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Abstract: This study assesses the suitability of five popular satellite-based precipitation products in
modeling water balance in a humid region of China during the period 1998–2012. The satellite-based
precipitation products show similar spatial patterns with varying degrees of overestimation or
underestimation, compared with the gauged precipitation. A distributed hydrological model is
used to evaluate the suitability of satellite-based precipitation products in simulating streamflow,
evapotranspiration and soil moisture. The simulations of streamflow and evapotranspiration forced
by the MSWEP precipitation perform best among the five satellite-based precipitation products,
where the Kling-Gupta efficiency (KGE) between the simulated and observed streamflow ranges from
0.75 to 0.91, and the KGE between the simulated and observed evapotranspiration ranges from 0.46
to 0.61. However, the KGE between the simulated and observed soil moisture is negative, indicating
that the performance of soil moisture simulation forced by satellite-based precipitation is poor. In
addition, this study finds the spatial pattern of simulated streamflow is dominated by the distribution
of precipitation, whereas the distribution of evapotranspiration and soil moisture is controlled by
the parameters of the hydrological model. This study is useful for the improvement of hydrological
modeling based on remote sensing and the monitoring of regional water resources.
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1. Introduction

Precipitation is a critical variable in the water cycle, and accurate measurements of precipitation
are important for hydrological modeling, extremes prediction and water resources management [1–3].
It is reported that global precipitation is expected to increase under the impact of global warming. The
increase in precipitation may lead to changes in evapotranspiration and streamflow, and then result in
the variation in hydrological extremes [4–7]. Therefore, accurate quantification of precipitation has an
important scientific and practical significance in the present and future hydro-climatological researches.

However, the traditional precipitation observations from rain gauges suffer from several
limitations, including sparse gauge networks, data gaps, reporting time delays, and limited access to
available data [8,9]. The satellite-based precipitation can overcome the shortcomings of gauge-based
observations by providing the continuous and near-real-time precipitation estimates at a global
or quasi-global scale [10,11]. Although the accuracy of satellite-based precipitation has improved
continuously over the past several decades, they always suffer from significant error sources associated
with indirect measurements, retrieval algorithms and sampling frequency [12–14]. Therefore,
most satellite-based products not only utilized the satellite-based precipitation, but also included
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gauge-based observations to correct the bias of precipitation estimates, and some of them also employed
the reanalysis data during the process of product generation [15–17].

Numerous investigations of the performance of satellite-based precipitation products have
been examined on regional and global scales [15,16,18]. For example, Sun et al. [15] presented a
comprehensive review of the data sources and retrieval algorithms for 30 currently available global
precipitation datasets and found that the reliability of precipitation datasets is mainly limited by
the number and spatial coverage of surface stations, the satellite retrieval algorithms and the data
assimilation schemes. Generally, the suitability of satellite-based precipitation products varies under
different climatic conditions. In addition to the direct comparison of the satellite-based precipitation
products against the gauged observations, the evaluation of satellite-based precipitation products is
also conducted based on their performance of streamflow simulations in a framework of hydrological
modeling, which is commonly called a hydrological evaluation of precipitation datasets. The
underlying hypothesis of this evaluation is that the error in satellite-based precipitation products can
be propagated into the accuracy of streamflow simulations. For example, Ciabatta et al. [19] used
the state-of-the-art satellite-based precipitation products as the inputs of a rainfall-runoff model in
Italy and found the soil moisture-derived rainfall products provide promising results for hydrological
applications. Liu et al. [20] employed Precipitation Estimation from Remotely Sensed Information
Using Artificial Neural Networks–Climate Data Record as the input for a hydrologic model to simulate
streamflow on the data scarce Tibetan Plateau and found that this rainfall product has good potential
to be a reliable dataset and an alternative information source of a limited gauge network on the
Tibetan Plateau.

