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Abstract: As a supplement to gauge observation data, many satellite observations have been used
for hydrology and water resource research. This study aims to analyze the quality of the Integrated
Multisatellite Retrieval for Global Precipitation Measurement (GPM IMERG) products and their
hydrological utility in the Xinfengjiang River reservoir basin (XRRB), a mountainous region in
southern China. The grid-based soil and water assessment tool (SWAT) model was used to construct
a hydrological model of the XRRB based on two scenarios. The results showed that on a daily scale,
the IMERG final run (FR) product was more accurate than the others, with Pearson’s correlation
coefficients (CORR) of 0.61 and 0.71 on the grid accumulation scale and the average scale, respectively,
and a relative bias (BIAS) of 0.01. In Scenario I (the SWAT model calibrated by rain gauge data),
the IMERG-based simulation showed acceptable hydrologic prediction ability on the daily scale
and satisfactory hydrological performance on the monthly scale. In Scenario II (the SWAT model
calibrated by the FR), the hydrological performances of the FR on the daily and monthly scales
were slightly better than those in Scenario I (the CORR was 0.64 and 0.85, the BIAS was 0.01 and
−0.02, and the NSE was 0.43 and 0.84). These results showed the potential of the FR for hydrological
modeling in tropical mountain watersheds in areas where information is scarce. This study is useful
for hydrological, meteorological, and disaster studies in developing countries or remote areas with
sparse or low-quality networks of ground-based observation stations.

Keywords: GPM; IMERG; hydrological utility; SWAT model; rainfall–runoff modeling

1. Introduction

Precipitation plays a critical role in the water cycle and hydrometeorology research [1].
Traditionally, precipitation data are solely acquired from ground-based observations. How-
ever, ground-based measurement networks (gauge stations) have the problems of sparse
stations in individual areas, uneven spatial distributions, and underrepresentation of
regional precipitation, which considerably limit their applicability [2].

Over the past dozen years, with the advances of satellite technology [3], rainfall obser-
vation methods using remote sensing, including weather radar and space weather satellite
detection, have developed, among which [4], are the representative products comprising
the TRMM (Tropical Rainfall Measuring Mission) and the CMORPH (climate prediction
center (CPC) morphing technique), etc. These open and free access products enable us to
obtain global and large-scale grid precipitation data [5]. The TRMM Multisatellite Precip-
itation Analysis products (TMPA) have received the most applications due to their high
accuracy. Based on the success of TMPA, the Global Precipitation Measurement (GPM)
mission further prompted the advance of precipitation retrieval in terms of forecasting
accuracy and space coverage, benefiting from the fact that it deployed the world’s first
dual-frequency precipitation radar. These improvements will enhance the ability to moni-
tor or predict disasters, such as typhoons and other extreme rainfall, floods, drought, and
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mudslide events. In this study, we will primarily concentrate on the application of the
Level-3 product generated by the Day-1 Integrated Multisatellite Retrievals for the GPM
(IMERG) algorithm [6].

In recent years, many comprehensive evaluations have been performed on the accu-
racy of multisatellite products in various regions [7–12] and studies have focused on the
effects of hydrological applications [13–16]. Some comparative studies have reported that
the latest GPM-Era high-resolution satellite precipitation products are superior to other
satellite products [17]; however, their performance under various regions and climatic
conditions tends to oscillate and needs further research. The reliability and accuracy of
satellite data are affected by climatic and geographic conditions as well as seasons [18].
Despite their variability, a general tendency is that the accuracy of IMERG products im-
proves as the time scale increases [19–21]. The IMERG products more closely resemble the
site rainfall data at daily, monthly, and annual scales [12], and the post-real-time IMERG
final run (FR) product is relatively more accurate than the near-real-time early run (ER)
and late run (LR) products and can play an important role in supplementing or replacing
surface precipitation measurements [10,21]. On the subdaily scale, the performances of the
three IMERG products are similar, with the ER and LR products generally considered to be
more reliable for early flood warning systems because of their shorter lag time advantages.
Although these products have a greater potential for flood forecasting than other products,
their accuracies must be continually evaluated [19–21].

In terms of hydrological applications of satellite-based precipitation products, satellite-
based precipitation products have been increasingly applied to the study of water pro-
cesses [22]. Li et al. evaluated the role of TRMM products in hydrological modeling in
the Taihu Lake basin using the NSE and BIAS. They found that TRMM precipitation data
performed well on monthly and annual scales and were well-fit to ground-based frequency
rainfall distributions [23]. Evaluations of the accuracy and hydrological applications of
IMERG and TRMM products in the Yellow River Basin by Yuan et al. showed that IMERG
products consistently yielded better results than 3B42 V7 products on the daily scale (NSE:
0.810 versus 0.729) and 3-hourly time intervals (NSE: 0.266 to 0.792 versus −0.070 to 0.702).
Both of them are reliable precipitation sources for daily and sub-semidiurnal hydrological
simulations in the Yellow River source region (YRSR) [14]. Jiang et al. evaluated the
performance of IMERG product-driven hydrological forecasts in different regions of China
and found that the IMERG FR and ER products provided comparable performances to
measurement-based precipitation while the TRMM 3B42 product performed relatively
poorly in hydrological simulations as indicated by positive skill score (SS) values and larger
Kling–Gupta Efficiency (KGE) values. In addition, the three products generally performed
better in wet areas than in dry areas [1]. The general results indicate that GPM satellite
precipitation products developed based on TRMM satellites are more accurate, have more
potential for hydrological applications [14], and have value in hydrological applications
for some countries and regions, especially in areas where information is scarce.

