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Abstract: This study assessed the performance of two well-known gridded meteorological datasets,
CFSR (Climate Forecast System Reanalysis) and CMADS (China Meteorological Assimilation Driv-
ing Datasets), and three satellite-based precipitation datasets, TRMM (Tropical Rainfall Measuring
Mission), CMORPH (Climate Prediction Center morphing technique), and CHIRPS (Climate Hazards
Group InfraRed Precipitation with Station data), in driving the SWAT (Soil and Water Assessment
Tool) model for streamflow simulation in the Fengle watershed in the middle–lower Yangtze Plain,
China. Eighteen model scenarios were generated by forcing the SWAT model with different com-
binations of three meteorological datasets and six precipitation datasets. Our results showed that
(1) the three satellite-based precipitation datasets (i.e., TRMM, CMORPH, and CHIRPS) generally
provided more accurate precipitation estimates than CFSR and CMADS. CFSR and CMADS agreed
fairly well with the gauged measurements in maximum temperature, minimum temperature, and
relative humidity, but large discrepancies existed for the solar radiation and wind speed. (2) The
impact of precipitation data on simulated streamflow was much larger than that of other meteoro-
logical variables. Satisfactory simulations were achieved using the CMORPH precipitation data for
daily streamflow simulation and the TRMM and CHIRPS precipitation data for monthly streamflow
simulation. This suggests that different precipitation datasets can be used for optimal simulations at
different temporal scales.

Keywords: hydrological modelling; evaluation; satellite rainfall; climatic variables; simulation

1. Introduction

Meteorological data such as air temperature and precipitation are important inputs
to hydrological models. With a common-knowledge “Garbage in, garbage out” approach,
meteorological data of good quality are prerequisites to achieve good simulation results us-
ing hydrological models and thus further to achieve reasonable decision support based on
model outputs [1,2]. The traditional and common sources of meteorological data are ground
measurements from gauge stations; such point-based measurements are considered as the
most accurate data over the limited representative areas. The modelers need measurements
from a dense network of gauge stations to adequately characterize the spatial and temporal
variability of meteorological variables at the basin scale [3]. The in situ data collection
and maintenances are usually time-consuming and labor-/resources-intensive, the gauge
stations are unevenly distributed, and overall the number of stations is declining at the
global scale [1]. As a result, modelers often encounter the challenge to obtain sufficient
in situ measurements, as they expect. In developing countries and remote areas, gauge
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stations are very sparse and in situ measurements are not even available over some regions.
Many scientific communities have been stressing the need for more in situ measurements;
one of the feasible ways to meet this need is to promote innovations and multidisciplinary
cooperation in designing low-cost monitoring devices and in developing or combining
monitoring techniques. In this regard, some concrete efforts are underway, for example,
the working group Measurements and Observations in the XXI century (MOXXI) was es-
tablished in 2013 with the specific aims of targeting innovation in all realms of hydrological
measurements from ground-based to remote sensing [4,5].

In recent years, various freely available gridded meteorological datasets at different
spatial and temporal resolutions over the global or quasi-global scales have been developed
and released to the public [6–11]. For example, the Climate Forecast System Reanalysis
(CFSR) dataset is such a global meteorological dataset covering the 39-year period from 1979
to 2017. The CFSR data were produced by a global, high resolution, coupled atmosphere–
ocean–land surface–sea ice system [10]. The meteorological variables include precipitation,
air temperature, wind speed, relative humidity, and solar radiation. The China Meteoro-
logical Assimilation Driving Dataset (CMADS) is a country-scale gridded meteorological
dataset containing the same types of data as CFSR, which used more measurement data in
China and integrated the Climate Prediction Center (CPC) morphing technique (CMORPH)
satellite-based rainfall product [12]. Several agencies have preprocessed CFSR and CMADS
products to generate the datasets in the desired input format of the widely used hydro-
logical model, i.e., the Soil and Water Assessment Tool (SWAT) model [13]. This makes
these data sets very convenient to use for the modelling community [14–17]. There are
also many gridded precipitation datasets such as the TRMM (Tropical Rainfall Measuring
Mission) multi-satellite precipitation analysis (TMPA) product [18] and CHIRPS (Climate
Hazards Group InfraRed Precipitation with Station data) precipitation dataset [19]. In
recent years, with the rapid development of machine learning and especially deep learn-
ing techniques [20], the accuracy of gridded meteorological and precipitation datasets is
expected to be improved dramatically in the near future [21].

The increasing availability of gridded meteorological datasets has attracted attention to
use them in driving hydrological models for streamflow simulation [22–25]. As the accuracy
of these gridded meteorological datasets varies among regions [2,26–30], it is necessary
to evaluate these datasets before their application in specific areas. In this regard, many
evaluation studies have been conducted to assess the performance of open-access weather
data in hydrological simulations by using the best available gauge data as a reference [31,32].
For CFSR, it was found to be able to drive the hydrological model to yield satisfactory
streamflow simulation in Lake Tana Basin (the upper part of the Upper Blue Nile basin) [16],
the Bahe River Basin of the Qinling Mountains, China [33], four small watersheds in the
USA, and the Gumera watershed in Ethiopia [19]. However, unsatisfactory results of
streamflow simulation using CFSR as forcing data were also reported in the upstream
watersheds of Three Gorges Reservoir in China [34] and two watersheds in the USA [28].
For CMADS, most evaluation studies using it as forcing data showed satisfactory results,
such as those conducted in the Yellow River Source Basin located in the Qinghai–Tibet
Plateau [17], the Lijiang watershed in South China [14], and the Jing and Bortala River Basin
in Northwest China [35]. It is well recognized that a certain product’s performance would
vary from region to region, and evaluation of a certain product in various environments is
essential for understanding its global performance [7].

