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Abstract: This study evaluated and intercompared seven near-real-time (NRT) versions of satellite-
based precipitation products (SPPs) with latencies of less than one day, including GSMaP-NRT,
GSMaP-Gauge-NRT, GSMaP-NOW, IMERG-Early, IMERG-Late, TMPA 3B42RT, and PERSIANN-
CCS for wet seasons from 2008 to 2019 in a typical middle-high latitude temperate monsoon climate
basin, namely, the Nierji Basin in China, in four aspects: flood sub-seasons, rainfall intensities,
precipitation events, and hydrological utility. Our evaluation shows that the cell-scale and area-scale
intercomparison ranks of NRT SPPs are similar in these four aspects. The performances of SPPs at the
areal scale, at the event scale, and with light magnitude are better than those at the cell scale, at the
daily scale, and with heavy magnitude, respectively. Most SPPs are similar in terms of their Pearson
Correlation Coefficient (CC). The main difference between SPPs is in terms of their root-mean-square
error (RMSE). The worse performances of TMPA 3B42RT are mainly caused by the poor performances
during main flood seasons. The worst performances of PERSIANN-CCS are primarily reflected by
the lowest CC and the underestimation of precipitation. Though GSMaP-NOW has the highest RMSE
and overestimates precipitation, it can reflect the precipitation variation, as indicated by the relatively
high CC. The differences among SPPs are more significant in pre-flood seasons and less significant in
post-flood seasons. These results can provide valuable guidelines for the selection, correction, and
application of NRT SPPs and contribute to improved insight into NRT-SPP retrieval algorithms.

Keywords: near real-time; satellite-based precipitation; flood sub-seasons; streamflow simulations;
Nierji Basin

1. Introduction

Precipitation is an essential component of the hydrological circle [1,2]. The hydro-
logical forecasting driven by precipitation plays a crucial role in water resources man-
agement [3] and flood warning and precautions [4], particularly in wet seasons when
precipitation occurs frequently. Traditionally, ground-based rainfall observations, such as
gauges [5,6] and radars [7,8], have been widely used in hydrological forecasting due to
their fine temporal resolution and accurate estimates at regional scales. However, practical
limitations arise from the inadequate spatial coverage and resolution, especially in remote
regions, such as mountains and forests, which increase the challenges associated with in-
stalling and maintaining in situ measurement networks. In the current rapid proliferation of
meteorologic and hydrologic measuring techniques [9], indirect satellite-based precipitation
products (SPPs) have made it possible to obtain global maps of precipitation at satisfactory
spatial (finer than 0.25°) and temporal (shorter than daily) scales. SPPs at a global scale are
important not only because they are the supplements of ground-based rainfall observations,
but also because they can be used to improve the numerical weather prediction model’s
initial conditions to accurately predict severe weather events such as tropical cyclones and
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hurricanes [10]. Examples of SPPs include the Precipitation Estimation from Remotely
Sensed Information Using Artificial Neural Networks (PERSIANN) [11], the Climate Pre-
diction Center MORPHing technique (CMORPH) [12], the Tropical Rainfall Measuring
Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) [13], the Integrated Multi-
satellite Retrievals for the Global Precipitation Measurement (IMERG) [14], and the Global
Satellite Mapping of Precipitation (GSMaP) [15].

SPPs are derived from spaceborne sensors, which are mainly divided into microwave
(MW) and infrared (IR) sensors according to the principle and measurement technique [16].
For MW sensors on low Earth orbit satellites, the retrieval principle that precipitation is
related to MW emission from raindrops at low-frequency channels and MW scattering
from ice at high-frequency channels [17] is used. IR sensors on board geostationary
satellite platforms use the relationship between the precipitation and cloud top brightness
temperature observed from space to estimate precipitation [18]. As a result, MW sensors
have a more direct physical principle but a longer repeat cycle, whereas IR sensors have
the opposite effects. Therefore, to exploit their complementary advantages, sensors on
multi-satellites are combined to derive SPPs using various algorithms. The mainstream
satellites include TRMM [13] and its successor, namely, Global Precipitation Measurement
(GPM) Core Observatory satellite launched on 28 February 2014 [19]. The core satellite
of GPM carries a dual-frequency phased array precipitation radar and a conical-scanning
multichannel MW imager [20,21], which are used to generate combined precipitation
profiles and calibrate the retrievals from other satellite platforms.

SPPs are released in multiple versions, divided into near-real-time (satellite-only)
and post-processing (gauge-corrected) versions. Although near-real-time (NRT) SPPs
typically perform worse compared with post-processing SPPs [22], they have the advantage
of having less latency, which is vital for hydrological forecasting. Some recent studies
demonstrated NRT SPPs against gauge-based precipitation observations to reveal the error
structure and error characteristics [23].