However, previous studies on hydrological evaluation of precipitation datasets often focus on
the performance of streamflow simulations, with less scrutiny on the accuracy of other hydrological
variables, e.g., evapotranspiration and soil moisture [21–24]. Although some studies have attempted to
evaluate the precipitation products by cross-comparing the outputs of hydrological simulation forced
by different satellite-based precipitation products [25–29], comprehensive studies of the performance
of satellite-based precipitation products in water balance simulations are still not available due to the
limitation of the observations of hydrological components [30]. Bai et al. [31] indicated that evaluation
of precipitation datasets regarding only on the accuracy of runoff simulations is less meaningful; the
hydrological models have the ability to offset the impact of different precipitation inputs on streamflow
simulations by parameter calibration. It would be better to include other hydrological components
(e.g., evapotranspiration and/or soil moisture) in addition to streamflow observations to evaluate the
hydrological modeling performance of satellite-based precipitation products [32–34].

In this study, we evaluate the error characteristics and hydrological suitability for five popular
satellite-based precipitation products in a humid catchment with multiple observations of hydrological
components. The precipitation estimates from five satellite-based products are first compared against
the gauged observations. Next, we compare the simulated hydrological fluxes and states (including
streamflow, evapotranspiration and soil moisture) driven by the five satellite-based precipitation
products against gauged precipitation based on a distributed hydrological model. We also set up six
types of parameter calibration scenarios to analyze the influence of parameter estimation schemes
on evaluation results. Finally, we discuss the potential uncertainty in evaluation results. The results
of this study are helpful for product users to select the appropriate product(s) for their applications
on hydrological modeling and are useful for the improvement of hydrological modeling based on
remote sensing.

2. Materials and Methods

2.1. Study Area

The Ganjiang Basin is located in the middle reaches of the Yangtze River and has a drainage
area of 80,948 km2 (Figure 1). The landscape of the Ganjiang Basin is dominated by stony mountains
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and the topography is complex, with the elevation varying from about −50 m to 2100 m above sea
level. Low hills lie in the central part of the basin while alluvial plains govern the downstream of the
major watercourse. This basin belongs to the subtropical wet climate. The air temperature is about
19 ◦C and the annual precipitation is about 1560 mm averaged from 1998–2012. The intra-annual
precipitation varies obviously, and the rainy season occurs from April and June. Additionally, the
spatial distribution of precipitation is also uneven, with high values in the upper reach and low values
in the middle and the lower reaches of the Ganjiang Basin [35].
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Figure 1. Sketch map of the study area.

2.2. Datasets

2.2.1. Satellite-Based Products

Five popular satellite-based precipitation products are used in the current study, including
the version 2.0 of the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS,
ftp://ftp.chg.ucsb.edu/pub/org/chg/products/CHIRPS-2.0), the version 1.0 of the Climate Prediction
Center morphing technique (CMORPH, ftp://ftp.cpc.ncep.noaa.gov/precip/global_CMORPH/
daily_025deg), the version 2.0 of the Multi-Source Weighted-Ensemble Precipitation (MSWEP, http:
//gloh2o.org/), the Precipitation Estimation from Remotely Sensed Information using Artificial
Neural Networks-Climate Data Record (PERSIANN, http://chrsdata.eng.uci.edu/) and the version
7 of the Multi-satellite Precipitation Analysis products of the Tropical Rainfall Measuring Mission
(TRMM, https://pmm.nasa.gov/data-access/downloads/trmm). The five satellite-based precipitation
products have high temporal resolutions, which have been widely used in hydrological and
meteorological researches [36–38]. The detailed information on the five satellite-based precipitation
products can be found in Table 1. It should be noted that all the five products utilized the gauged
observations to correct the bias of raw precipitation estimates, and some of them, i.e., MSWEP and
CHIRPS, also merged the reanalysis data in the process of data generation [15,19] The five products
have the same spatial resolution, i.e., 0.25◦ × 0.25◦. In addition, the MOD16 global evapotranspiration
from the Moderate Resolution Imaging Spectroradiometer (MODIS) during the period 2000–2012
was employed to validate the accuracy of simulated evapotranspiration from hydrological modeling
(https://modis.gsfc.nasa.gov/) [39].

ftp://ftp.chg.ucsb.edu/pub/org/chg/products/CHIRPS-2.0
ftp://ftp.cpc.ncep.noaa.gov/precip/global_CMORPH/daily_025deg
ftp://ftp.cpc.ncep.noaa.gov/precip/global_CMORPH/daily_025deg
http://gloh2o.org/
http://gloh2o.org/
http://chrsdata.eng.uci.edu/
https://pmm.nasa.gov/data-access/downloads/trmm
https://modis.gsfc.nasa.gov/
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Table 1. Information on the water balance components used in this study.