This study focuses on the Chaohu Lake basin in the middle–lower Yangtze Plain, China.
This region has been facing serious water pollution problems due to non-point-source
pollution caused by intense agricultural activities (e.g., pesticide and fertilizer use). [36].
Watershed simulation and scenario analysis are expected to provide valuable instructions
for water quality control and water resources management. As water is an important
medium for mass transport, adequate modeling of hydrological processes is a prerequisite
to characterizing the nutrient migration processes at the watershed scale [37]. Reliable
meteorological input data are the premise of the hydrological model setup. Considering
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that measurements from meteorological and rainfall stations are usually hard to retrieve
for many reasons (e.g., data-sharing policy), it is necessary to find out whether open-access
gridded meteorological data can meet the requirements of hydrological modelling. In this
study, a subbasin of the Chaohu Lake basin, where measurements from meteorological and
rainfall stations are relatively complete, was selected to evaluate the performance of two
mainstream, open-access, gridded meteorological datasets (i.e., CFSR and CMADS) and
three popular, satellite-based, gridded precipitation datasets (i.e., TRMM, CMORPH, and
CHIRPS) in driving SWAT in streamflow simulation in this region.

2. Study Area

The Chaohu Lake, located in Anhui Province, China, is the fifth largest freshwater lake
in China and it is of great importance in terms of water resources and agriculture [38]. The
Fengle river is a main tributary of the Chaohu Lake Basin (Figure 1). The drainage area of
the Fengle watershed is 1500 km2 with elevations ranging from 7 to 455 m above mean sea
level, and the main stream length is about 50 km. The land use types include agricultural
lands (about 45%), forests (39%), built-up lands (10%), and water areas (i.e., ponds and
rivers, 6%). There are no large cities or industry factories in this river basin. Based on
the available gauge precipitation data during 2008–2014, the mean annual precipitation
is 1096 mm/year. The inter-annual distribution of precipitation is uneven, with the most
precipitation occurring in spring and summer. Based on gauged data between 2008 and
2014, the average daily maximum and minimum air temperature are 21.1 ◦C and 12.3 ◦C,
respectively, and the daily mean air temperature is 16.7 ◦C.
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gridded meteorological and precipitation datasets.

3. Datasets and Methods
3.1. In Situ Meteorological Measurements

In situ measurements of meteorological data from three observation stations were
obtained from the China Meteorological Administration. Ground measurements of pre-
cipitation from nine rain gauge stations and the measured daily streamflow from the
hydrological station at the outlet of the Fengle watershed were obtained from the Hefei
Bureau of hydrology and water resources (Figure 1). In terms of gridded meteorologi-
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cal/precipitation data, the numbers of grid cells are 8, 4, 9, 9, and 55 for CMADS, CFSR,
TRMM, CMORPH, and CHIRPS, respectively. After a rigorous analysis of available data,
the simulation period was set as 2008–2014.

3.2. The CFSR and CMADS Meteorological Data

CFSR is the third-generation reanalysis product of the National Center for Environ-
mental Prediction (NCEP) and was derived from a global coupled atmosphere–ocean–land
surface–sea ice system [10]. The system provides a range of atmospheric, oceanic, and land
surface output products around the world at hourly time resolution. The spatial resolution
of CFSR global atmospheric products is ~38 km, with 64 levels extending from the surface
to 0.26 hPa. The CFSR data covers the period from 1979 to the present with continuous
updates. It is popularized by the SWAT official website that provides ready-to-use weather
data in the desired format at the data portal http://globalweather.tamu.edu (accessed on
16 May 2020).

The CMADS meteorological dataset was constructed based on nearly 40,000 regional
automatic stations and the CMORPH global precipitation products [39]. These solid data
sources make CMADS have wide applicability in China. A variety of methods, such as loop
nesting of data, projection of resampling models, and bilinear interpolation, were used. The
CMADS provides daily data for a 9-year period from 2008 to 2016 with a spatial resolution
of 0.25◦ for version 1.1, which can be freely downloaded at http://westdc.westgis.ac.cn
(accessed on 16 May 2020). CMADS version 1.1 was used in this study. The locations of the
center points of CFSR and CMADS grid cells are shown in Figure 1.

