0.400
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