Data Short Name/Variable Full Name Period Reference/Source

Satellite-based precipitation
products

CHIRPS Version 2.0 of the Climate Hazards Group
InfraRed Precipitation with Station data 1998–2012 Funk et al. [40]

CMORPH Version 1.0 of the Climate Prediction Center
morphing technique 1998–2012 Joyce et al. [41]

MSWEP Version 2.0 of the Multi-Source
Weighted-Ensemble Precipitation 1998–2012 Beck et al. [42]

PERSIANN
Precipitation Estimation from Remotely Sensed
Information using Artificial Neural
Networks-Climate Data Record

1998–2012 Ashouri et al. [43]

TRMM
Version 7 of the Multi-satellite Precipitation
Analysis products of the Tropical Rainfall
Measuring Mission

1998–2012 Huffman et al. [44]

Satellite-based
evapotranspiration MODIS MOD16 global evapotranspiration of the Moderate

Resolution Imaging Spectroradiometer 2000–2012 Mu et al. [39]

Ground-based datasets

Precipitation \ 1998–2012 Meteorological station

Evapotranspiration \ 2003–2005 Flux station

soil moisture \ 1998–2010 Agricultural observatory

Streamflow \ 1998–2012 Hydrological station
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2.2.2. Ground-Based Datasets

The gauged precipitation at 92 rainfall stations during the period 1998-2012 in and around the
Ganjiang Basin was obtained from the China Meteorological Administration (CMA, http://data.
cma.cn/data/), which was interpolated to the same spatial resolution (i.e., 0.25◦ × 0.25◦) as the
selected satellite-based precipitation products using an inverse distance weighted (IDW) technique
in ArcGIS 10.2. The observed daily streamflow records at Waizhou station (28.63◦N, 115.83◦E),
i.e., the outlet of Ganjiang Basin, were obtained from the Yangtze River Hydrological Bureau of
China. Evapotranspiration is measured by a flux station using the eddy covariance method (26.73◦N,
115.05◦E), which locates in the southwest of the Ganjiang Basin. Consecutive daily evapotranspiration
observations are available during the period 2003–2005. Soil moisture is obtained from an agricultural
observatory (25.67◦N, 114.75◦E) of CMA located in the south of the study area, which is measured
every ten days on the 8th, 18th and 28th day of each month. The soil moisture is recorded at five layers
below ground, i.e., 10 cm, 20 cm, 50 cm, 70 cm and 100 cm, which is employed to evaluate the accuracy
of the simulated soil moisture by hydrological model. Soil moisture change (SMC) is calculated as the
differences between soil moisture in a certain month and its previous month.

2.3. Methodology

2.3.1. Hydrological Model and Calibration Method

The grid-based Hydro-Informatic Modeling System (HIMS) model is used in this study, which
integrates most important hydrological processes and considers water exchange between canopy,
soil moisture, and groundwater storages, which was originally developed by Liu et al. [45] and
later modified by Bai et al. [46] by replacing the empirical evapotranspiration equation with a
physically-based one. The model structures of the HIMS model are distributed in vertical hydrological
processes (e.g., infiltration, soil moisture balance, and evapotranspiration), but lumped in horizontal
hydrological processes (e.g., runoff routing). The HIMS model runs at a daily time step and includes
eight free parameters (see Table 2). The parameters associated with runoff generation and routing
processes (e.g., Rmax, Rmin, and MAXBAS) have a higher sensitivity than the other parameters [46,47].
The mode parameters were automatically calibrated using the genetic algorithm by maximizing
the error metric (i.e., Kling-Gupta efficiency) between observed and simulated runoff. The spatial
resolution of the model is variable and can be flexibly set according to the needs of the research. Here,
the model runs at a resolution of 0.25◦ × 0.25◦. The HIMS model has been implemented successfully in
a number of river basins in China with a variety of climate and landscape conditions [20,46–48].
The meteorological inputs of the model include the precipitation and the variables to calculate
evapotranspiration, including air temperature, wind speed, relative humidity, and sunshine hours.