3.3. The TRMM, CMORPH, and CHIRPS Precipitation Datasets

TRMM, CMORPH, and CHIRPS are three quasi-global gridded precipitation datasets.
The TRMM TMPA products provide precipitation for the spatial coverage of 50◦ N–S from
1998 to the present with a spatial resolution of 0.25◦ × 0.25◦ [18]. In this study, the TRMM
3B42 product was used. The original temporal resolution of this dataset is 3 h, and the
daily aggregated TRMM 3B42 product can be obtained from the NASA Goddard Earth
Sciences (GES) Data and Information Services Center (DISC) (https://disc.gsfc.nasa.gov,
accessed on 20 May 2020). The CMORPH products provide precipitation for the spatial
coverage of 60◦ N–S from 1998 to the present [40]. The lasted version 1.0 includes three
different products, including raw (satellite-only precipitation estimates), bias-corrected
(CRT), and gauge-satellite blended (BLD). In this study, the CMORPH BLD product with a
spatial resolution of 0.25◦ × 0.25◦ was used, which can be downloaded from https://ftp.
cpc.ncep.noaa.gov/precip/CMORPH_V1.0/BLD (accessed on 20 May 2020). The CHIRPS
product provides precipitation for the spatial coverage of 50◦ N–S with a high spatial
resolution (i.e., 0.05◦ × 0.05◦) from 1981 to the present [19]. The CHIRPS version 2.0 data
were downloaded from https://data.chc.ucsb.edu/products/CHIRPS-2.0/global_daily
(accessed on 20 May 2020) and used in this study.

3.4. SWAT Modelling Procedures

Developed by the Agricultural Research Service of the United States Department
of Agriculture, Agricultural Research Service [41], the Soil and Water Assessment Tool
(SWAT) is a semi-distributed, process-based, and time-continuous watershed model. SWAT
is capable of modeling hydrological processes, soil erosion, and water quality at basin
scales [42]. In SWAT, the river basin is first divided into subbasins, then further to the
hydrologic response units (HRUs) that represent a unique combination of soil type, land use,
and slope. More details on the description of SWAT can be found in many sources [25,42,43],
and thus this description was not repeated here for conciseness. As an easy-to-use toolbar
in the QGIS interface, QSWAT (Version 2017.02_1.4, Texas A&M University, College Station,
TX, USA) was used to set up the SWAT model in this study.

To set up the SWAT model (Figure 2), the following data sources were used: (1) the
elevation data was obtained from the Digital Elevation Model (DEM) product of ALOS

http://globalweather.tamu.edu
http://westdc.westgis.ac.cn
https://disc.gsfc.nasa.gov
https://ftp.cpc.ncep.noaa.gov/precip/CMORPH_V1.0/BLD
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World 3D–30 m (AW3D30) which was released by the Japan Aerospace Exploration Agency
(JAXA) with a horizontal spatial resolution of approximately 30 m. These data were
downloaded from http://www.eorc.jaxa.jp/ALOS/en/aw3d30/ (accessed on 6 September
2019). (2) The land use map in 2010, with a scale of 1:100,000, was obtained from the
National Earth System Science Data Sharing Platform of China (http://www.geodata.cn,
accessed on 6 September 2019). (3) The soil map, with a scale of 1:500,000, was obtained
from China Soil Database (CSDB, http://vdb3.soil.csdb.cn/, accessed on 6 September 2019).
This study used eighteen scenarios that are generated through the combination of three
meteorological (excluding precipitation) datasets (Gauge, CFSR, and CMADS) and six
precipitation datasets (Gauge, CFSR, CMADS, TRMM, CMORPH, and CHIRPS), to study
the impact of different input data on the streamflow simulation.
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remote sensing precipitation products.

The SWAT model was run at the daily time scales for the period 1 January 2008–31
July 2014. The first year (2008) was used as a warm-up period to alleviate the impact of
initial hydrological simulation conditions. From 1 January 2009 to 31 December 2011, as a
calibration period, sensitivity parameters were identified and further calibrated to make
the simulated streamflow fit the observation as close as possible. The period 1 January
2012–31 July 2014 was used as the independent validation period to test the validity of
calibrated parameters. In this study, the sequential uncertainty fitting algorithm version 2
(SUFI-2) in the SWAT-CUP tool [44,45] was adopted to perform sensitivity analysis and
automatic calibration. Finally, 12 highly sensitive parameters for model calibration were
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selected, as presented in Table 1. It should be noted that antecedent moisture conditions
have considerable impacts on runoff generation, and more runoff will be generated under
wetter conditions [46]. Even for forest ecosystems, finite amounts of precipitation can be
retained during extreme rainfall events [47–49]. The SCS curve number (CN) in Table 1 is
for average soil moisture conditions (CN2), the SWAT model updates CN values on each
day according to the current soil moisture levels, and whether the ground is frozen. The
CN value is the highest (referred to as CN3) when the soil is at field capacity, and the lowest
(referred to as CN1) when the soil is at wilting point. Both CN1 and CN3 are functions of
CN2, and the details can be found in the theoretical documentation of SWAT [42].

Table 1. List of parameters used for calibration and their default values and ranges for calibration
(“a__”, “v__”, and “r__” mean an absolute increase, a replacement, and a relative change from the
initial parameter values, respectively).

Parameters Description Default Range

v_ALPHA_BF.gw Baseflow alpha factor (1/days) 0.048 0–1
v_GW_DELAY.gw Groundwater delay [days] 31 0–500
v_GW_REVAP.gw Groundwater “revap” coefficient 0.02 0.02–0.2

v_ALPHA_BNK.rte Baseflow alpha factor for bank storage (days) 0 0–1
v_CH_K2.rte Effective hydraulic conductivity [mm/hr] 0 5–130
v_CH_N2.rte Manning’s “n” value for the main channel 0.014 0–0.3

r_SOL_AWC.sol Available water capacity of the soil layer [mm H2O/mm soil] Soil layer specific ±60%
r_SOL_BD.sol Moist bulk density (Mg/m3 or g/cm3) Soil layer specific ±60%
r_SOL_K.sol Saturated hydraulic conductivity (mm/hr) Soil layer specific ±60%
r_CN2.mgt SCS runoff curve number HRU specific −30–10%

v_SFTMP.bsn Snowfall temperature (◦C) 1 −5–5
r_SLSUBBSN.hru Average slope length (m) HRU specific 0–20%