NRT SPPs are evaluated at various regions, such as China [24-26], Europe [27,28],
South America [29], Pakistan [30], the United Arab Emirates [31], Peruvian Andes [32],
and Peninsular Malaysia [33]; various basins, such as the Yellow River Source Basin in
China [34], Kinu Basin in Japan [35], Lower Colorado River Basin in Texas [36], Ottawa
Basin in Canada [37], and Chindwin Basin in Myanmar [38]; analyzed insight of NRT SPP
performance at various aspects, such as climatology [39], seasons [40], extreme events [29,41],
and utilization purposes (e.g., flood simulation [32,42], crop forecasting [43,44], drought
monitoring [45], and landslides [46]).

It can be found from these studies that the performances of these NRT SPPs vary from
region to region, and from aspect to aspect. However, NRT SPPs are only a part of the
products in most evaluation studies; in other words, a handful of studies have focused
on inter-comparison among NRT SPPs [26,32,41,47], and none of them for an extended
evaluation period.

Nierji Basin is controlled by the Nierji Reservoir, which is responsible for the water
resources management and flood control of northeast China’s industrial and agricultural
base [48]. This necessitates a higher requirement for hydrological forecasting, and further,
near-real-time precipitation observations. However, precipitation gauges are limited in this
basin due to its undulating topography and lush forests, meaning that there is an urgent
need for NRT SPPs with latencies of less than one day. Therefore, the performances of NRT
SPPs in Nierji Basin need to be further evaluated, inter-compared, and analyzed. Since
Nierji Basin is a typical, semi-humid basin in the middle-high latitude temperate monsoon
climate region, precipitation is the primary source of water resources in the basin and
mainly occurs in wet seasons. Furthermore, the wet season can be divided into three sub-
seasons [49,50] according to the uneven temporal distribution of precipitation caused by
annual movements of the edge of the Western Pacific Subtropical High (WPSH). Therefore,
we focus on the performances of NRT SPPs in the Nierji Basin during wet (sub-)seasons in
this study.
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NRT SPPs, including GSMaP-NRT, GSMaP-Gauge-NRT, GSMaP-NOW, IMERG-Early,
IMERG-Late, TMPA 3B42RT, and PERSIANN-CCS, were statistically evaluated and ana-
lyzed from 2008 to 2019 in four aspects in this study: flood sub-seasons, rainfall intensities,
precipitation event total accumulation, and hydrological utility. We expect that the findings
in this study could enhance the understanding of the performance of NRT SPPs, provide
valuable guidelines for hydrological forecasting driven by NRT SPPs, and contribute to
insights into NRT SPP improvement.

2. Materials and Methods
2.1. Study Area

The Nierji Basin (Figure 1), located in northeast China, is defined as the area controlled
by the Nierji Reservoir, located at the last gorge where the Nenjiang River enters the
Songnen Plain from the mountain and hilly regions [51]. The Nierji Basin covers the
source region of the Nenjiang River, where the precipitation is higher than its downstream.
Therefore, the Nierji Reservoir is of great importance in flood control and water resources
management, and hydrological forecasting is necessary. However, since the lush forest
of the Greater Khingan Range is in the Nierji Basin, it is difficult to install and maintain
precipitation stations. As a result, precipitation stations are sparse in most areas of the
Nierji Basin and occasionally malfunction, so there is an urgent need for SPPs.
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Figure 1. The map of the Nierji Basin and its sub-basins in the upstream named (1) Kehou, (2) Shihuiyao, (3) Guli, and (4)
Jiagedagqi. Each sub-basin is controlled by the station with the corresponding name.

The Nierji Basin has a complex terrain, with elevations ranging from 181 to 1514 m.
The longitude extends from 122.10°E to 127.33°E and the latitude from 48.42°N to 51.68°N,
with a total drainage area of 66,382 km? (22.35% of the Nenjiang Basin) and an average
annual runoff of 104.7 x 10° m> (45.7% of the Nenjiang Basin). Benefiting from its location
in the middle-high latitudes on the eastern coast of Eurasia, this area has a typical temperate
monsoon climate with long cold winters, dry and windy springs, hot and rainy summers,
and short autumns, with an annual average temperature of approximately —0.5 °C. The
basin-averaged mean annual precipitation is approximately 475 mm and is seriously
inhomogeneous in a year, where more than 90% of annual precipitation occurs from May
to September, and less than 10% occurs from October to April. Therefore, the Nierji Basin
has an apparent wet season, defined as from 1 May to 30 September.
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In the Nierji Basin, precipitation is the primary source of water resources and is mainly
formed by the vortex and cyclones. A precipitation event formed by a weather system
can last for about three days. Continuous weather systems can form precipitation that
lasts for dozens of days, causing floods that last more than a month. As the leading cause
of precipitation, vortexes and cyclones frequently occur at the edge of WPSH, whose
movements in the wet season are between 20°N and 35°N and are characterized by moving
northward slowly and then southward quickly. As a result, during the wet season, the
pre-flood season is from 1 May to 20 June, when precipitation is always partly areal extent
and partly caused by the slow northward movement of the WPSH ridge; the main flood
season from is 21 June to 5 September, when precipitation is always great areal extent
and mainly caused by cyclones, since the ridge of WPSH is at its northernmost area; the
post-flood season is from 6 to 30 September, when precipitation is also partly areal extent
and mainly caused by cold front and cyclones formed by the quick southward movement
of the WPSH ridge. The features of the Nierji Basin make it a distinct region to investigate
the SPPs’ performance in the mid-high latitude temperate monsoon climate region for wet
seasons.