Table 2. Free parameters of the HIMS model.

Parameter Description Range Unit

Rmax Maximum infiltration control parameter 1~2.5 –
Rmin Minimum infiltration control parameter 0~1 –

DSmax Water storage capacity in sub-root soil layer 0~300 mm
Beta Coefficient of water exchange between two root-zone soil layers 1~2 –
Ki Interflow linear recession parameter 0~1 –

drec Delay time for groundwater recharge 0~500 day
Kb Base flow linear recession parameter 0~0.1 –

MAXBAS Maximum routing time 1~7 day

In this study, the performance of the simulated water balance components forced by five
satellite-based precipitation products are evaluated under six scenarios. In scenario 0 (S0), the
parameters of the hydrological model are calibrated using the gauged precipitation as the forcing,
and then the calibrated model parameters are used to simulate water balance components using the
five satellite-based precipitation products as forcing. In scenarios 1–5 (S1–S5), each satellite-based

http://data.cma.cn/data/
http://data.cma.cn/data/
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precipitation product is used to calibrate the model parameters and then the product-specific parameter
sets are separately used to simulate the water balance components by the other precipitation datasets.
The aim of S0 is to assess the performance of hydrological simulations of the selected satellite-based
precipitation products with the static parameters calibrated by the gauged precipitation, whereas
S1–S5 is designed to investigate the hydrological utility of the satellite-based precipitation products,
particularly in ungauged basins where only satellite-based precipitation products are available. More
information about the six scenarios can be found in Table 3.

Table 3. Scenarios for parameter determination of hydrological modeling.

Scenario Description

S0 Parameters calibrated by gauge-based precipitation
S1 Parameters calibrated with CHIRPS product
S2 Parameters calibrated with CMORPH product
S3 Parameters calibrated with MSWEP product
S4 Parameters calibrated with PERSIANN product
S5 Parameters calibrated with TRMM product

2.3.2. Statistical Method

The false alarm ratio (FAR) and the probability of detection (POD) are used to assess the accuracy
of satellite-based precipitation products, which can be written as [26,49]:

FAR =
b

a + b
(1)

POD =
a

a + c
(2)

where a is the number of observed precipitation events correctly detected, b is the number of
precipitation events detected but not observed, and c is the number of observed precipitation events
not detected. FAR measures the fraction of precipitation detections that are false alarms, whereas POD
measures the fraction of precipitation occurrences that were correctly detected.

Four indicators are employed to evaluate the performance of hydrological modeling, which are
Pearson’s correlation coefficient (r), relative bias (RB), root-mean-square deviation (RMSD) and the
Kling-Gupta efficiency (KGE) [50]:

r =
∑N

i=1(yobs,i − yobs)(ysim,i − ysim)√
∑N

i=1(ysim,i − ysim)
2 ∑N

i=1(yobs,i − yobs)
2

(3)

RB =
∑N

i=1(yobs,i − ysim,i)

∑N
i=1(yobs,i)

× 100% (4)

RMSD =

√
1
N ∑N

i=1 [(ysim,i − ysim)− (yobs,i − yobs)]
2 (5)

KGE = 1−
√
(1− r)2 + (1− α)2 + (1− β)2 (6)

where
α =

σs

σo
and β =

µs

µo

where µs and σs are the mean and standard deviation of the simulations (ysim); µo and σo are the mean
and standard deviation of the observations (yobs), respectively; N is the total number of days in the data
time series. The r measures whether a statistically significant linear relationship exists between the
simulations and observations, where the optimal value is r = 1. The RB and RMSD measure whether the
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simulations are overestimated or underestimated compared with the observations, where the optimal
values are RB = 0% and RMSD = 0. The KGE measures the overall fitness between observations and
simulations, where the optimal value is KGE = 1.