Since it is difficult to set up dense rain gauge networks in mountainous basins due to
the complicated topography, it is necessary to evaluate the hydrological application effect
of satellite-based precipitation products as supplementary data sources. The Xinfengjiang
River basin is an important mountainous river in the humid climate region of South China
and an important source of drinking water for the residents of Shenzhen, Dongguan,
Huizhou, and other cities in the lower reaches of the East River as well as Hong Kong, and
it provides 6 billion cubic meters of clean water to the East River every year. Nevertheless,
hydrological evaluations of IMERG series products in the Xinfengjiang River reservoir
basin (XRRB) have not yet been reported until the present moment. Moreover, previous
results are generally unacceptable due to the higher error limitations of early satellite
products [24–27]. Thus, the hydrological utility of the new generation of IMERG products
must be explored in the mountainous areas of southern China.

In this paper, the accuracy of IMERG products on daily and monthly time scales
is evaluated in the XRRB. Then, their hydrological utility in streamflow simulations is
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assessed by using the soil and water assessment tool (SWAT) model. The article is organized
as follows: the second part provides an overview of the study area and data sets; the third
part provides an introduction to the methodology; the fourth part evaluates the accuracy
of the satellite products in the XRRB, constructs the hydrological model of the basin, and
assesses the utility of the hydrological applications of the IMERG series products; the fifth
part provides a discussion; and the sixth part presents the conclusions of this study.

2. Study Area and Data Sets
2.1. Study Area

The Xinfengjiang River is located in the southern mountainous area of China, which is
a subtropical monsoon climate zone with a mild climate, abundant sunshine and abundant
rainfall (Figure 1). The XRRB catchment is selected as the research area in this study, and it
has a watershed area of 5734 km2 above the Xinfengjiang Hydraulic Power Station. The
dam site is located in Heyuan city, Guangdong Province, 9.2 km away from the mouth of
the Xinfengjiang River.

Figure 1. Elevation map of the Xinfengjiang River reservoir basin.

With the Jiulian Mountains to the northwest and the Dengta Basin to the southeast,
the terrain of the XRRB drops from northwest to southeast. There are four major rivers in
the basin, including the Lianping River, Daxi River and Funatang River [28]. The annual
mean precipitation over the XRRB is 1774 mm and is mainly affected by the subtropical
monsoon climate. Approximately 80% of the annual precipitation occurs from April to
September and mainly includes frontal rain and typhoon rain. Heavy rainfall with a high
intensity and a long flood season are observed. The incoming water during the flood
season accounts for approximately 80% of the annual incoming water. The average flow
of the XRRB is 190 m3/s, and the average water inflow is 6 billion m3. The total storage
capacity is 13.896 billion m3 [29].
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2.2. Data Set Description
2.2.1. Rain Gauge Data

The rain gauge data were obtained from the Xinfengjiang Reservoir Administration,
which integrated the daily rainfall data from 2000 to 2019. The observed daily rainfall data
from 15 surface rainfall observation stations that are evenly distributed over the XRRB
(Figure 1) were already quality-controlled. The monthly rainfall data are calculated from
the daily rainfall data, and both of them are used to evaluate the accuracy of the IMERG
series products and runoff simulation over the XRRB.

2.2.2. GPM IMERG Products

The GPM IMERG series products used in this study enjoy high spatial (0.1◦ lati-
tude/longitude) and temporal (daily) resolutions [6]. Meanwhile, the monthly IMERG
data are obtained by accumulating the daily data. The IMERG product line covers the full
60◦ S–60◦ N globe and includes the ER, LR and FR products. The ER and LR products are
near-real-time products with lag times of 4 h and 12 h, respectively. The algorithm of the
post-real-time product FR integrates the satellite data and the ground-based rain gauge
monthly observations, while the satellite data comprise the passive microwave and infrared
data from GPM and other satellite constellations. The IMERG V05 products used in this
study were released in November 2017 [6] and the Level-3 products were downloaded from
the Precipitation Measurement Mission (PMM) website (https://pmm.nasa.gov/GPM;
accessed on 5 September 2018). It is worth noting that, to make a quantitative assessment
of the GPM data, the pixels that contain at least one ground station are first extracted, and
then the in situ match-ups are acquired by averaging the ground station data within each
extracted pixel.

2.2.3. Data for Hydrologic Model Construction and Implementation

The sources of the streamflow data and remote sensing images for conducting the
hydrologic model in the XRRB are listed as follows:

(1) Daily streamflow data (inflow runoff data) from 2000 to 2019 were obtained from the
Xinfengjiang Reservoir Administration, and the location of the hydrological station is
shown in Figure 1.

(2) Other meteorological data forcing required in the hydrological simulation, including
daily maximum and minimum temperatures, solar radiation, wind speed, and relative
humidity, over the period of 2000 to 2019 is obtained from the China Meteorological
Administration (http://data.cma.cn; accessed on 10 May 2020). These data are used
to calculate evapotranspiration and related processes.

(3) The soil types in the XRRB are derived from the soil map in the Harmonized World
Soil Database (HWSD) (2009), with a resolution of 1 km (http://www.fao.org;
accessed on 10 May 2020).

(4) The land use/cover is collected from the Resource and Environment Science and
Data Center (http://www.resdc.cn; accessed on 10 May 2020) and reclassified into
four classes for the SWAT model, including forest, grassland, cultivated land, and
water body.

3. Methodology
3.1. Technical Framework

This study is divided into two parts. The aim of the first part (precipitation product
evaluation) is to evaluate the accuracy of the IMERG series products on daily and monthly
scales in the XRRB. Moreover, the IMERG series products over the XRRB are also statistically
analyzed in terms of three spatial scales: grid cumulative scale, basin scale, and grid scale.
For the grid cumulative scale, the evaluation is performed by accumulating data for all
times and all grids into the same sequence. For the basin scale, the average precipitation
of each time point in the research region is incorporated, and the evaluation at the basin
scale considers the mean precipitation in the basin. In regard to the grid scale, the spatial

https://pmm.nasa.gov/GPM
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distribution characteristics of rainfall events for each product in each grid and indexes
are explored. From this, accuracy validation can be conducted using the total data along
with evaluations of a single grid, so that a comprehensive comparison between each
precipitation product and observed values is achieved [19–21]. In the second part (runoff
simulation evaluation), the SWAT model is used to construct a hydrological model of the
XRRB based on two scenarios. In Scenario I (the SWAT model calibrated by rain gauge
data), the ER, LR, and FR products are subsequently used to run the model with the same
parameter values in the calibration period. In Scenario II (the SWAT model calibrated by
the FR), the FR product is also utilized for validation to explore the potential application of
satellite data to areas with little information. Both scenarios are modeled on the daily and
monthly scales. The four precipitation products are used to drive the hydrological model.
The main idea and procedure of this research are illustrated in Figure 2.