2.2. Datasets
2.2.1. Satellite-Based Precipitation Products

Seven NRT SPPs were evaluated daily in this study, i.e., GSMaP-V6-NRT (GSMaP-
N), GSMaP-V6-Gauge-NRT (GSMaP-GN), IMERG-V6-Early IMERG-E), IMERG-V6-Late
(IMERG-L), PERSIANN-CCS, GSMaP-NOW, and TMPA 3B42RT V7 (TMPA); see summary
in Table 1. The exclusion of near-real-time versions of GSMaP-V7, namely, GSMaP-V7-
NRT and GSMaP-V7-Gauge-NRT, is due to their having the same latencies and a similar
performance to GSMaP-V6, and their start time (2017) being later than GSMaP-V6. The
near-real-time version of CMORPH, namely, CMORPH-RAW, was excluded because only
data after 2019 can be downloaded, so the sequence is too short to evaluate. The SPPs
used in this study were downloaded at a daily scale, except for GSMaP-NOW. The daily
precipitation estimates of GSMaP-NOW were obtained by accumulating the original hourly
precipitation estimates.

Table 1. Overview of the SPPs evaluated in this paper.

Datasets Spatial Resolution Coverage Evaluation Period Latency Developer
Gauge-observed Point Nierji Basin 2008-2019 - MWR
GSMaP-NRT 0.1° 60°S to 60°N 2008-2019 4h JAXA
GSMaP-Gauge-NRT 0.1° 60°S to 60°N 2008-2019 4h JAXA
IMERG-Early 0.1° 90°S to 90°N 2008-2019 4h NASA
IMERG-Late 0.1° 90°S to 90°N 2008-2019 12h NASA
PERSIANN-CCS 0.04° 60°S to 60°N 2008-2019 <lh ucI
GSMaP-NOW 0.1° 60°S to 60°N 2017-2019 <lh JAXA
TMPA 3B42RT V7 0.25° 50°S to 50°N 2008-2019 8h NASA

SPPs were retrieved from microwave (MW) sensors and/or infrared (IR) sensors. MW
sensors are more accurate but infrequent, providing accurate precipitation estimation with
a low temporal and spatial resolution. In contrast, IR sensors are more frequent but indirect,
providing the motions of weather systems, and precipitation estimates are derived by
the motions. Among the seven NRT SPPs in Table 1, PERSIANN-CCS is the only pure
IR-based product [52], while GSMaP-NOW is the only pure WM-based product [53]. The
two products with the shortest latencies can be released within 1 h, primarily due to their
relatively simple inputs and retrieve algorithms. With the increasing product latencies,
both MW and IR sensors are used to retrieve SPPs, taking both accuracy and resolution
into consideration, such as GSMaP, IMERG, and TMPA.

GSMaP-V6 and IMERG-V6 are generally referred to as new-generation products,
namely, the products of the GPM era [54]. This is because GSMaP-V6 and IMERG-V6 are
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retrieved from the GPM mission that was officially launched by the National Aeronautics
and Space Administration (NASA) and the Japan Aerospace Exploration Agency (JAXA)
to ensure the continuity of the TRMM mission that was launched in 1997 [19]. TMPA
is referred to as a TRMM-era product and was no longer released after 1 January 2020.
IMERG and TMPA were compared in terms of their different temporal and regional aspects
but never in terms of their sub-flood-season aspect.

GSMaP products, developed by JAXA, are produced in several steps. First, the
instantaneous precipitation rate is retrieved based on the MW sensors from different
satellite platforms [55]. Then, the gaps between MW-based estimates are propagated
using the cloud motion vectors computed from geo-IR images [56]. To date, near-real-time
versions, including GSMaP-N and GSMaP-GN, have been produced, where GSMaP-GN is
calibrated using gauge-based data.