3. Results

3.1. Comparisons of Satellite-Based Precipitation Products

Given that the study area has a dense network of rain gauges, the gauged precipitation data are
used as the reference to evaluate the five satellite-based precipitation products. Figure 2 shows the
spatial distributions of the mean daily precipitation estimates from the five satellite-based precipitation
products and gauged values averaged from 1998 to 2012. Overall, the spatial distributions of the six
precipitation datasets are consistent with each other: the high values appear in the south of the basin
and the low values appear in the north of the basin. The basin-average daily precipitation estimates
are 4.58, 4.80, 4.19, 4.82, 4.35 and 4.66 mm/day for the gauged observation, CHIRPS, CMORPH,
MSWEP, PERSIANN and TRMM products, respectively. The correlation coefficient between the
gauged precipitation and satellite-based products ranges from 0.58 to 0.82, the standard deviation
ranges from 7.8 to 9.9, and the RMSD ranges from 0.52 to 0.83 mm/day (Figure 3). Overall, MSWEP
product performs best among the five satellite-based products, which achieves the largest correlation
coefficient and the lowest RMSD.
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Figure 3. Comprehensive and qualitative evaluation of five satellite-based precipitation products (A
to E are represented for CHIRPS, CMORPH, MSWEP, PERSIANN and TRMM, respectively) against
gauge observations.

Furthermore, compared with the gauged precipitation, CHIRPS, MSWEP and TRMM products
tend to overestimate precipitation, while CMORPH and PERSIANN products show a systematically
underestimate (Figure 4). To evaluate the ability of the five satellite-based precipitation products in
depicting light and heavy precipitation events, FAR and POD are calculated at precipitation thresholds of
1, 2, 5, 10, 25 and 50 mm/day, respectively. As shown in Figure 5, the estimates of the light precipitation
events perform better than the heavy precipitation events. MSWEP product performs best in the prediction
of light and heavy precipitation events among the five satellite-based precipitation products.
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Figure 5. (a) POD and (b) FAR of satellite-based precipitation products versus gauged precipitation at
different thresholds.

3.2. Assessment of Streamflow Simulation Forced by Satellite-Based Products

Figure 6 shows streamflow simulations forced by the five satellite-based precipitation products
and gauged precipitation under S0, where the gauged precipitation is used to calibrate the model
parameters. The RB and KGE values are 5% and 0.92 for the calibration period, and the values are
1% and 0.90 for the validation period (Table 4). The results indicate the HIMS model performs well
in streamflow simulations using the gauged precipitation as forcing. Keeping the model parameters
unchanged, the hydrological model is driven by the five satellite-based products individually. During
the calibration period, the KGE driving by the five satellite-based precipitation ranges from 0.79 to
0.86, and the RB ranges from −2% to 16%. During the validation period, the KGE driving by the five
satellite-based precipitation ranges from 0.80 to 0.91, and the RB ranges from −4% to 11%. Generally,
the streamflow simulations driving by the MSWEP product performs best among the five satellite-based
precipitation products. Figure 7 shows that the spatial pattern of streamflow simulation is consistent
with its corresponding precipitation pattern, which indicates that the streamflow simulation is
dominated by the corresponding precipitation in the study area.
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Figure 6. Streamflow simulations derived by the gauged precipitation and satellite-based precipitation
products under S0.

To better test the hydrological utility of the satellite-based precipitation products in streamflow
simulations, Table 4 and Figure 5 also shows the performance of simulated streamflow under
S1–S5. Similar to S0, the MSWEP performs best in streamflow simulations among the satellite-based
precipitation products under S1. In the validation period, the KGE values using the parameter sets
calibrated by each of the five satellite products are 0.81 (CHIRPS), 0.82 (CMORPH), 0.91 (MSWEP),
0.80 (PERSIANN) and 0.86 (TRMM), respectively. Therefore, we recommend the MSWEP as the
preferred choice for streamflow simulation among the five satellite-based precipitation products in the
study area.
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Table 4. Performance of hydrological modeling using different precipitation inputs under six scenarios.

