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Figure 12. Remote Sensing Systems (RSS) TMI rainfall counters: (a) Sonda; (b) Maon; (c) Mufia;
(d) Talas; (e) Sonca; (f) Nesat. The blank spots in (a), (c), (e), and (f) are due to the missing SST, wind
speed, water vapor data, land pixels, or no TMI observations. The title in each TC is the start scan time
of TMI gridded data in the plotted area.

The performance of these two precipitation products shows that MWRI retrievals represent
clear mesoscale structures of the selected TCs. Figure 11a shows the retrieved rainfall structure of
Songda from MWRI: a principal rainband near eyewall with 20 mm/h contour surrounds, and a
broader distant rainband near Taiwan island. Even though the time difference of MWRI and TMI
observations is approximately 6 h, TMI (Figure 12a) shows a similar rainband structure, which is
partially obscured by more aggressive land masking of the Yaeyama and Miyako Islands. TC Maon
(Figure 11b) indicates a clearly visible TC eye, which is free of precipitation and surrounded by an
intense eyewall. The 20 mm /h rainfall contour of Maon corresponds to an eyewall region, and similarly,
the maximum contour (12 mm/h) of TMI rain intensities (Figure 12b) occurs in the north-eastern
quadrant. TMI shows a broader area of moderate rain rates in the distant rainband (the south-eastern
quadrant). These two figures (Figures 11b and 12b) have the minimum time difference (~19 min), and
TC Maon does not move a large distance. The structures of Mufia from MWRI and TMI (Figures 11c
and 12¢) are in relatively good agreement within a 1.5-h time difference. The inner-core structure of
Mufia from MWRI (Figure 11c¢) is clear, with a 10 mm /h rainfall contour corresponding to the vortex
region and high rain rates of 10 to 20 mm/h that extend to the most of Mufia structure, particularly in
the southeast quadrant.

The rain field structure of Talas from MWRI (Figure 11d) has a larger TC scale; however, its
retrieved rain rates are lower than other cases. TMI (Figure 12d) exhibits three relative maxima in the
western, south-western, and south-eastern parts of the storm, in agreement with MWRI. The TC Sonca
from MWRI (Figure 11e) within a 30-min time difference is the smallest storm among all the cases, and
its rainfall distribution is extremely compact with low rain rates between 0 and 10 mm/h extending
over the inner-core structure of the TC system, and TMI has the same compact structure (Figure 12e).
The structure of TC Nesat from MWRI (Figure 11f) displays the main vortex zone with 25 mm/h
contour corresponding to the TC eyewall. Despite the missing MWRI scans, the mainly high rainband

264



Remote Sens. 2018, 10, 1770

shows a broad principal rainband of Nesat. TMI has a similar area of high rain rates along the southern
portion of the storm (Figure 12f). The results show that the saturation of MWRI WS algorithm does not
impact the structure of TCs, and MWRI retrievals present clear mesoscale structures of intense TCs.

6. Discussion

Our results have shown that a rain retrieval algorithm closely based on the WS algorithm, applied
to MWRI measurements, provides reasonable rain rates for TCs and well represents the TC mesoscale
structures. The WS algorithm is a physical scheme based on dual-polarization passive microwave
measurements to provide a two-way transmittance through the atmosphere. The advantage of this
simple strategy is that the parameterizations are more tightly constrained [25]. However, this retrieval
algorithm applied to MWRI still shows some problems. The MWRI retrievals were low relative to
the NSIDC dataset in high intensities. However, positive mean differences were found when the
same algorithm was applied to AMSR-E measurements. The retrievals did not match from different
sensors because the WS algorithm did not include the resolutions of different sensors in the beamfilling
correction. The unified microwave ocean retrieval algorithm (UMORA) algorithm developed by
Hilburn and Wentz [25] is an improvement of the WS algorithm in that it corrects this problem. For
practical applications of the new rain retrieval algorithm, it is planned to apply the UMORA algorithm
to MWRI measurements for TCs.

Although the MWRI retrievals for six selected TCs shown in Figure 7 provides consistent
performance with the NSIDC rainfall product from the GPROF2010 algorithm, there are some
differences due to fundamental algorithm differences. GPROF retrieves a higher surface rain rate
compared with MWRI because of differences in microphysical assumptions. In the GPROF algorithm,
the vertical rain water profile is more physically constrained, while the WS algorithm assumes
a constant vertical precipitation profile and thus obtains a surface rain rate that is equal to the
column-average rain rate. Another issue is that it does not explicitly account for the spatial resolution of
the satellite observations. Hilburn and Wentz [25] found that the probability distribution function P(A’)
(see Equation (5)) changes systematically with the footprint size. The WS algorithm assumed that this
distribution function works well for SSM /I resolution (37 GHz, 28 km x 37 km); however, it assumes
more spatial variability than in the smaller AMSR-E footprint (37 GHz, 8 km x 14 km). Thus, the
beamfilling overcorrected AMSR-E. As shown in Table 4, the rain retrievals from the higher-resolution
sensor (AMSR-E) are biased higher than MWRI retrievals if the resolution dependence in the
beamfilling correction is neglected. While the MWRI instrument has a similar resolution (37 GHz,
18 km x 30 km) to SSM/I, it works better in the WS algorithm than the AMSR-E instrument.