Two iterations were carried out in the process of calibration, with 1000 simulations
in each iteration (a total of 2000 simulations were carried out in the calibration period)
by using the objective function of the Nash–Sutcliffe efficiency coefficient (NSE) [50].
After each iteration, the parameter ranges were updated based on the new parame-
ter ranges recommended by SWAT-CUP and the physical boundaries of the param-
eters. The best model result among the 2000 simulations was selected as the final
model output to evaluate and compare different models’ performance. Three indica-
tors, including NSE, the coefficient of determination (R2), and the percent bias (PBIAS),
were used to evaluate and compare the model outputs. This study referred to the
widely used guideline [51] to classify the model performance in terms of NSE; models
would be classified as unsatisfactory (NSE ≤ 0.50), satisfactory (0.50 < NSE = 0.65),
good (0.65 < NSE = 0.75), and very good (NSE > 0.75). PBIAS measures the average
tendency of the simulated data to be larger or smaller than their observed counterparts.
PBIAS is ideally zero, with positive values indicating model overestimation and nega-
tive values indicate model underestimation. The low-magnitude PBIAS values indicate
accurate model simulations [52].

4. Results
4.1. Comparison of Different Meteorological Inputs

Figure 3 illustrates the cumulative fraction of daily precipitation at the watershed scale
from six sources (i.e., Gauge, CFSR, CMADS, TRMM, CMORPH, and CHIRPS) during the
period 2009–2014. The probability of dry day for Gauge was 54%, and the values were
much lower (i.e., 32%) for CMADS and much higher for CHIRPS (i.e., 72%). The other three
datasets had similar values to that of Gauge (i.e., 45% for CFSR, 51% for TRMM, and 48%
for CMORPH). For precipitation intensity within 1–5 mm/day, CFSR had obviously lower
frequencies than Gauge, while CHIRPS had obviously higher frequencies. CMADS had
higher frequencies of precipitation within 5–20 mm/day. The average annual precipitation
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for Gauge, CFSR, CMADS, TRMM, CMORPH, and CHIRPS were 1178, 1230, 966, 1260,
1208, and 1238 mm/year during the entire period 2009–2014.

Figure 4 shows the monthly precipitation of six datasets averaged over the watershed
from 2009 to 2014. All six datasets displayed similar rainy seasons centered from June to
September. CMADS had generally less monthly precipitation than Gauge, and there were
considerably higher peaks in several months in the CFSR precipitation, for instance, August
in 2009 and 2012. The three satellite-based precipitation datasets (i.e., TRMM, CMORPH,
and CHIRPS) were generally close to gauge measurements, except for some lower peaks,
such as in July and September of 2010.
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Figure 5 shows the cumulative fraction of daily maximum and minimum air temper-
ature, solar radiation, wind speed, relative humidity, and potential evapotranspiration
(PET) over the basin from three datasets between 2009 and 2014. Figure 6 displays the
monthly mean of daily maximum and minimum air temperature, solar radiation, wind
speed, relative humidity, and the sum of PET over the entire period. Taking an overall look
at Figures 5 and 6, despite some fluctuations, three datasets had a fairly good agreement
in the maximum temperature, minimum temperature, and relative humidity. However,
large discrepancies among the three datasets can be clearly seen for the solar radiation
and wind speed. For solar radiation, the two gridded products had larger fluctuations
than Gauge. For wind speed, CMADS was considerably lower than the Gauge and CFSR
datasets which display very good agreement with each other. To compute the PET in SWAT,
the Penman–Monteith method was used, which requires air temperature, solar radiation,
relative humidity, and wind speed as inputs. Despite these large discrepancies in daily
solar radiation and wind speed, overall monthly PET totals from the three datasets were in
good agreement, as shown in Figures 5 and 6. This suggests the discrepancies in individual
weather variables (wind speed and solar radiation in particular in this case) cancelled each
other to a certain degree when integrated into a further output, the PET in this case. Since
PET would affect the computation of water balance in SWAT, considering good agreement
in monthly PET totals from all the three datasets, it was expected that solar radiation and
wind speed inputs from three datasets had little influence on the SWAT modelling results
in this studied basin.
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4.2. Simulation Results Using Different Meteorological Inputs

Tables 2 and 3 summarize the model performance for the eighteen scenarios at daily
and monthly timescale, respectively. It can be found that using the same precipitation
data but different meteorological data, the streamflow simulation results are similar. Using
different precipitation data and the same meteorological data, the results tend to be quite
different. This finding shows the dominant role of precipitation data in streamflow simu-
lation. The scenarios using gauged precipitation data had the best performance for both
daily and monthly streamflow simulation. During the calibration and validation periods,
almost all the simulated results using gauged precipitation data reached the level of very
good performance (NSE > 0.75) at daily and monthly timescales (Tables 2 and 3). It is
worth noting that among the three scenarios using gauged precipitation data, the scenario
with gauged precipitation data together with gauged meteorological data yielded the best
performance with NSE higher than 0.87 for the calibration period and with NSE of 0.82 for
the validation period.