Scenario Precipitation Calibration (1998–2005) Validation (2006–2012)

KGE RB KGE RB

S0

Gauged 0.92 5% 0.90 1%
CHIRPS 0.79 1% 0.82 −3%

CMORPH 0.80 16% 0.82 11%
MSWEP 0.86 −2% 0.91 −4%

PERSIANN 0.80 8% 0.80 9%
TRMM 0.84 3% 0.85 −1%

S1

Gauged 0.81 7% 0.80 3%
CHIRPS 0.82 1% 0.81 −3%

CMORPH 0.72 18% 0.75 13%
MSWEP 0.88 0% 0.86 −2%

PERSIANN 0.75 10% 0.72 11%
TRMM 0.84 4% 0.84 1%

S2

Gauged 0.80 −2% 0.81 −7%
CHIRPS 0.38 −20% 0.47 −22%

CMORPH 0.78 9% 0.82 2%
MSWEP 0.75 −7% 0.82 −9%

PERSIANN 0.68 −1% 0.79 2%
TRMM 0.60 −11% 0.67 −12%

S3

Gauged 0.82 11% 0.81 7%
CHIRPS 0.83 6% 0.83 3%

CMORPH 0.71 22% 0.73 17%
MSWEP 0.90 4% 0.91 3%

PERSIANN 0.76 14% 0.72 15%
TRMM 0.84 8% 0.85 6%

S4

Gauged 0.92 2% 0.89 −1%
CHIRPS 0.84 −4% 0.83 −8%

CMORPH 0.80 14% 0.83 9%
MSWEP 0.88 −4% 0.89 −6%

PERSIANN 0.82 6% 0.80 7%
TRMM 0.88 −1% 0.88 −4%

S5

Gauged 0.85 9% 0.84 7%
CHIRPS 0.84 2% 0.84 −2%

CMORPH 0.74 19% 0.75 15%
MSWEP 0.89 4% 0.90 3%

PERSIANN 0.77 13% 0.73 16%
TRMM 0.86 4% 0.86 2%



Remote Sens. 2019, 11, 151 12 of 21
Remote Sens. 2019, 11 FOR PEER REVIEW  13 

 

 

 276 
Figure 7. Spatial distributions of simulated streamflow in the Ganjiang Basin derived by different 277 
precipitation inputs under six sets of scenarios. Under each scenario, the model parameters are 278 
calibrated based on the precipitation data with a red rectangle. 279 

 280 
 281 

Figure 7. Spatial distributions of simulated streamflow in the Ganjiang Basin derived by different
precipitation inputs under six sets of scenarios. Under each scenario, the model parameters are
calibrated based on the precipitation data with a red rectangle.

3.3. Evaluation of Evapotranspiration and Soil Moisture Simulations Driving by Satellite-Based Products

Figure 8 shows the spatial distributions of the simulated evapotranspiration by the
five satellite-based products and gauged precipitation under S0–S5. The spatial patterns of
evapotranspiration simulations are dominated by calibration scenarios rather than the input of
precipitation. This means that the parameters of the hydrological model exert the larger influence
than precipitation on the spatial distribution of evapotranspiration. To validate the accuracy of the
simulations, the simulated evapotranspiration is compared with the MODIS evapotranspiration at
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the basin scale and observed evapotranspiration at the point scale. Figure 9 shows the relationship
between the simulated evapotranspiration and the MODIS evapotranspiration averaged from the
whole basin. The KGE under the six scenarios ranges from 0.41 to 0.61, and the evapotranspiration
simulation under S3 performs best (driving by MSWEP precipitation). Furthermore, the KGE ranges
from 0.49 to 0.72 between the simulated evapotranspiration and the observed values at the point
scale (Figure 10). These results indicate the performance of simulated evapotranspiration forced by
satellite-based precipitation products are acceptable.
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observed evapotranspiration.

Figure 11 shows the spatial distributions of the relative soil moisture (the ratio of soil moisture
content to saturated soil moisture content) in the Ganjiang Basin derived by different precipitation
inputs. Noting that the simulations of the relative soil moisture under all scenarios derived by different
precipitation inputs are similar, except under S5. Similar to the evapotranspiration simulations, the
calibration scenario seems to have a larger influence on the spatial pattern of soil moisture than
precipitation. Figure 12 shows the relationships between the observed SMC and simulated SMC under
the six scenarios, which manifests that all precipitation products are unable to efficiently reproduce the
soil moisture observations via hydrological modeling, with the KGE values less than zero for all cases
(Figure 12).
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4. Discussion