7. Conclusions

With the development of passive microwave radiometers, retrieving rain rates inside TCs has
become possible. The goal of this study is to develop an algorithm for estimating surface rain rates of
TCs using 19 and 37 GHz V and H polarized Tbs from FY-3B MWRI. Based on the algorithm derived by
Wentz and Spencer [13], an ocean-only rainfall retrieval algorithm for the MWRI has been developed.
Since the nonlinear relationship between rain rate and Tb occurs when averaging over the radiometer
footprint, the beamfilling correction is considered by comparing ratios of liquid water absorption with
the theoretical Mie absorption between 37 and 19 GHz.

MWRI WS retrievals are in reasonable agreement with other datasets. The MWRI measurements
for six selected TCs and rain rates provided by the NSIDC are used to develop and verify the accuracy
of this retrieval algorithm. The results are encouraging, with an overall mean bias and RMSE of
—0.14 mm/h and 1.99 mm/h, respectively. The histograms of these two products for six TCs show
encouraging agreement and do not differ much at the low rain rate distribution of each TC; however,
they differ more at high rain intensity distribution. A comparison of instantaneous pixel-to-pixel
retrievals shows that the MWRI retrieval shows reasonable agreement for most rain categories with
absolute bias percentages within 15%, except for the lowest (0-0.5 mm/h) and highest (25-30 mm/h)
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rain rates (—21.4% and —22.8%, respectively). The maximum rain rate value (~27 mm/h) of MWRI
retrievals is limited due to the frequency saturation.

To assess the sensitivity of the MWRI WS algorithm to the sensor configuration, the algorithm
was also applied to AMSR-E Tbs. The overall mean bias and RMSE are 0.90 mm /h and 3.11 mm/h,
respectively, which are higher than that of MWRI retrievals. The AMSR-E WS retrievals overestimate
rain rates compared with the NSIDC rain rate. A case study for TC Maon (2011) showed that MWRI
WS retrievals agree well with PR rain rates on storm scales; however, MWRI rain rates overestimate
rain rates below 6 mm/h and underestimate over 6 mm/h relative to PR rain rates. Additionally, the
RSS TMI rainfall product is used to assess the capability of the MWRI WS algorithm in representing
the mesoscale structure of rain rates in intense TCs. The performance of MWRI retrievals shows the
clear mesoscale structures of the selected TCs. Despite the remaining uncertainties in the MWRI WS
rainfall retrieval, the reasonable intercomparison of datasets indicates that the retrieved rain rate can
be used for the TCs’ surface precipitation and mesoscale structure studies. The MWRI sensor performs
well and provides good quality Tbs.
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Abstract: This paper evaluates the use of precipitation forecasts from a numerical weather prediction
(NWP) model for near-real-time satellite precipitation adjustment based on 81 flood-inducing heavy
precipitation events in seven mountainous regions over the conterminous United States. The study is
facilitated by the National Center for Atmospheric Research (NCAR) real-time ensemble forecasts
(called model), the Integrated Multi-satellitE Retrievals for GPM (IMERG) near-real-time precipitation
product (called raw IMERG) and the Stage IV multi-radar/multi-sensor precipitation product
(called Stage IV) used as a reference. We evaluated four precipitation datasets (the model forecasts,
raw IMERG, gauge-adjusted IMERG and model-adjusted IMERG) through comparisons against Stage
IV at six-hourly and event length scales. The raw IMERG product consistently underestimated heavy
precipitation in all study regions, while the domain average rainfall magnitudes exhibited by the
model were fairly accurate. The model exhibited error in the locations of intense precipitation over
inland regions, however, while the IMERG product generally showed correct spatial precipitation
patterns. Overall, the model-adjusted IMERG product performed best over inland regions by taking
advantage of the more accurate rainfall magnitude from NWP and the spatial distribution from
IMERG. In coastal regions, although model-based adjustment effectively improved the performance
of the raw IMERG product, the model forecast performed even better. The IMERG product could
benefit from gauge-based adjustment, as well, but the improvement from model-based adjustment
was consistently more significant.