Figure 2. The main flowchart of this research.

3.2. Statistical Evaluation Indices

With reference to the quantitative product quality evaluation indexes of meteorologi-
cal satellites in the meteorological industry standards of the People’s Republic of China,
the statistical indexes used in this paper include the linear correlation coefficient (CORR),
root mean squared error (RMSE), and relative bias (BIAS) (Table 1). The CORR is used to
reflect the linear relationship between the satellite precipitation products and the station
observations. The BIAS measures the systematic deviation of the satellite-based precip-
itation data. The RMSE measures the average magnitude of the error. The accuracy of
the IMERG series products is evaluated using the above conventional statistical metrics.
Meanwhile, it is also important to quantify the consistency between the satellite-based
precipitation products and the observed rainfall when rainfall is present. Three categorical
statistical indices, namely, probability of detection (POD), false alarm ratio (FAR), and
Heidke skill score (HSS), were also employed to indicate the products’ ability to capture
rainfall events [30]. POD represents the proportion of observed rainfall events that are
accurately predicted. FAR represents the proportion of observed rainfall events that do not
occur. HSS characterizes the accuracy of the prediction resulting from random events.
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Table 1. List of statistical metrics used in the statistical and hydrologic evaluations.

Evaluation Indexes Equation Perfect Value

Correlation coefficient (CORR)
BIAS =

n
∑

i=1
(yi−xi)

n
∑

i=1
xi

1

Relative bias (BIAS)
BIAS =

n
∑

i=1
(yi−xi)

n
∑

i=1
xi

0

Root-mean-square error (RMSE) RMSE =

√
n
∑

i=1

(yi−xi)
2

n
0

Probability of detection (POD) POD = N11
N11+N01

1

False alarm rate (FAR) FAR = N10
N11+N10

0

Heidke skill score (HSS) HSS =
2(N11·N00−N10·N01)

|(N11+N01)(N01+N00)+(N11+N10)(N10+N00)|
1

Nash–Sutcliffe efficiency (NSE)
NSEt = 1−

n
∑

i=1
(yi−xi)

2

n
∑

i=1
(yi−y)2

1

(Notation: n represents the number of variables; yi represents the satellite-based precipitation data or simulated streamflow; xi represents
the rain gauge data or streamflow; y represents the mean value of satellite-based precipitation data or simulated streamflow; X represents
the mean value of the rain gauge data or streamflow; N11 represents precipitation detected by both gauges and satellite-based products; N01
represents precipitation detected by gauges but not detected by the satellite-based precipitation product; and N10 is the opposite of N01).

In addition, to evaluate the performances of hydrological models, Nash–Sutcliffe
proposed a new efficiency factor, the Nash–Sutcliffe efficiency (NSE), as a statistical crite-
rion for hydrological utility assessments [31], and is widely used in hydrology and water
quality modeling to evaluate simulation effects [32] (Table 1). The NSE coefficient ranges
between −1.0 and 1.0, and values closer to 1.0 correspond to better consistency between
the model simulation value and measured value and higher model quality and reliability.
NSE coefficients between 0.0 and 1.0 generally indicate acceptable levels of performance.
More specifically, NSE values lie within the interval of 0.5 to 0.65 for satisfactory simulation
results, 0.65 and 0.75 for good simulation results, and 0.75 to 1 for excellent results [33].
Moreover, the uncertainty is quantified by a measure referred to as the p-factor (the percent-
age of measured data bracketed by the 95% prediction uncertainty (95PPU)) and R-factor
(the ratio of average thickness of the 95PPU band to the standard deviation of the corre-
sponding measured variable) [34]. For streamflow simulation, when the p-factor values are
greater than 0.6 and the R-factor less than 1, the uncertainty of the hydrological model is
acceptable [35].

3.3. SWAT Model

In the 1990s, the soil and water assessment tool (SWAT) model was proposed by
the Agricultural Research Service (ARS) of the United States Department of Agriculture
(USDA) [36]. As a semidistributed hydrological model for medium-to-large watersheds
and long time scales, the SWAT model is a widely utilized to model changes in hydrological
processes, erosion, vegetation, and water resource management [33]. Compared with data-
driven models and lumped hydrological models, distributed hydrological models can in-
corporate the physical characteristics of watersheds and the heterogeneous performance of
precipitation in space and time, providing more accurate hydrological process predictions.

The model is constructed based on hydrologic response units (HRUs). The watershed
is split into multiple subwatersheds based on DEM data as well as the actual water net-
work data, and these data are further subdivided into HRUs; subsequently, portions of a
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territory are characterized by unique land-use/management/soil attributes [37]. Finally,
the hydrological cycle can be expressed by the following equation:

SWt = SWO +
t

∑
i=1

(
Pday −Qsur f − Ea −Wseep −Qgw

)
(1)

where SWt denotes the final soil water content; t denotes time; SWO, Pday, Qsurf, and Ea
represent the initial soil water content, precipitation, surface runoff, and evapotranspiration,
respectively; Wseep stands for the amount of water entering the vadose zone from the soil
profile on day i (mm); and Qgw is the amount of return flow on day i (mm) [38]. In
this paper, the runoff curve number method was chosen to estimate surface runoff, and
the Penman–Monteith method was chosen to calculate evapotranspiration. The storage
algorithm is used for the mid-soil flow evolution, and the Muskingen algorithm [39] is
used for the mid-river flow evolution.