IMERG system is run several times by NASA, that is, “Early” (IMERG-E), “Late”
(IMERG-L), and the “Final” (IMERG-F). IMERG-V6 algorithm utilizes total precipitable
water vapor from reanalysis data to drive the Climate Prediction Center (CPC) MORPHing
technique (CMORPH) scheme so that the preliminarily PWM-based precipitation estima-
tion is extrapolated in time and space by interpolation. The IMERG-V6 algorithm provides
IMERG-E, using only forward morphing with a 4 h latency, and IMERG-L, using both
forward and backward morphing with a 12 h latency [14,57,58].

2.2.2. Gauge-Based Precipitation and Discharge

Four hydrologic stations and 83 precipitation stations were used in this study in the
Nierji Basin. Gauge-based weather radars were excluded due to their limited coverage
(there is only one radar in the basin). The hydrologic stations and precipitation stations
were installed and maintained by the Ministry of Water Resources (MWR). The precipitation
stations are tipping-bucket recorders with a minimum detectability of 0.1 mm; none of them
are included in the Global Precipitation Climatology Centre (GPCC) and only one of them
is included in the China Meteorological Administration (CMA). The spatial distribution
of precipitation stations is uneven in the study area, where the stations in the north and
east of the basin are sparser, as shown in Figure 1. The gauge-based precipitation and
discharge data were collected daily from 2008 to 2019. Missing values and extreme values
were excluded for quality control.

2.3. Methodology

The NRT SPPs were evaluated and analyzed in four aspects in this study: different
flood sub-seasons, precipitation intensities, precipitation event total accumulation, and
hydrological utility, as shown in Figure 2.

H{ Flood sub-seasons

Cell precipitation ‘

—'{ Precipitation intensities

Evaluation of NRT SPPs }— Areal precipitation ‘
Precipitation events

*’{ Hydrological utility

Figure 2. Flow chart of the technical framework for evaluating NRT SPPs.

As shown in Figure 2, the first three aspects were evaluated and analyzed at the cell
scale and areal scale. Cell evaluation means evaluating the precipitation in the grid cells at the
station locations compared to the gauge-based precipitation observation of the corresponding
stations. The reason for this is that rainfall measured by ground-based stations is repre-
sentative of a certain spatial area, for example, 575 km? for interior plains and 250 km? for
mountains, as recommended by World Meteorological Organization [59], and the cell area of



Remote Sens. 2021, 13, 4552

60of 17

the selected SPPs is about 16~625 km?. The precipitation in the grid cell at the station location
was obtained by an areal weighting method [60]. As shown in Figure 3, a window cell was
created, centered around the station (S), and the window size is defined as 0.1° x 0.1° when
evaluating each SPP. C;(i = 1,2, 3,4) are the four adjacent SPP cells to S, and A;(i = 1,2,3,4)
are the areas of intersection between C; and the window cell. The weighting method based on
adjacent areas was performed by weighted averaging the precipitation estimates of C;, where
the weights are determined by the corresponding A;.

Cy G2

C3 Ca

Figure 3. The areal weighting method to obtain the precipitation in the grid cell at the station
location, where S indicates the station, C;(i = 1,2, 3, 4) indicate the four adjacent SPPs cells to S, and
A;(i =1,2,3,4) indicate the areas of intersection between C; and the window cell (within the blue
dotted dashed line).

Areal evaluation means evaluating the areal mean precipitation of SPPs over a basin
compared to the areal mean gauge-based precipitation over the corresponding basin. The
target data, namely, the areal mean precipitation of SPPs over a basin, were obtained in
two steps: (i) clip the SPP to match the basin shape; (ii) average the clipped SPP. The
reference data, namely, areal mean gauge-based precipitation, were obtained in three steps:
(i) spatially interpolate the gauge-based precipitation; (ii) clip the interpolated data to
match the basin shape; (iii) average the clipped data. The sub-basin named Kehou was
employed to evaluate areal precipitation due to the highest density of precipitation stations
in the Nierji Basin, to minimize the uncertainty of the reference data.

Additionally, the precipitation (P) magnitude was classified into three levels, namely,
light (0.1 mm/day < P < 10 mm/day), moderate (10 mm/day < P < 25 mm/day), and
heavy (P > 25 mm/day) precipitation, according to the national standard of China (GB/T
28592-2012) [61]. A single day or adjacent days, when precipitation exceeds 0.1 mm/day,
were regarded as a precipitation event, and precipitation estimates of an event were
obtained by accumulating total precipitation during the event. According to the statistics,
precipitation-event durations were mostly from 1 to 3 days for a single station and 2 to
5 days for a basin. The hydrological utility evaluation of SPPs included two simulation
schemes: the hydrological model driven by SPP uses the parameters that were calibrated
by inputting (I) the gauge-based precipitation; (II) the corresponding SPP. The Xin’anjiang
model [62], a lumped and conceptual model, was employed in this study due to its broad
application in humid and semi-humid basins in China.