Table 2. Evaluation statistics for the performance of eighteen scenarios in daily streamflow simulation.

Precipitation Data Meteorological Data
(Excluding Precipitation)

2009–2011
(Calibration)

2012–2014
(Validation)

NSE R2 PBIAS (%) NSE R2 PBIAS (%)

Gauge
Gauge 0.87 0.88 −23.0 0.82 0.83 −24.1
CFSR 0.86 0.88 −28.2 0.81 0.83 −32.6

CMADS 0.85 0.88 −29.4 0.79 0.83 −38.1

CFSR
Gauge 0.32 0.34 −26.0 0.15 0.45 2.6
CFSR 0.32 0.34 −34.2 0.15 0.44 −10.9

CMADS 0.30 0.32 −27.6 0.19 0.44 −3.0

CMADS
Gauge 0.64 0.79 −63.8 0.65 0.72 −55.8
CFSR 0.64 0.79 −64.3 0.61 0.70 −58.4

CMADS 0.64 0.79 −63.5 0.64 0.72 −58.0

TRMM
Gauge 0.50 0.53 −25.3 0.38 0.44 −13.5
CFSR 0.54 0.59 −39.1 0.33 0.43 −22.1

CMADS 0.45 0.48 −30.6 0.37 0.44 −23.0

CMORPH
Gauge 0.56 0.69 −49.2 0.65 0.68 −37.8
CFSR 0.56 0.72 −52.0 0.65 0.69 −39.7

CMADS 0.55 0.70 −53.2 0.64 0.68 −43.5

CHIRPS
Gauge 0.40 0.42 −34.7 0.21 0.30 −22.7
CFSR 0.44 0.46 −35.7 0.22 0.32 −20.2

CMADS 0.38 0.40 −37.0 0.21 0.29 −27.8

The models using CMADS and CMORPH precipitation data as inputs performed
satisfactorily in simulating daily streamflow with NSE larger than 0.55 for both the calibra-
tion and validation periods. The models using CMADS precipitation data had larger bias
values than those using CMORPH precipitation data, so CMORPH is preferred for daily
streamflow simulation. For monthly streamflow simulation, the models using TRMM and
CHIRPS precipitation data as inputs performed satisfactorily with all except one NSE value
larger than 0.5. These results suggested that different gridded precipitation datasets should
be used to achieve optimal results for daily and monthly streamflow simulations. Models
using CFSR precipitation data as inputs performed the worst among all considered scenar-
ios. All NSE values were less than 0.50 with even negative values for monthly simulation
during the validation period (Table 3), suggesting the unsatisfactory model performance.
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Table 3. Evaluation statistics for the performance of eighteen scenarios in monthly streamflow
simulation.

Precipitation Data Meteorological Data
(Excluding Precipitation)

2009–2011
(Calibration)

2012–2014
(Validation)

NSE R2 PBIAS (%) NSE R2 PBIAS (%)

Gauge
Gauge 0.89 0.95 −23.0 0.82 0.89 −24.2
CFSR 0.87 0.95 −28.2 0.73 0.86 −32.6

CMADS 0.86 0.95 −29.4 0.67 0.85 −38.2

CFSR
Gauge 0.40 0.44 −26.2 −0.40 0.42 2.2
CFSR 0.37 0.44 −34.4 −0.34 0.38 −11.4

CMADS 0.36 0.41 −27.7 −0.38 0.39 −3.4

CMADS
Gauge 0.52 0.91 -63.8 0.45 0.85 −56.0
CFSR 0.50 0.89 −64.3 0.37 0.85 −58.6

CMADS 0.51 0.90 −63.6 0.41 0.87 −58.2

TRMM
Gauge 0.61 0.73 −25.4 0.58 0.61 −13.1
CFSR 0.64 0.83 −39.2 0.51 0.59 −21.7

CMADS 0.59 0.72 −30.8 0.54 0.60 −22.7

CMORPH
Gauge 0.49 0.80 −49.3 0.67 0.85 −37.9
CFSR 0.48 0.84 −52.1 0.62 0.83 −39.7

CMADS 0.45 0.81 −53.3 0.57 0.82 −43.6

CHIRPS
Gauge 0.58 0.69 −34.7 0.59 0.66 −22.4
CFSR 0.58 0.71 −35.7 0.56 0.61 −19.8

CMADS 0.55 0.68 −36.9 0.47 0.57 −27.4

Although the models using different meteorological datasets had comparable per-
formance, Gauge performed the best and CFSR usually performed better than CMADS,
especially on the monthly scale. This may be related to the large bias of CMADS in wind
speed (Figure 4). These results suggest that the CFSR meteorological data should be used
in this region when gauge measurements are not available.

Figures 7 and 8 compare the measured and simulated streamflow obtained from the
CFSR meteorological (excluding precipitation) data and different precipitation data at
the daily and monthly timescales. These diagrams give information about the temporal
consistency between the measured streamflow and simulated streamflow. In general, most
of the models can well reproduce the seasonal changes in streamflow. The consistencies of
simulated streamflow and measured streamflow using all the open-access gridded precipi-
tation datasets were worse than those using gauged precipitation data. Underestimation
persists in the simulation of the peak flow, especially for the extreme precipitation events
such as those in July and September of 2010. This is due to the underestimation of the
precipitation amount of these extreme events. CMADS had the best performance among
open-access gridded precipitation datasets in capturing the precipitation amounts and
streamflow during extreme events, indicating CMADS should be used for the simulation
of extreme events if gauge measurements are not available.