Keywords: GPM; IMERG; satellite precipitation adjustment; numerical weather prediction; heavy
precipitation; flood-inducing storm; complex terrain

1. Introduction

Accurate measurement of precipitation is a prerequisite for understanding related hydrologic
processes. The fact that precipitation is highly discontinuous in space and time presents challenges for
obtaining accurate spatio-temporal quantification of precipitation, especially over topographically-complex
regions, due to the variability and uncertainty introduced by orographic effects [1,2]. Generally, observed
gridded precipitation datasets can be generated by three approaches: gauge data interpolation, surface
radar network and satellite-based observation.

The accuracy of gauge interpolation depends largely on gauge density and measurement quality.
Gauge locations are not homogeneously distributed; there are more gauges at low elevations and
in densely-populated areas relative to mountainous terrain because of the higher costs of gauge
installation and maintenance over complex topography. Moreover, since gauge networks around
the world are operated by different countries, the observations are less accessible due to different
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data-sharing policies. Hence, gauge-based gridded precipitation datasets usually have coarse temporal
and spatial resolutions; most global products have monthly or daily time scales and 0.25° to 2.5° spatial
resolutions [3-6].

However, for meso-scale studies of such as extreme rainfall events and related floods, precipitation
products with higher spatial and temporal resolution are required. Although surface radar networks
provide fine resolution products, the data quality is limited in complex terrain due to severe beam
blocking and strong ground clutter [7-9]. In addition, considering the expensive operating and
maintenance costs, spatial coverages of radar networks are very limited especially in mountainous or
less populated regions.

Besides surface observations, techniques of satellite-based measurements have developed
rapidly over the past 30+ years [10]. As a result, a variety of satellite-based precipitation products
is now available with quasi-global coverage, including the Tropical Rainfall Measuring Mission
(TRMM) near-Real-Time Multi-satellite Precipitation product (3B42RT) [11], the National Oceanic
and Atmospheric Administration (NOAA) Climate Prediction Center (CPC) morphing technique
(CMORPH) [12], the Precipitation Estimation from Remotely Sensed Information Using Artificial
Neural Networks (PERSIANN) [13], the Global Satellite Mapping of Precipitation Microwave-IR
Combined Product (GSMaP) produced by the Earth Observation Research Center (EORC) of the Japan
Aerospace Exploration Agency (JAXA) [14,15] and products of Global Precipitation Measurement
(GPM) Integrated Multi-satellitE Retrievals for GPM (IMERG) [16]. Many studies indicate that these
satellite products tend to underestimate heavy precipitation over mountainous regions [17-22].

Apart from single source datasets, products with combined data sources are available, as well.
Typically, gauge observations are incorporated into raw radar or satellite products to improve
accuracy [23-25]. In fact, most satellite products mentioned above have their gauge-adjusted
counterparts [11,16,26-28]. In general, gauge-adjusted satellite products are released weeks to months
after the observation time because of the delay of high quality gauge datasets, and the accuracy
largely depends on the spatio-temporal representativeness of the gauge networks. However, over
mountainous regions, which usually have sparsely-distributed gauge networks and temporally coarser
gauge observations, there are great uncertainties about the performance of gauge-adjusted satellite
precipitation products [20,22].

To address the aforementioned disadvantages of gauge-based adjustment, Zhang et al. [29]
developed a numerical model-based technique for satellite precipitation adjustment. This technique
is designed specifically for heavy precipitation events over topographically-complex regions, where
the raw satellite products considerably underestimate heavy precipitation [20,30] and can remedy the
negative bias without gauge data input. In addition, the model-adjusted product can be generated
in near-real-time, while gauge-adjusted products are only available several months later. Previous
studies [22,31-33] have successfully applied this technique to the raw CMORPH and GSMaP products
with model simulations for severe storms over the Alps, Andes, Appalachians, Rockies and mountains
in Taiwan.

In this paper, we apply the evaluation of Zhang et al.’s [29] model-adjustment technique to the
latest near-real-time satellite precipitation product (IMERG) by incorporating an ensemble precipitation
forecast dataset produced by NCAR [34]. The study focuses on a large number of flood-inducing
storms that occurred in mountainous areas over the conterminous United States (CONUS) and is
unique relative to past studies in that it contrasts model-adjustment performance characteristics across
different complex terrain domains (coastal vs. inland) and uses model precipitation forecasts for
near-real-time adjustment of satellite precipitation datasets.