As shown in Table 2, the root-mean-square error (RMSE), Pearson Correlation Coeffi-
cient (CC), and relative bias (BIAS) were employed to describe error characteristics of SPPs.
A critical success index (CSI) was employed to demonstrate the SPPs’ ability to detect the
occurrence of precipitation with different thresholds, namely, 0.1, 10, and 25 mm/day. A
Nash-Sutcliffe efficiency coefficient (NSE) was employed to evaluate the hydrologic utility
of SPPs.
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Table 2. List of diagnostic metrics for evaluating SPPs.

Diagnostic Metrics Equation Perfect Value Unit

Root-mean-square error (RMSE Y (PF—P? 2 0 mm
q ( ) RMSE = 1( T ) B
Pearson Correlation Coefficient (CC) cC = (P —P7) (PP PF) 1 i,
VEL (B P (B P
Relative bias (BIAS) BIAS = BB F) 5 100% 0 %
i=1"44

Critical success index (CSI) CSI = ﬁ 1 -
Nash-Sutcliffe efficiency coefficient (NSE) NSE =1 — gzl ((SZ*% ))22 1 -

i=1 i

Notation: P° represents satellite-based precipitation products, P° represents gauge-based precipitation, H represents the number of hit
events for which both P* and P° detect precipitation above the threshold, M represents the number of missed events for which P° detects
precipitation above the threshold but P* does not, F represents the number of false alarms, which is inverse to M, Q° represents the
simulated discharge by any precipitation input, and Q° represents the observed discharge.

3. Results and Discussion
3.1. SPPs in Different Flood Sub-Seasons

Figure 4 shows the Taylor diagrams (CC and RMSE) of the seven NRT SPPs at the
cell scale and areal scale over the Nierji Basin for different flood sub-seasons, from 2008
to 2019. In the Taylor diagram, the points closer to the “Gauge” point on the X-axis show
better accuracy. According to Figure 4, the distribution of points in the Taylor diagrams
has three characteristics. Firstly, the point distribution of the main flood season is similar
to that of the whole flood season, which is reasonable considering that 55% of wet-season
precipitation occurs during the main flood season. The points in the Taylor diagrams of
the pre- and post-flood seasons are more scattered and more centralized, respectively, than
the points of the main flood season, meaning that the differences among SPPs are more
significant in pre-flood seasons but slighter in post-flood seasons, whether at the cell scale
or the areal scale. Secondly, regardless of flood sub-season, points at the areal scale have a
similar distribution with those at the area scale and are closer to the “Gauge” than those at
the cell scale. The potential reason for this is that the precipitation spatial biases are partly
neutralized after the areal averaging. Thirdly, the points are mainly distributed along the
radius of the Taylor diagram, except for PERSIANN-CCS with a minor CC, meaning that
SPPs are similar in CC and the main difference in SPPs is the RMSE.

Gauge

* GSMaP-N * GSMaP-GN *IMERG-E IMERG-L * PERSIANN-CCS * GSMaP-NOW * TMPA

Figure 4. Taylor diagrams at cell scale and areal scale for different flood sub-seasons.
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SPPs have different characteristics in different flood sub-seasons. The two NRT
versions of GSMaP with the same latencies, namely, GSMaP-N and GSMaP-GN, are similar
during the main flood seasons, but GSMaP-N is much worse than GSMaP-GN during
pre-flood and post-flood seasons (except for the areal scale in post-flood seasons, where all
six NRT SPPs that used MW are similar). The two versions of IMERG (points in yellow and
orange in Figure 4) are significantly similar during each flood sub-season. IMERG-L takes
both forward and backward morphing into account, despite the expense of lost timeliness;
however, it does not become much more accurate than IMERG-E. In addition to this, the
performances of TMPA in pre-flood and post-flood seasons are better than those in the
main flood seasons. PERSIANN-CCS and GSMaP-NOW are, respectively, the worst in
terms of CC and RMSE during each flood sub-season, which is potentially caused by the
fewest information used in the precipitation retrieval process.

As for the performance intercomparison, the ranks of SPPs vary between the flood
sub-seasons. Over the whole flood season, GSMaP-GN, IMERG-E, and IMERG-L are the
best, followed by GSMaP-N, PERSIANN-CCS, and TMPA, and GSMaP-NOW is the worst.
In the pre-flood season, the accuracy of GSMAP-GN and TMPA is significantly better than
that in the whole flood season so that the two SPPs become the best, and the order of
other SPPs is similar to the whole flood season in the pre-flood season. In the main flood
season, GSMaP-N, GSMaP-GN, IMERG-E, and IMERG-L are the best and are significantly
similar. In the post-flood season, each SPP performs better. GSMAP-NOW shows the most
significant improvement, while the other two NRT versions of GSMAP show the most
negligible improvement.