It should be noted that the PBIAS values in this study were large with values
beyond the generally acceptable thresholds (i.e., −15% < PBIAS < +15%) in most cases
(Tables 2 and 3). There may be two reasons for the large biases: firstly, the Nash–Sutcliffe
efficiency coefficient (NSE) was adopted as the target of parameter calibration, and
PBIAS was not set as an optimization goal. Secondly, paddy fields and ditches are
widely distributed in the study area, and the related hydrological processes are not well
represented in the SWAT model.
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4.3. Comparison of Calibrated Parameters and Water Balance Components

Tables 4 and 5 show the optimal parameters for the eighteen scenarios calibrated by
SWAT-CUP. The scenarios using the same precipitation data (e.g., Gauge, CFSR, CMADS,
and CMORPH) and different meteorological (excluding precipitation) data often had almost
the same optimal parameters, which showed the dominant role of precipitation to drive
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the model. The scenarios using the CFSR meteorological (excluding precipitation) data
and two different precipitation datasets (i.e., TRMM and CHIRPS) also had the same
parameters, which suggested that the influence of meteorological data also should not
be overlooked. The parameters related to channel routing (e.g., ALPHA_BNK, CH_K2,
and CH_N2) were relatively close to each other among different scenarios, while there
were large differences for parameters related to soil properties (e.g., SOL_BD, SOL_K,
and SOL_AWC) and groundwater (e.g., GW_DELAY). These results suggested that the
parameters related to subsurface water movement have large uncertainty because they are
difficult to measure in a spatially explicit way.

Table 4. Optimal parameters calibrated for the scenarios using the Gauge, CFSR, and CMADS
precipitation data. The scenarios using the same precipitation data and different meteorological
(excluding precipitation) data often had similar optimal parameters (with the different ones displayed
in bold). “Gauge_P” represents using gauged precipitation data, “Gauge_M” represents using gauged
meteorological data, and so on.

Parameters
Gauge_P

and
Gauge_M

Gauge_P
and

CFSR_M

Gauge_P
and

CMADS_M

CFSR_P
and

Gauge_M

CFSR_P
and

CFSR_M

CFSR_P
and

CMADS_M

CMADS_P
and

Gauge_M

CMADS_P
and

CFSR_M

CMADS_P
and

CMADS_M

r__CN2.mgt 0.0181 0.0181 0.0181 −0.1025 −0.1025 −0.1025 0.0518 0.0518 0.0518
v__ALPHA_BF.gw 0.5350 0.5350 0.5350 0.5207 0.5207 0.5207 0.4736 0.4736 0.4736
v__GW_DELAY.gw 65.5835 65.5835 65.5835 8.6958 8.6958 8.6958 208.5404 208.5404 208.5404
v__GW_REVAP.gw 0.0976 0.0976 0.0976 0.0550 0.0550 0.0550 0.0594 0.0594 0.0594
v__ALPHA_BNK.rte 0.2412 0.2412 0.2412 0.3264 0.3264 0.3264 0.3553 0.3553 0.3553

v__CH_K2.rte 6.3179 6.3179 6.3179 6.7284 6.7284 6.7284 6.8055 6.8055 6.80545
v__CH_N2.rte 0.0912 0.0912 0.0912 0.0762 0.0762 0.0762 0.0766 0.0766 0.0766

r__SOL_AWC().sol −0.4144 −0.4144 −0.4144 −0.7113 −0.3789 −0.7113 −0.1629 −0.2983 −0.2983
r__SOL_BD().sol 0.0204 0.0204 0.0204 0.5426 0.5426 0.5426 −0.5752 −0.5752 −0.5752
r__SOL_K().sol −0.0827 −0.0827 −0.0827 0.5185 0.5185 0.5185 0.2755 0.2755 0.2755
v__SFTMP.bsn 2.975 3.8442 3.8442 0.1092 0.1092 0.1092 4.2758 4.2758 4.2758

r__SLSUBBSN.hru 0.0761 0.0761 0.0761 0.1164 0.1164 0.1164 0.0361 0.0361 0.0361

Table 5. Optimal parameters calibrated for the scenarios using the TRMM, CMORPH, and CHIRPS
precipitation data. The scenarios using the same precipitation data and different meteorological
(excluding precipitation) data often had similar optimal parameters (with the different ones displayed
in bold). “Gauge_P” represents using gauged precipitation data, “Gauge_M” represents using gauged
meteorological data, and so on.