The broad range of value parameters and their complex interaction complicate the
model parameterization and calibration process. The autocalibration tool was used for
the calibration of the SWAT model, via the standalone program SWAT-CUP using the
Sequential Uncertainty Fitting version 2 (SUFI-2) algorithm [37]. It enables sensitivity
analysis, calibration, validation, and uncertainty analysis of SWAT models. The SUFI-2
algorithm can obtain the best simulation results and uncertainty confidence intervals with
the least number of simulations [40].

4. Results
4.1. Comparison of IMERG Series Products with Rain Gauge Data

In this study, the IMERG series products over the XRRB from 1 April 2014 to
31 December 2017 were statistically analyzed in terms of three spatial scales: grid cu-
mulative scale, basin scale, and grid scale. The accuracy of the IMERG series products at
daily and monthly scales is evaluated in the XRRB. As shown in Table 2, at the daily scale,
the FR has better CORR (0.61/0.71) than the ER (0.59/0.69) and LR (0.59/0.69) on both
the grid accumulation scale and the basin scale, and these CORR results are statistically
significant at the p < 0.001 level. However, the RMSE value does not show a significant
advantage, while the BIAS (0.01) is significantly better than that of the ER (−0.14) and
LR (−0.16). On the monthly scale, the FR product also has a higher CORR (0.94/0.99)
than the ER (0.88/0.93) and LR (0.88/0.92) products on both the grid accumulation scale
and the basin scale. The RMSEs of the FR (48.03/18.99 mm) are also lower than those of
the ER (71.50/54.88 mm) and LR (73.13/58.34 mm) products. For the systematic error,
the ER and LR products generally tend to underestimate the precipitation, with BIASs of
−0.14 and −0.16, respectively, while the FR tends to overestimate the precipitation, with
relatively low BIAS of 0.01. Moreover, the statistical significance of the difference among
the products was also tested using the t-test at the 95% significance level, and the results
are shown in Table 3. The test results reveal that there are significant differences among
the ER, LR, and FR products, with all their p-values less than 0.05.

For the detection effect at the grid accumulation scale (Table 2), the POD values of
all three IMERG products are above 0.8 on the daily and monthly scales, the FAR values
are below 0.37, and the HSS values are above 0.56. FR shows better POD (0.81, 1.00) and
HSS values (0.57, 0.98) than ER and LR at the grid accumulation scale. The results of
three indexes (POD, FAR, and HSS) demonstrate its good ability in detecting precipitation.
The detection performance at the average scale of the watershed is also satisfactory. The
POD values of all three IMERG products are above 0.83, FAR values are below 0.22 and
HSS values are above 0.67 at both daily and monthly scales. FR yields better POD (0.84,
1.00) and HSS values (0.67, 1.00) than ER and LR at the basin scale. The reason lies in
the improvement of the performance of dual-frequency precipitation radar (DPR) and the
GPM Microwave Imager (GMI); thus, the spatial structure and physical features of different
precipitation particles in the clouds can be monitored from various angles, and, therefore,
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the capability to discover different-level precipitation has been significantly improved [41].
In our previous study, we proved that the GPM IMERG products have an advantage in
capturing rainfall events and estimating instantaneous precipitation, especially for light
rain events [19].

Table 2. Summary of the evaluation metrics for the three IMERG products at daily and monthly resolutions over the
Xinfengjiang River reservoir basin.

Spatial Scale Temporal Scales Products CORR RMSE (mm) BIAS POD FAR HSS

Grid accumulation scale

Daily
ER 0.59 *** 11.78 −0.14 0.80 0.37 0.56
LR 0.59 *** 11.77 −0.16 0.81 0.37 0.57
FR 0.61 *** 12.16 +0.01 0.81 0.37 0.57

Monthly
ER 0.88 *** 71.50 −0.14 1.00 0.02 0.98
LR 0.88 *** 73.13 −0.16 1.00 0.02 0.98
FR 0.94 *** 48.03 +0.01 1.00 0.02 0.98

Basin scale

Daily
ER 0.69 *** 9.04 −0.14 0.83 0.22 0.67
LR 0.69 *** 9.10 −0.16 0.83 0.22 0.67
FR 0.71 *** 9.56 +0.01 0.84 0.22 0.67

Monthly
ER 0.93 *** 54.88 −0.14 1.00 0.00 1.00
LR 0.92 *** 58.34 −0.16 1.00 0.00 1.00
FR 0.99 *** 18.99 +0.01 1.00 0.00 1.00

***: p < 0.001

Table 3. Summary of the statistical significance of differences of the products (STA, ER, LR, and FR products) at daily and
monthly resolutions over the Xinfengjiang River reservoir basin.

(H, p-Value) ER LR FR

Grid accumulation
scale

Daily scale
ER (S, <0.05) (S, <0.05)
LR (S, <0.05)
FR

Monthly scale
ER (S, <0.05) (S, <0.05)
LR (S, <0.05)
FR

Basin scale

Daily scale
ER (S, <0.05) (S, <0.05)
LR (S, <0.05)
FR

Monthly scale
ER (S, <0.05) (S, <0.05)
LR (S, <0.05)
FR

S: Significant Difference.

Combining the RMSE, Bias, CORR, and significance test results, we can conclude
that the FR product is more accurate than the ER and LR products. These results are not
unexpected because the FR products have been corrected using the Global Precipitation
Analysis Products of the Global Precipitation Climatology Centre (GPCC) (on the monthly
scale). Therefore, their grid cells around the GPCC stations will be effectively reduced.
In general, the three IMERG products have reasonably good performances in detecting
precipitation, with a slight advantage for the FR. The IMERG series products exhibit
significantly better accuracy results on the monthly scale than on the daily scale.