Comparison and analysis were carried out among different sub-seasons, scales, thresh-
olds, and products according to Figure 5. Figure 5 shows CSI at the cell scale and areal
scale for different flood sub-seasons and thresholds using a heat map, where a darker
color means the better value. Firstly, the CSI at the areal scale is larger than that at the
cell scale. When the threshold is equal to 0.1, the CSI at areal and cell scales varies from
0.52 to 0.82 and from 0.43 to 0.67, respectively, which means SPPs at the areal scale are
better at detecting precipitation occurrence than that at cell scales. Secondly, the lower the
detection threshold, the stronger the detection ability of SPPs. The detection ability with a
threshold of 0.1 is the best in this study, and the detection ability of each SPP in the main
flood season is the best of the different flood sub-seasons. Thirdly, the heat distribution of
the flood sub-season blocks is similar at the cell scale. Under any detection threshold, the
difference between the maximum and minimum CSI of flood sub-seasons is no greater than
0.1, indicating that the influence of flood sub-seasons on the detection ability of SPPs is
slight. Fourthly, the detection ability of PERSIANN-CCS is the worst, and the GSMaP-GN'’s
ability to detect heavy rainfall in pre-flood seasons is unsatisfactory with the CSI of 0.11
and O at the cell scale and the areal scale, respectively. The main reason for this is that
GSMaP-GN significantly underestimates heavy rainfall in pre-flood seasons, so there is
little rainfall monitored by NRT SPPs exceeding the threshold of 25 mm/day. The detection
ability of GSMaP-N and GSMaP-GN is the best in the main flood seasons at the areal scale.
GSMaP-NOW performs well in terms of detection ability, with a threshold of 0.1, especially
in the post-flood season when the CSl is equal to 0.82.
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All Pre Main Post
Threshold(mm) [ 0.1 10 25 0.1 10 25 |01 10 25 |0.1 10 25

GSMaP-N 0.61 0.42 0.27/0.58 0.38 0.27[0.64 0.43 0.28[0.55 0.44 0.21
GSMaP-GN 1062 041 024059 034 0.11[0.65 0.43 0.27|0.55 0.44 0.23
IMERG-E 0.54 0.42 0.27|0.51 0.38 0.26 [0.58 0.43 0.270.49 0.46 0.27
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Figure 5. Heat map of CSI at the cell scale and areal scale for different flood sub-seasons and
thresholds.

3.2. SPPs with Different Intensities

Figure 6 shows the BIAS of SPPs with different precipitation intensities. The positive
and negative BIAS indicates the overestimation and underestimation of the evaluated SPP,
respectively. It is worth noting that when the BIAS is close to 0, it cannot fully conclude that
the SPP is accurate, but only indicates that the precipitation estimates are not obviously
heavier or lighter. According to Figure 6, SPPs tend to overestimate light precipitation.
The product that overestimates light precipitation most significantly is GSMaP-NOW, with
a BIAS of 135.7% and 100.67% at the cell scale and areal scale, respectively, followed by
GSMaP-N, TMPA, IMERG-E, and IMERG-L, with a BIAS of 60-75% at the cell scale and
45-60% at the areal scale. GSMaP-GN and PERSIANN-CCS overestimate light precipitation
the least. For heavy precipitation, apart from GSMaP-NOW, SPPs underestimate heavy
precipitation at the cell scale. The underestimate of PERSIANN-CCS is the most significant,
with a BIAS of —66%, while the BIAS of the rest of the SPPs varies from —24% to —37%.
At the areal scale, the SPP estimates of heavy precipitation are not significantly heavier
or lighter than gauge-based observations, with a BIAS of less than +15%, except for the
underestimates of PERSIANN-CSS and the overestimates of GSMaP-NOW. Overall, SPPs
deviate more at the cell scale than at the areal scale.

As shown in Figure 6, among the seven NRT SPPs, GSMaP-GN deviates the least,
with a BIAS between —37% and 30% at the cell scale and between —15% and 21% at the
areal scale, followed by IMERG-E and IMERG-L, GSMaP-N and TMPA. PERSIANN-CSS
and GSMaP-NOW deviate significantly; the former tends to underestimate precipitation
and the latter tends to overestimate precipitation.

Figure 7 shows CC and RMSE at the cell scale and areal scale for different precipitation
intensities using a heat map, where the darker color indicates the better value. As shown
in Figure 7, the lighter the precipitation is, the better the CCs of SPPs are. GSMaP-N,
GSMaP-GN, IMERG-E, and IMERG-L are similar and the best at estimating light and
moderate precipitation. Each SPP cannot estimate heavy precipitation well, but the heavy
precipitation estimation at the areal scale is better than that at the cell scale. GSMaP-N
performs the best, with a CC of 0.34 and an RMSE of 9.39. The exclusion of GSMaP-NOW
when evaluating heavy precipitation at the areal scale is due to the limited number of
samples (only seven values from 2017 to 2019).
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Figure 6. Bar graph of BIAS at cell scale and areal scale for different precipitation intensities.