Parameters
TRMM_P

and
Gauge_M

TRMM_P
and

CFSR_M

TRMM_P
and

CMADS_M

CMORPH_P
and

Gauge_M

CMORPH_P
and

CFSR_M

CMORPH_P
and

CMADS_M

CHIRPS_P
and

Gauge_M

CHIRPS_P
and

CFSR_M

CHIRPS_P
and

CMADS_M

r__CN2.mgt 0.0580 0.0031 0.0181 0.0676 0.0676 0.0676 0.0006 0.0031 0.0006
v__ALPHA_BF.gw 0.8654 0.6998 0.5350 0.8782 0.8782 0.8782 0.3026 0.6998 0.3026
v__GW_DELAY.gw 154.7278 2.7892 65.5835 318.0529 318.0529 318.0529 2.2707 2.7892 2.2707
v__GW_REVAP.gw 0.0441 0.0694 0.0976 0.0250 0.0250 0.0250 0.0760 0.0694 0.0760
v__ALPHA_BNK.rte 0.3662 0.3804 0.2412 0.6512 0.6512 0.6512 0.3525 0.3804 0.3525

v__CH_K2.rte 5.3577 8.5511 6.3179 7.5657 7.5657 7.5657 8.6323 8.5511 8.6323
v__CH_N2.rte 0.0897 0.0930 0.0916 0.0840 0.0840 0.0840 0.1252 0.0930 0.1252

r__SOL_AWC().sol 0.0008 0.0062 −0.4144 0.1718 0.1718 0.1718 0.1800 0.0062 0.1800
r__SOL_BD().sol 0.4754 0.5861 0.0204 0.0106 0.0106 0.0106 0.0098 0.5861 0.0098
r__SOL_K().sol 0.4548 0.5931 −0.0827 0.5160 0.5160 0.5160 0.4455 0.5931 0.4455
v__SFTMP.bsn 0.7148 −3.4315 3.8442 3.4774 3.4774 3.4774 0.5679 −3.4315 0.5679

r__SLSUBBSN.hru 0.1733 0.1205 0.0760 0.0901 0.0901 0.0901 0.0464 0.1205 0.0464

Figure 9 shows the comparison of different water balance components of the eighteen
modelling scenarios. There are eight subgraphs, each of which represents the values of a
water balance component of eighteen modelling scenarios. As we can see, the scenarios
using the same precipitation data and different meteorological (excluding precipitation)
data usually yielded similar water balance components. The scenarios using the same
meteorological data but different precipitation data had an obvious difference in WYLD
(water yield, which is the net amount of water that leaves the subbasin and contributes
to streamflow in the reach), SUR_Q (surface runoff contribution to streamflow), GW_Q
(groundwater contribution to streamflow), LAT_Q (lateral flow contribution to streamflow),
and PERC (water percolating past the root zone) components, slight differences in the
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precipitation and AET (actual evapotranspiration) components, and almost no difference in
the PET components. The scenarios using the TRMM and CHIRPS precipitation data had
similar values to those using gauged precipitation data in WYLD, GW_Q, and PERC, while
the scenarios using the CMADS precipitation data had large differences from those using
gauged precipitation data in most balance components. The scenarios using the TRMM
and CHIRPS precipitation data also had similar spatial distributions in precipitation to
those using gauged precipitation data (Figure 10). The scenarios using all the gridded
precipitation data can well simulate the pattern that the southwest part of the watershed had
the largest WYLD values (Figure S1) because the steep terrain in that region is conducive to
runoff generation.
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TRMM, CMORPH, CHIRPS), and the three bars displayed in the same color used the Gauge, CFSR,
and CMADS meteorological data from left to right, respectively. AET—actual evapotranspiration;
WYLD—water yield, the net amount of water that leaves the subbasin and contributes to streamflow
in the reach; SUR_Q—surface runoff contribution to streamflow; GW_Q—groundwater contribution
to streamflow; LAT_Q—lateral flow contribution to streamflow; PERC—water percolating past the
root zone.
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It should be noted that, although the scenarios using the CFSR precipitation data
yielded similar WYLD to the scenarios using gauged precipitation data, there are great
differences among the water balance components (Figure 9). This shows the limitation of
model calibration only based on measured streamflow at the outlet, which is very common
in state-of-the-art hydrological modelling, as streamflow is usually the only measured water
balance component available in many watersheds. Therefore, the simulation results of
individual water balance components calibrated with only outlet streamflow may contain
large uncertainty [1,53]. This also highlights that there is a clear need for measurements of
other water balance components with the community’s effort for innovation in all realms
from ground-based to remote sensing [5]. Once such data are more available, multivariable
and multisite calibration is a promising way to reduce the aforementioned uncertainty.

5. Discussion
5.1. Comparison with Existing Studies

The performance of gridded meteorological and precipitation datasets often varied
with location. It was reported that CFSR typically performs well in the United States and
South America, but performs poorly for Asia and Africa compared with other products,
such as CMADS [54]. For example, Fuka et al. (2014) reported that the stream discharge
simulations forced by CFSR precipitation and temperature data performed as good as or
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better than those forced by data from traditional weather gauging stations in four small
watersheds in the USA [19]. Liu et al. (2018) and Zhang et al. (2020) found CMADS had
better performance than CFSR for streamflow simulation in the Yellow River Source Basin,
China, and the Muda River Basin, Malaysia [17,55]. While this study found that CFSR
meteorological data usually performed better than CMADS, especially at the monthly
scale caused by the large bias of CMADS in wind speed, but the CFSR precipitation data
performed the worst among all the precipitation datasets evaluated in this study. Gao
et al. (2018) also found the performance of CFSR precipitation data was not satisfactory
in the Xiang River Basin of China [56], and similar results were also reported in two
watersheds in the USA [24,26] and the upstream watersheds of Three Gorges Reservoir
in China [30,32]. The model driven by gauged precipitation data together with gauged
meteorological data yielded the best performance, which further confirms previous findings
that ground measurements are the most reliable input data compared to open-access
gridded products [1,16,21].