Analyses of the accuracy of the IMERG series of products on the grid scale and all
the metrics are included in Figures 3 and 4. The box plots of the accuracy metrics on
the daily scale (Figure 3a–c) show that the CORR and BIAS of the FR product (median:
CORR of 0.62, BIAS of 0.02) are superior to the ER (median: CORR of 0.60, BIAS of 0.15)
and LR (median: CORR of 0.60, BIAS of 0.17). The RMSE metrics results have values
that are close to each other. All three IMERG products perform satisfactorily in terms of
detection capability and the three metrics all have similar values (Figure 3d–f). The three
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IMERG products all contain a few outliers with PODs (Figure 3d). From the box plots of
the accuracy indicators of each product at the monthly scale in Figure 4, the CORR, RMSE,
and BIAS results (Figure 4a–c) show that the FR values (median: CORR of 0.96, RMSE of
45.74, BIAS of 0.02) are more accurate than the ER (CORR:0.88, RMSE:67.99, BIAS:0.15) and
LR (CORR:0.88, RMSE:69.856, BIAS:0.17) values. Note that the CORRs and RMSEs of FR, as
shown in the box plots of (Figure 4a,b), are distributed in a narrower range than those of ER
and LR, indicating the lower uncertainty of the near-real-time products. All three IMERG
products perform satisfactorily in terms of detection capability (Figure 4d–f). Overall, the
conventional indicators show the advantage of the post-real-time FR. The IMERG products
show similar performances in terms of the detection effects. All the metrics improved as
the temporal resolution changed from daily to monthly at the grid accumulation scale and
basin and grid scales.

Figure 3. Box plots of statistical accuracy indices ((a) CORR, (b) RMSE, (c) BIAS, (d) POD, (e) FAR, and (f) HSS) on a daily
scale of the three IMERG products versus rain gauge data at the grid scale.

Figure 4. Box plots of statistical accuracy indices ((a) CORR, (b) RMSE, (c) BIAS, (d) POD, (e) FAR, and (f) HSS) on a
monthly scale of the three IMERG products versus rain gauge data at the grid scale.
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4.2. Hydrological Utility Evaluation of the IMERG Series Products in the Xinfengjiang River
Reservoir Basin

This paper aims to explore the hydrological application value of the FR product using
the SWAT model in the XRRB through two different parameter calibration scenarios. In
Scenario I, rain gauge data are first used as input for driving the model and optimizing
the parameter values in the validation period. Then, the ER, LR, and FR products are
subsequently used to run the model with the same parameter values in the calibration
period. In Scenario II, the FR is used for driving the SWAT model and optimizing the
parameter values in the validation period, and then the FR product is also utilized for
validation to explore the potential application of satellite data to areas with little or no
information. Both scenarios are modeled on the daily and monthly scales.

4.2.1. Simulation Driven by Rain Gauge Data (Scenario I)
Rain Gauge Calibration and Validation

In Scenario I, gauge observations (2000–2012) are first used as input for driving the
model and optimizing the parameter values. Next, in the validation period (2013–2019),
the gauge observations are used to evaluate the effectiveness of the hydrological model
constructed based on the SWAT model for the XRRB. Two years of warm-up period
(2000–2001, 2013–2014) are reserved in the calibration and validation process. Finally, the
ER, LR, and FR products are used to drive the model with the same parameter values,
and the effectiveness of the IMERG series in the hydrological application of the XRRB is
evaluated. An article providing a detailed description of the model construction process is
currently in press.

The model is constructed with a spatial resolution of 90 m and a total watershed
area of 5734 km2. The subbasin division threshold is set to 160 km2, and the watershed
is divided into a total of 23 subbasins; the thresholds for land use types, soil types, and
slope types are set to 8%, 8%, and 10%, respectively, and the watershed is divided into
409 hydrological response units (HRUs). In this study, the skewed normal method is used
for the simulation of rainfall, the Penman–Monteith method is selected for the simulation of
potential evapotranspiration, the SCS runoff curve method is utilized for the simulation of
runoff, and Muskingum is applied in the calculation of river evolution. Twelve parameters
that are more sensitive to the runoff simulation of the XRRB are selected for parameter rate
determination, and the results of parameter preferences are shown in Table A1.

Figures 5 and 6 show the comparisons of the observed streamflow with rain gauge
observations on daily and monthly scales during the calibration period and validation
period, respectively. Table 4 shows the evaluation results of the modeling effect for the
calibration period and the validation period. In general, good agreement is observed
between the simulated streamflow and the observed streamflow (inflow streamflow data)
at the daily scale during both the calibration and validation periods, with daily CORRs
of 0.91 and 0.85, NSEs of 0.91 and 0.83, and BIASs of 0.04 and 0.13 for the calibration and
validation periods, respectively. Good agreement is also observed between the simulated
streamflow and observed streamflow at the monthly scale, with CORR and NSE values of
the rate period and validation period both reaching above 0.90 and above 0.80, respectively,
and a BIAS within 20%. As seen in Table 4, both p-factors are greater than 0.6 and R-factors
are less than 1 during both the calibration and validation periods. The p-factor is greater
than 0.6 and the R-factor is less than 1, indicating that most of the observed data are
captured by the 95PPU, and the SWAT model is capable of simulating large flows and
extreme events in the XRRB.
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Figure 5. Comparison of observed and simulated hydrographs using daily rain gauge data during
the calibration period and validation period in the XRRB (Scenario I).
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Table 4. Indices for the performances of the SWAT model in both the calibration and validation
periods (Scenario I).