3.3. Total Accumulation of SPPs in Precipitation Events

Figure 8 shows CC and BIAS at the cell scale and areal scale for precipitation events
and daily rainfall when rainfall exceeds 0.1 mm/day; the exclusion of RMSE is due to
the significant difference between the accumulation of rainfall events and daily rainfall.
Overall, accumulation estimations of rainfall events perform better than those of daily
rainfall, and SPPs tend to overestimate the precipitation volume either at the cell scale
or areal scale and either at the event scale or the daily scale, except for PERSIANN-CCS
and GSMaP-GN. Additionally, the CC at the event scale is high with a maximum of 0.93
(IMERG-E and IMERG-L) and a minimum of 0.79 (PERSIANN-CCS, although whose daily
CC is 0.50 and 0.31 at the areal scale and cell scale, respectively). IMERG-L performs
best at the event-cell scale with CC of 0.7 and BIAS of 0%, while GSMaP-GN performs
best at the event-areal scale with CC of 0.91 and BIAS of 5%. It is worth noting that
GSMaP-NOW significantly overestimates areal precipitation with BIAS of 65% and 68% for
area-event scale and area-daily scale, respectively, but can reflect the precipitation variation,
as indicated by the relatively high CC (0.89 and 0.7 for area-event scale and area-daily scale,
respectively). Therefore, the system error of areal precipitation overestimation should be
corrected before GSMaP-NOW is employed at area scale.
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Figure 7. Heat map of CC and RMSE at the cell scale and the areal scale for different precipita-
tion intensities, where L, M, and H indicate light precipitation, moderate precipitation, and heavy
precipitation, respectively.
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Figure 8. Heat map of CC and BIAS at the cell scale and areal scale for rainfall events and daily
rainfall when rainfall exceeds 0.1 mm/day.

3.4. Hydrological Utility of SPPs

An NSE of simulated discharge against the observed discharge at Kehou station during
the wet seasons from 2008 to 2019 is shown in Figure 9. The observed and simulated daily
discharge at Kehou station during wet seasons from 2017 to 2019 is shown in Figure 10.
As shown in Figure 9, simulated discharge by inputting gauge-based precipitation with
an NSE of 0.73 performed better than that simulated by inputting SPPs for both Scheme
I and Scheme II. In Scheme I, the GSMaP-GN-based NSE was the best but was only 0.25.
Furthermore, the NSE based on PERSIANN-CCS, GSMaP-NOW, and TMPA in Scheme I
was negative, indicating the poor performance of the simulated discharge. The NSE based
on GSMaP-NOW reached —6.45; this NSE was caused by the significant overestimations of
precipitation, which can be seen in Figure 10a. After recalibrating the hydrologic model
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with SPPs, as in Scheme II, NSE significantly improved. Among the SPPs, TMPA showed
the most significant improvement after recalibration, with an NSE ranging from —1.54 to
0.54, and became the best in Scheme II. Additionally, GSMaP-N, GSMaP-GN, IMERG-E,
and IMERG-L also performed well in Scheme II. Although the five SPPs with better
hydrological utility had similar NSEs, ranging from 0.47 to 0.54, the simulated discharge
based on the above products was different, as shown in Figure 10b. Taking GSMaP-GN and
IMERG-L in 2019 as an example, GSMaP-GN-based discharge fit the observed discharge
well in June and July but poorly in August and September, while IMERG-L-based discharge
showed the opposite effect.

Based on the above evaluation and comparison, GSMaP-N, GSMaP-GN, IMERG-E,
and IMERG-L were selected to recalibrate the hydrologic model for the basins controlled
by Shihuiyao, Guli, and Jiagedaqi stations. TMPA was excluded due to its limited coverage
of 50°5-50°N, which cannot cover the other three basins. Figure 11 shows the NSE of
simulated discharge compared to the observed discharge at Kehou, Shihuiyao, Guli, and
Jiagedaqi stations during the wet seasons from 2008 to 2019. It can be seen from Figure 11
that the four products performed similarly in the same basin with an NSE of no more than
0.1. The difference in the NSE based on P_obs among various basins was similar to that
based on the SPPs, so the difference was mainly caused by the different abilities of the
hydrological model to describe hydrologic responses in different basins.

0.80
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0.60 0.53 0.54
0.50 0.47

0.47 0.48
0.40 .I J
0.30 0.25 851 0.24
0.20 0.1
0.10 0.07 0.03
0.00 .]

-0.10 -0.05 4
! z
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-6 45
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Eoe = -GN -E L NN-CCS -Now IMPA
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Figure 9. NSE of simulated daily discharge at Kehou station during wet seasons from 2008 to 2019
for Scheme I, Scheme II, and using gauge-based precipitation.