This study investigates five popular satellite-based precipitation products and their performance
in simulating hydrological components in the Ganjiang Basin. The results indicate that the MSWEP
product performs best in precipitation depicting among the employed satellite-based precipitation
products. Beck et al. [16] undertook a comprehensive evaluation of 22 gridded (quasi-) global (sub-)
daily precipitation datasets and found that the MSWEP product emphasizing careful data merging
can exploit the complementary strengths of gauge-, satellite-, and reanalysis-based precipitation
estimates. It should be noted the satellite-based precipitation and gauged precipitation are not totally
independent, because the gauged precipitation has been employed for the generation of MSWEP [42]
and/or CHIRPS [40]. In addition, the simulation of streamflow forced by satellite-based products
performs better than the simulations of evapotranspiration and soil moisture. This is because that: (1)
The streamflow is used to calibrate the parameters of the hydrological model, and (2) the relationship
between precipitation and streamflow is good in humid regions. It should be noted that although the
precipitation inputs of the hydrological model are different, the patterns of simulated streamflow are
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similar. This is because the differences in precipitation inputs are offset by the parameter calibration of
the hydrological model [31].

The simulation of soil moisture is not satisfied in the Ganjiang Basin, which is probably because
the hydrological model unrealistically represents the complex interactions between soil moisture and
land-atmosphere processes. The improvement of soil moisture simulation requires the model including
a more solid algorithm of soil water dynamics as employed by some state-of-the-art land surface
models [51–53]. Moreover, the observed soil moisture is the soil water within a certain depth of the
land surface, whereas the simulated soil moisture reflects the soil water in the entire soil layer. The two
variables are not totally identical. In addition, the soil moisture reflects water storage at a certain point,
but the spatial resolution of the simulation is 0.25◦ × 0.25◦. The mismatch of spatial scales should also
be considered in the application of satellite-based precipitation products [54–56].

Some studies have investigated the suitability of satellite-based precipitation products in
hydrological modeling in the Ganjiang Basin in recent years [26,36,57–59]. For example, Li et al. [26]
compared TRMM and PERSIANN products in the Ganjiang Basin, and found that TRMM and
PERSIANN underestimated the precipitation amount. Tang et al. [57] quantitatively inter-compared
the TRMM and Global Precipitation Measurement (GPM) level-3 products, and found that the GPM
product can adequately substitute TRMM product in streamflow simulation in the Ganjiang Basin,
even with its limited data available to date. The results of this study are generally consistent with
the finding of previous investigations. Nevertheless, this study emphasizes the performance of water
balance simulation forced by satellite-based precipitation products using multiple observations, which
is an improvement of previous studies. In remote sensing-based hydrological modeling, we should not
only concern on the satellite-based precipitation, but also should pay attention to the selection of the
hydrological model [60]. Even if a satellite-based precipitation product doesn’t have high-accuracy, the
hydrological simulation might be acceptable through the model parameters calibration. In contrary, the
hydrological simulation might be poor through model parameters calibration forced by satellite-based
precipitation when an improper model is chosen. The results of this study are beneficial for users to
select the appropriate product(s) for their applications on water balance simulations.

5. Conclusions

This study investigated the suitability of five popular satellite-based precipitation products in
water balance simulations in Ganjiang Basin during the period 1998-2012. The main results are
concluded as follows:

1. The five satellite-based precipitation products have similar spatial patterns. Compared with
the gauged precipitation, the CHIRPS, MSWEP and TRMM precipitation tend to overestimate
precipitation, whereas CMORPH and PERSIANN show systematical underestimates.

2. The performance of the MSWEP precipitation in streamflow simulations is the best among the
five satellite-based products based on a distributed hydrological model, in which the KGE ranges
from 0.75 to 0.90 in the calibration period and from 0.82 to 0.91 in the validation period. The
spatial patterns of simulated streamflow are dominated by the distribution of precipitation.

3. The evapotranspiration simulations forced by the satellite-based precipitation products are
acceptable, whereas the soil moisture simulations forced by the five products are poor. In
addition, the spatial patterns of simulated evapotranspiration and soil moisture are controlled by
the hydrological model via parameters calibration.

This study provides a comprehensive evaluation of five popular global satellite-based
precipitation products in water balance simulations over a humid region. The finding of this study
is helpful for the developers of precipitation products to improve their products and also useful
for the users of satellite-based precipitation products to select the optimal product to perform their
applications in hydrological modeling.
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