Indexes
Daily Monthly

Calibration Period Validation Period Calibration Period Validation Period

R2 0.91 *** 0.85 *** 0.96 *** 0.90 ***
NSE 0.91 0.83 0.95 0.80
BIAS +0.04 +0.13 +0.06 +0.20

p-factor 0.74 0.78 0.83 0.82
R-factor 0.39 0.56 0.48 0.67

***: p < 0.001.
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In general, the SWAT model constructed in Scenario I meets the requirements of
hydrological simulation. All the results show that the SWAT model based on the site data
is suitable for the XRRB.

Simulation Driven by Multiple Precipitation Datasets with the Optimal Parameter Set from
Scenario I

The gauge-benchmarked model based on Scenario I is then forced by rain gauge data
(STA) and three IMERG products for daily and monthly streamflow simulations for the
period from 1 April 2014 to 31 December 2017. Figure 6 depicts the daily hydrographs that
are simulated using the STA, ER, LR, and FR products for the validation period based on the
optimal parameter in Scenario I. The results show that the simulation of runoff from rainfall
gauge data is in good agreement with the observations in the XRRB from Figure 7. The
simulated streamflow forced by the three IMERG products has good performance capturing
the spatial and temporal trends of heavy rainfall that lead to runoff generation, although
there are significant overestimations in individual periods. Additionally, Figure 8 shows
the evaluation statistics of the hydrological simulation results when the four precipitation
pieces of data are used as inputs to drive the model. In the validation period, the CORR
values of the simulated streamflow driven by the three IMERG products ranged from 0.50
to 0.61 during the validation period, the NSE values of the three products were considerably
low and ranged from 0.25 to 0.39, and the BIAS values were all within±20%. The FR-based
streamflow presents a better CORR value than the ER and LR but worse BIAS and RMSE
values, with a significant runoff overestimation of 18% and relatively low NSE (0.25).
This phenomenon may occur for the following reason. The GPCC precipitation dataset,
which is used for bias correction of the FR, is monthly-scale precipitation data, and may
not sufficiently capture the spatiotemporal variation in daily-scale precipitation in the
XRRB from 2014–2017. The potential large errors associated with the precipitation input
will propagate in the streamflow simulations. Therefore, FR has not shown an obvious
advantage in hydrological applications at daily scale. In terms of the index results, the
simulation results of the directly input IMERG products are acceptable at the daily scale
but are not satisfactory.

With regard to the results at the monthly temporal scale, the monthly observed and
simulated streamflows driven by the four precipitation inputs (STA, ER, LR, and FR
products) for the validation period are shown in Figures 9 and 10. The simulated runoff
curves for the STA, ER, LR, and FR products are generally consistent with the observed
streamflow curves, especially for FR, which has a CORR of 0.87, a value that is much
higher than that of ER (0.73) and LR (0.71). The NSE values of all three IMERG products
are in the range of 0.69–0.72. The BIAS of FR (0.26) is significantly overestimated, much
higher than ER (0.07) and LR (0.04). Similar to the significance test results reported in 4.1,
the simulation results based on ER, LR and FR also exhibit significant differences under
the t-test at the 95% confidence level. Overall, the IMERG series products have better
simulations at the monthly scale than at the daily scale. Compared with the two near-real-
time products (ER and LR), the simulations driven by the FR show better performance in
hydrological applications. As seen from Figure 8, the markers (May- 2015, March-2017 and
January-2016) show that the FR simulation is closer to the STA simulation than ER and LR
simulations, which indicates the advantage of the post-real-time FR product. However, it is
also necessary to note that all four products (STA, ER, LR, and FR) showed higher simulated
flows than observations (the locations marked in May-2015, January-2016, October-2016
and March-2017), which may be related to measurement error in discharge.
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Figure 7. Daily streamflow simulations based on the optimal parameter in Scenario I driven by. (a)
STA, (b) ER, (c) LR, and (d) FR during the validation period (2014–2017).
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Figure 8. Scatter plots of daily simulated streamflow driven by (a) STA, (b) ER, (c) LR, and (d) FR
against the corresponding observed streamflow (***: p < 0.001).

Figure 9. Monthly streamflow simulations during the validation period based on the optimal
parameter in Scenario I driven by the four precipitation datasets (STA, ER, LR, and FR).
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Figure 10. Scatter plots of monthly simulated streamflow driven by (a) STA, (b) ER, (c) LR, and (d)
FR against the corresponding observed streamflow (***: p < 0.001).

4.2.2. Simulation Driven by the IMERG FR Product (Scenario II)

To explore the hydrological utility of the IMERG products in ungauged basins, the FR
product is used as rainfall input, with a calibration period of 2014–2015 and a validation
period of 2016–2017, to construct a hydrological model and observe the applicability of the
model in the XRRB. Precipitation is usually the main source of uncertainty in hydrology,
and different sets of precipitation data lead to different ranges of best estimates of the
SWAT model calibration parameters [42]. The optimal model parameter settings are shown
in Table A2. Scenario II represents an option for sparsely gauged applications, which can
make use of the FR product.

The streamflow simulation results of the FR product for Scenario II are shown in
Figures 11 and 12, and the statistical measurements are summarized in Table 4. What can
be seen in Table 4 is that the hydrological simulation of the FR product in Scenario II has
improved and shows a slightly better accuracy than that of Scenario I. At the daily scale,
the CORR of the validation period is 0.64, BIAS is 0.01, and NSE is 0.43. The simulation
results are acceptable but not satisfactory, although they are significantly better than those
of the validation period in Scenario I (CORR = 0.61, BIAS = 0.18 and NSE = 0.25). The
simulation results at the monthly scale show that simulations driving by the FR product
during the validation period are significantly better than those in Scenario I, with a CORR
of 0.85, an NSE of 0.84, and a BIAS of−0.02. As seen from Table 5, both p-factors are greater
than 0.6 and R-factors are less than 1 during both the calibration and validation periods.
The results indicate that the SWAT model constructed in Scenario II is robust and meets the
requirements of hydrological simulation. All the results show that the SWAT model based
on the FR product is suitable for the XRRB.
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Figure 11. Model simulations during the calibration and validation periods at the daily scale (Scenario II).
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Table 5. Indices for the performance of the SWAT model in calibration and validation periods
(Scenario II).