An important finding of this study is that the CMORPH precipitation data had overall
the best performance for daily streamflow simulation among gridded precipitation datasets;
TRMM had overall the best performance for monthly streamflow simulation; and CMADS
performed the best in capturing the precipitation amounts and streamflow during extreme
events. Therefore, different gridded precipitation datasets should be used for different
aims. The good performance of CMORPH on the daily scale and that of TRMM on the
monthly scale were also reported in the Meichuanjiang watershed of the Ganjiang Basin,
China [2], in the Adige Basin, Italy [7], and in Australia [57]. It was also reported that
the performances of CMORPH and TRMM were similar in some regions (e.g., Central
Thailand) [58]. The capability of CMADS precipitation data in capturing extreme events
can be attributed to the incorporation of in situ precipitation measurements from dense
weather stations [36].

5.2. Uncertainty of the Evaluation

It has been widely acknowledged that considerable uncertainties exist in the re-
sults of hydrological modeling, which come from model structure, parameters, and
inputs [59–61]. To quantify these uncertainties, various approaches, such as GLUE
(generalized likelihood uncertainty estimation [62]) and MCMC (Markov chain Monte
Carlo [63]), have been proposed. Using these methods, a confidence band instead of a
single curve can be obtained to represent the uncertainty of a hydrological variable, such
as streamflow. Nevertheless, searching for a single optimal parameter set through model
calibration is still the commonly used approach for the inter-comparison of gridded me-
teorological and precipitation datasets [1,16,28]. In this study, a single-model structure
was used following previous researchers, as this approach is relatively simple and at the
same time can reasonably reflect the accuracy of different meteorological/precipitation
products. In order to obtain more comprehensive and reliable evaluation results, un-
certainty analysis should be conducted in the future. In addition, the usage of the
differential split-sample test (the DSS-test, e.g., using periods with apparent different
climate conditions, e.g., dry/wet or cold/warm, where calibration is performed on one
period and validation is performed on another period) will also improve the reliability
of evaluation [64].

6. Conclusions

This study evaluated the performance of two mainstream open-access gridded meteo-
rological datasets (i.e., CFSR and CMADS) and three satellite-based precipitation datasets
in driving the SWAT model in streamflow simulation at daily and monthly timescales
in the Fengle watershed, Anhui Province, China. Eighteen modelling scenarios, which
are generated through the combination of six precipitation datasets (i.e., Gauge, CFSR,
CMADS, TRMM, CMORPH, and CHIRPS) and three meteorological (excluding precipita-
tion) datasets (i.e., Gauge, CFSR, and CMADS), were used to study the impact of different
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input data on simulation results. After comprehensive comparison of these scenarios, the
following conclusions can be drawn:

(1) In this study area, the three satellite-based precipitation datasets (i.e., TRMM, CMORPH,
and CHIRPS) were generally close to gauged data except for some lower peaks, while
CMADS had overall lower precipitation than gauged data and CFSR had poor tem-
poral consistency with gauged data. For the other meteorological variables, excluding
precipitation, CFSR and CMADS had fairly good agreement with gauged data in the
maximum temperature, minimum temperature, and relative humidity, but there are
large discrepancies among them for the solar radiation and wind speed. In particular,
for solar radiation, gauged data had smaller fluctuations than the other two datasets; for
wind speed, CMADS was considerably lower than the gauged and CFSR datasets. How-
ever, despite these discrepancies, overall monthly PET totals from the three datasets were
in good agreement, suggesting that the discrepancies in individual weather variables
cancelled each other to a certain degree.

(2) The impact of precipitation data on simulated streamflow is much larger than that of
other meteorological data. In this study, the best simulation results were obtained using
gauged data for both precipitation and other meteorological variables. At the same time,
this study also got satisfactory daily simulation results using the CMORPH precipitation
data and monthly simulation results using the TRMM and CHIRPS precipitation data.
These results suggested that different gridded precipitation datasets should be used
to obtain optimal results for daily and monthly streamflow simulations. Although the
models using different meteorological datasets had comparable performance, CFSR
usually performed better than CMADS especially at the monthly scale in this area.

(3) There were considerable differences in the calibrated optimal parameters and water
balance components among the eighteen scenarios even for the scenarios with similar
water yield to streamflow (e.g., the scenarios using gauged precipitation data and
those using CFSR precipitation data). This highlights the inherent limitations of model
calibration only based on measured streamflow at the outlet, which should be reduced
through multivariable and multisite calibration once data allows.

Currently, the development of data fusion and machine learning techniques provides
unprecedented opportunities to design novel methods to reduce the uncertainties of the
precipitation dataset. While the focus of this study was to evaluate the performance
of existing datasets on hydrological modeling, in the future, novel methods should be
developed to construct more accurate precipitation datasets. In addition, it is important
to obtain the right simulation results for the right reasons, especially for policy makers.
Although the simulation results in this study were generally good based on indicators
such as NSE and R2, the SWAT model did not adequately represent the impacts of widely
distributed paddy fields and ditches on hydrological processes in this study area. In
the future, the model should be improved to better characterize these agriculture-related
processes and make the simulation results more reliable for decision making.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/w14091406/s1, Figure S1: Annual mean WYLD (water yield) for
simulations using CFSR meteorological data and different precipitation data during 2009–2014,
including (a) Gauge, (b) CFSR, (c) CMADS, (d) TRMM, (e) CMORPH, and (f) CHIRPS.
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