Remote Sens. 2021, 13, 4552 13 0f 17

(a) Scheme I (b) Scheme 11

g g
[ .
3 8
P (3]
A &
q g
s g
(] -1
. s
Z =
g

A g
Q g
e g
& =
£ -
] K=y
2 3
s g
2 >
Z >
|

s g
Q g
s g
() .
g g
3 =3
3 g
z o
A &
Q g
g g
(] -1
=9

S g
1] 15
- (2]
Z =
g

A g
1400 _
2 1200 g
£ 1000 z
(] -
_%" 800 g
S 600 £
.o (2]
2, 400 5
£ 200 2
A

0

1400 A
21200 g
E 1000 =
3 600 E
opd [
2. 400 -E
g 200 &

(U T

T T T T T T T T T - 1 i T 1 T - 120
Aug-17 Sep-17 Jun-18 Jul-18 Aug-18 Sep-18 Jun-19  Jul-19  Aug-19 Sep-19

}\ug-n Sepl-l7Jun-18 Jull-ls Aug-18 Scpl-ls Jun-19 Jull-l9 Aug-19 Sepl-19
" Q obs —Q sim —Q GSMaP-N —Q GSMaP-GN —Q IMERG-E — Q IMERG-L — Q PERSIANN-CCS —Q GSMaP-NOW —Q TMPA
EIP obs - P_GSMaP-N ~-P GSMaP-GN P IMERG-E P IMERG-L ---P PERSIANN-CCS P _GSMaP-NOW --P TMPA
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from 2017 to 2019.
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Figure 11. NSE of simulated daily discharge at Kehou, Shihuiyao, Guli, and Jiagedagqi stations
during wet seasons from 2008 to 2019, calibrated by inputting gauge-based precipitation, GSMaP-N,
GSMaP-GN, IMERG-E, and IMERG-L.

4. Conclusions

This study evaluated seven NRT SPPs with latencies of less than one day, includ-
ing GSMaP-N, GSMaP-GN, GSMaP-NOW, IMERG-E, IMERG-L, TMPA 3B42RT, and
PERSIANN-CCS, for wet seasons from 2008 to 2019 in Nierji Basin, a typical middle—
high latitude temperate monsoon climate basin. Gauge-based precipitation and discharge
were used as references. The main conclusions based on the findings are as follows:

(1) In the four aspects, the cell-scale and area-scale intercomparison ranks of NRT SPPs
are similar; the best SPPs are GSMaP-N, GSMaP-GN, IMERG-E, and IMERG-L, followed
by TMPA 3B42RT, and the poorest are GSMaP-NOW and PERSIANN-CCS. Additionally,
the performances of SPPs at the areal scale, at the event scale, and with light magnitude are
better than those at the cell scale, at the daily scale, and with heavy magnitude, respectively.

(2) The performances of GSMaP-N, GSMaP-GN, IMERG-E, and IMERG-L are similar,
especially in the main flood seasons. IMERG-L performs best at the event-cell scale, with
a CC of 0.7 and BIAS of 0%, while GSMaP-GN performs best at the event-areal scale,
with a CC of 0.91 and BIAS of 5%. The worse performances of TMPA 3B42RT are mainly
caused by the poor performances during the main flood seasons. The worse performances
of PERSIANN-CCS are mainly reflected by having the lowest CC and the underestima-
tion of precipitation. Although GSMaP-NOW has the highest RMSE and overestimates
precipitation, it can reflect the precipitation variation indicated by the relatively high CC.

(3) SPPs are similar in their CC and mainly differ in terms of their RMSE, with the
exception of PERSIANN-CCS. SPPs have different characteristics and intercomparison
ranks in different flood sub-seasons. The differences between SPPs are more significant
in pre-flood seasons but slighter in post-flood seasons; however, the influence of flood
sub-seasons on the detection ability of SPPs is slight.

(4) SPPs overestimate light rainfall. GSMaP-NOW overestimates light rainfall most
significantly, with a BIAS of 135.7% and 100.67% at the cell scale and areal scale, respectively.
SPPs cannot estimate heavy precipitation well. GSMaP-N performs the best, with a CC of
0.34 and RMSE of 9.39 at the areal scale.

(5) In Scheme I, the NSE of simulated discharge based on GSMaP-GN was the best, but
only 0.25, and NSE based on GSMaP-NOW was the worst (—6.45). After recalibrating the
hydrologic model by SPPs, TMPA showed the most significant improvement, with an NSE
ranging from —1.54 to 0.54. Additionally, GSMaP-N, GSMaP-GN, IMERG-E, IMERG-L,
and TMPA perform well and similarly in terms of recalibration, but the simulated discharge
based on the above products differs.

Based on the evaluation and intercomparison of SPP performances, it is suggested
that the selected SPPs have different characteristics and should be used after appropriate
adjustment to fill the gaps between rain gauges.
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