Indexes
Daily Monthly

Calibration Period Validation Period Calibration Period Validation Period

R2 0.65 *** 0.64 *** 0.85 *** 0.85 ***
NSE 0.65 0.43 0.84 0.84
BIAS −0.03 +0.01 +0.06 −0.02

p-factor 0.74 0.69 0.76 0.75
R-factor 0.69 0.70 0.57 0.36

***: p < 0.001.

Overall, Scenario II shows that the hydrological and water resource study of the XRRB
can, to a certain extent, use the IMERG FR product as direct input to hydrological and water
resource studies instead of ground-based observations. FR can be a reasonable supplement
for hydrological applications in areas where rain gauge data are scarce. In Scenario II, the
model recalibration even improves the simulations in the calibration period. However, the
hydrologic model parameters should be recalibrated carefully using satellite precipitation
products, as this may lead to parameter values that do not correspond to reality.

5. Discussion

As shown in the box plots at the daily scale, several outliers associated with PODs
(Figure 3d) are found in the three products. By reviewing the original data, we find that



Remote Sens. 2021, 13, 866 17 of 22

the outliers in the POD results come from the same station. Meanwhile, the RMSE and
Bias results associated with this station are not notably different from those associated with
other stations. Hence, we modestly conclude that some small precipitation events are not
fully captured in this grid by the GPM. Despite this, the POD results still indicate that the
IMERG products deliver better performance compared with other satellite-based precipi-
tation products [5]. The retrieval algorithms of GPM sensors have received considerable
improvement, while the Core Observation platform is equipped with the world’s first dual-
frequency precipitation radar (DPR; Ku band at 13.6 GHz and Ka band at 35.5 GHz) [43].
In addition, as illustrated in Figure 4, outliers can also be found in the RMSE results of
FR. By checking the original data, we discover that the outliers in the RMSE results also
come from the same station, and they may be mainly caused by the fact that more heavy
events happened at this station, leading to larger error magnitudes and RMSEs, because
RMSE tends to amplify larger errors. Actually, the values of these outliers are also within
the acceptable error range, hence they can still offer valuable spatial rainfall information in
the next step of runoff simulation.

A large number of studies have evaluated the performance of IMERG products in
China [44–46]. Scholars generally agree that satellite-based precipitation products have
different accuracies in different climates and altitudes [44], while the IMERG series products
show a better performance over humid regions than over high elevation zones in China [1].
Among the three IMERG products, FR always has a better accuracy than ER and LR.
It is a widely held view that the FRs have better hydrological utility than ER and LR
products [14,45]. Similar to these studies [14,45], FR is superior to ER and LR in terms of
the CORR index (Table 2) in the XRRB. However, runoff simulation results driven by the FR
product show higher deviations compared with those of ER and LR and most high flows
are often overestimated in runoff simulations (Figure 7d, Figure 9). The reason may be
that the FR after bias correction using the GPCC precipitation dataset fails to fully capture
the spatial and temporal changes in precipitation in the XRRB. In a runoff simulation,
the potential large errors caused by precipitation input are propagated. In Scenario II,
the model after direct parameter rate-setting of FR improved the overestimation at high
flows (Figures 11 and 12) and reduced the BIAS values of the FR in daily and monthly
scale runoff simulations during the validation period (2016–2017) (BIAS = 0.01 and −0.02).
Therefore, the accuracy of runoff simulation in Scenario II is effectively improved through
recalibration of the model parameters using FR.

Moreover, according to the results of the BIAS metric (Table 2), the ER and LR products
underestimate precipitation (BIAS −0.14 and −0.16, respectively) while the FR product
has a very low bias (0.01). However, when the ER and LR are used as forcing for the
model, the simulation results are even better than those of the FR product for the NSE
and BIAS metrics. One possible explanation is that the relationship between the quality
of the precipitation dataset and the hydrological performance is not straightforward as
described by previous studies due to the potential interactions between the model and the
specific satellite-based rainfall products [1,46,47]. Thus, they should be used with caution
in simulations over the XRRB.

Satellite-based precipitation products are obtained through the indirect method of
rainfall detection, and the errors of satellite-based precipitation products are also influ-
enced by a variety of factors, such as precipitation variability, spatiotemporal sampling,
instrumentation capabilities, and the retrieval algorithms used [48,49]. Therefore, there are
still many limitations to these satellite-based precipitation products, including sensitivity
to precipitation types, underestimation of terrestrial rainfall, a tendency to miss snowfall,
an inability to capture short precipitation events, and systematic bias in mountainous ar-
eas [50], which result in the relatively low accuracy of satellite-based precipitation products
in some situations. Deviation correction studies of IMERG satellite products in the XRRB
should be carried out in the future.

In addition, we would like to characterize the influence of the input parameters on
the hydrological simulation errors, which had also been reported in [51–53]. However,
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as the true values of the non-precipitation parameters are missing, it is hard to analyze
the contributions of their errors to the final simulation errors. In this case, the errors
associated with the precipitation parameters will be mainly considered. Table 6 displays
the simulation error changes when the input precipitation parameters are shifted from
ground-based observed values to satellite-based precipitation products. It can be seen that
the average annual precipitation is 1938.9 mm, while the ER, LR, and FR are 1721.5 mm,
1681.3 mm, and 1975.1 mm, respectively. The relative change rate of ER, LR, and FR with
respect to precipitation at the site (STA) is −0.11, −0.13, and 0.02. While the relative change
rate of simulation by the different precipitation inputs (ER, LR, and FR) with respect to
simulation by the STA is −0.06, −0.08, and 0.11. The relative contribution to the simulation
error by the precipitation parameters is obvious, and 9% of the precipitation error will
cause 8% simulation errors. It is necessary to quantify the relative contribution to the
simulation error by the non-precipitation and precipitation parameters in the future study.

Table 6. Average annual precipitation and discharge simulated for the year of 2014–2017.

STA ER LR FR Average
(ER, LR, and FR)

Precipitation (mm) 1938.9 1721.5 1681.3 1975.1 1792.6
Relative change rate −0.11 −0.13 0.02 0.09 *

Discharge (m3/s) 221.6 208.6 203.1 245.9 219.2
Relative change rate −0.06 −0.08 0.11 0.08 *

*: Absolute relative change rate.

6. Conclusions

This study conducted a comprehensive evaluation of the accuracy of the IMERG series
products on multiple time scales (daily and monthly scales) and three spatial scales (grid
cumulative scale, basin scale, and grid scale) in the mountainous XRRB of China. Subse-
quently, the hydrological utility of these products is assessed in streamflow simulations
using the SWAT model, and an assessment of the impact of the FR product as forcing data
in hydrological applications in the XRRB is derived. The main conclusions are described
as follows.

(1) At the daily scale, the FR outperforms the ER and LR products and has better CORR
values (0.61/0.71) than the ER (0.59/0.69) and LR (0.59/0.69) at both the grid accumu-
lation scale and the basin scale. At the monthly scale, the FR also has a higher CORR
value (0.94/0.99) than the ER (0.88/0.93) and LR (0.88/0.92) products at both the grid
accumulation scale and the basin scale. The RMSEs of the FR (48.03/18.99 mm) are
also lower than those of the ER (71.50/54.88 mm) and LR (73.13/58.34 mm) products.
For the systematic error, the ER and LR products generally tend to underestimate
the precipitation, with BIASs of −0.14 and −0.16, respectively, while the FR tends to
overestimate the precipitation, with a relatively low BIAS of 0.01. In terms of detection
indicators, at the grid accumulation scale, the POD of IMERG series products is above
0.8 at the daily and monthly scales, the FAR is below 0.37, and the HSS is above 0.56.
The results at the average scale of the basin show that the detection effect of each
product is also satisfactory.

(2) For the hydrological evaluation, two experiments based on different parameter cali-
bration scenarios are conducted over the XRRB. In Scenario I, the IMERG-based simu-
lation shows acceptable hydrological prediction skill in terms of the NSE (0.25–0.39)
and CORR (0.50–0.61) at the daily scale and performs fairly well at the monthly scale
(an NSE of 0.69–0.72 and a CORR of 0.71–0.87), especially for the FR product.

(3) For the hydrological evaluation in Scenario II, the hydrological simulation perfor-
mance improved. The hydrological prediction skill of the FR product in the validation
period is acceptable (CORR = 0.64, BIAS = 0.01, and NSE = 0.43), and it is significantly
better at the monthly scale than the simulation results in Scenario I (CORR = 0.85,
BIAS = −0.02, and NSE = 0.84).
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In summary, the IMERG products have certain hydrological application potential
in tropical watersheds in data-deficient areas and may be able to replace ground station
observations for hydrological modeling. This research is useful for hydrological, mete-
orological and disaster studies in developing countries or remote areas with sparse or
low-quality networks of ground-based observation stations. Notably, the IMERG products
show overestimations in the non-flood season. To reduce the uncertainty of hydrological
simulations based on satellite data, deviation correction studies of the IMERG satellite
products in the XRRB should be carried out in the future.
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Appendix A

Table A1. List of parameters used for model calibration in the XRRB (Scenario I).

Parameter Name Description Method Daily-Best Value Monthly-Best Value

OV_N Manning’s “n” value for overland flow Replace 6.995 22.242466
ESCO Soil evaporation compensation factor Replace 0.28764 0.144083

SOL_AWC(1) Available water capacity of the soil layer Relative 0.3166 –0.179
CN2 SCS runoff curve number Relative 0.279132 0.121667

GWQMN Treshold depth of water in the shallow
aquifer required for return flow to occur (mm) Replace 3552.5 1363.644897

GW_REVAP Groundwater “revap” coefficient Replace 0.19715 0.137424
GW_DELAY Groundwater delay (days) Replace 388.6434 159.862595
ALPHA_BF Baseflow alpha factor (days) Replace 0.561159 0.586

ALPHA_BNK Baseflow alpha factor for bank storage Replace 0.504893 0.633746
SOL_K(1) Saturated hydraulic conductivity Relative 0.323612 0.553253

REVAPMN Threshold depth of water in the shallow
aquifer for “revap” to occur (mm) Replace 1.19 143.035614

CH-K2 Effective hydraulic conductivity in main
channel alluvium Replace 21.667183 24.792658
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Appendix B

Table A2. List of parameters used for model calibration in the XRRB (Scenario II).

Parameter Name Description Method Daily-Best Value Monthly-Best Value

OV_N Manning’s “n” value for overland flow Replace 15.866 14.638
ESCO Soil evaporation compensation factor Replace 0.104 –0.301

SOL_AWC(1) Available water capacity of the soil layer Relative –0.464 0.211
CN2 SCS runoff curve number Relative 0.171 0.407

GWQMN Treshold depth of water in the shallow
aquifer required for return flow to occur (mm) Replace 4954.167 3077.062

GW_REVAP Groundwater “revap” coefficient Replace 0.123 0.095
GW_DELAY Groundwater delay (days) Replace 167.082 291.394
ALPHA_BF Baseflow alpha factor (days) Replace 0.446 0.605

ALPHA_BNK Baseflow alpha factor for bank storage Replace 0.977 0.467
SOL_K(1) Saturated hydraulic conductivity Relative –0.030 0.763

REVAPMN Threshold depth of water in the shallow
aquifer for “revap” to occur (mm) Replace 295.667 498.000

CH-K2 Effective hydraulic conductivity in main
channel alluvium Replace 66.373 26.624
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