Section 2 provides information about the study regions and precipitation datasets, while Section 3
explains the methodology of model-based satellite adjustment and data evaluation. Section 4 presents
results and a brief discussion of findings from previous publications related to this topic. Section 5
presents conclusions and thoughts for future study.
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2. Study Regions and Datasets

2.1. Study Regions

The selection criteria for study regions considered both terrain complexity and annual
precipitation amounts. We picked study regions from major mountain ranges in the CONUS:
the Appalachians, Rocky Mountains, Olympic Mountains, Pacific Coast Ranges, Cascade Range and
Sierra Nevada. Each region was composed of multiple counties with complex terrain and relatively
high annual precipitation. Four of the regions (Figure 1, Regions (a), (b), (c), and (d)) were along
the Pacific coastline, where the climate is heavily influenced by the ocean and characterized by wet
winters and dry summers. The other three (Figure 1, Regions (e), (f), and (g)) were inland regions with
continental climates. Regional elevation maps are shown in Figure 2.
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Figure 1. Location of the seven study regions over the conterminous United States (CONUS).
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Figure 2. Map of terrain elevation for the seven study regions (meters). DEM data are from the
USGS Shuttle Radar Topography Mission (SRTM, https:/ /Ita.cr.usgs.gov/SRTM). Data are available at
https:/ /dds.cr.usgs.gov/srtm/version2_1/SRTM3/North_America/.

The Western Washington region (Figure 2a) covers the Olympic Mountains and the windward
side of the North Cascade Range. The terrain has elevations ranging from 500 to 1500 m a.s.l. and
several volcanoes reaching significantly higher altitudes than the rest of the mountains. This region
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is characterized by an oceanic climate with mild temperatures in all seasons. It has relatively dry
summers, and most precipitation occurs in winter, spring and fall. The annual average precipitation
varies roughly from 1500 to 3300 mm in higher altitude areas. On the western slopes of the Olympic
Mountains, annual precipitation can exceed 4000 mm, which makes this region the rainiest in
the CONUS.

The Western Oregon region (Figure 2b) is composed of the Pacific Coast Ranges, the windward
side of the Central Cascade Range, the Northern Klamath Mountains and Willamette Valley.
The elevations of most mountainous areas range from approximately 500 to 1500 m a.s.1. Like Western
Washington, Western Oregon has an oceanic climate, with very wet winters and dry summers.
The overall annual average precipitation in Western Oregon’s complex topography ranges between
1200 and 3000 mm, which is slightly lower than in Western Washington.

The study region of Northern and Central California (Figure 2c) covers the Southern Klamath
Mountains, the Coast Ranges, the windward side of the Southern Cascade Range, the Sierra Nevada
and the Great Valley. This region is characterized by extremely steep topographic gradients from the
valleys to the mountains. The elevation ranges from approximately 400 to 2300 m a.s.l., while a small
portion of the Sierra Nevada exceeds 3000 m a.s.l. Most of the precipitation occurs in mountainous
areas. The northwestern part of this region has annual average precipitation between 1300 and
3000 mm, while other mountains in the region have less, ranging from 800 to 2300 mm.

The Southern California study region (Figure 2d) is smaller than the others. It includes the
Peninsular Ranges and part of the Transverse Ranges. Elevations in most mountainous areas range
from 200 to 2000 m a.s.l. Like the above three coastal regions, this region is under maritime influence,
but the climate is much drier and hotter. Annual average precipitation ranges from approximately
200 to 700 mm.

The study region of Northern Idaho and Western Montana (Figure 2e) is an inland area covering
part of the Middle Rocky Mountains. Elevation gradually increases from north to south and ranges
roughly from 1000 to over 3800 m a.s.l. where Borah Peak is located. This region is dominated by a
continental and subarctic climate with annual precipitation ranging from 500 to 1400 mm.

The Central Colorado region (Figure 2f) is located in the Southern Rocky Mountains. It is between
the Continental Divide and western boundary of the Colorado Plains and includes Colorado’s most
populated area (Front Range). The topography of most of this region is very complex, with elevations
ranging between 1500 and 4300 m a.s.l. Similar to the Idaho and Montana region, Central Colorado
has a continental or subarctic climate, but it has less precipitation. Annual average precipitation ranges
between 350 and 800 mm.

The third inland region is located in the Southern Appalachians (Figure 2g). Specifically, it covers
all of the Blue Ridge Mountains and part of the Ridge-and-Valley Appalachians, which are two
physiographic provinces of the larger Appalachian range. Elevations of the mountainous areas range
from approximately 500 to 1700 m a.s.l. Although it has a humid subtropical and temperate oceanic
climate, we still count it as an inland region in this research because it includes no coastal area. Annual
average precipitation ranges from 1000 to 2500 mm with no significant seasonal differences.

2.2. Precipitation Datasets

2.2.1. Satellite-Retrieved Product

The IMERG precipitation product is available at 0.1°/30-min resolution with quasi-global
coverage (60°N-60°S). The IMERG algorithm merges all available satellite microwave precipitation
estimates, the microwave-calibrated infrared (IR) satellite estimates, gauge analyses and other
precipitation estimators from the TRMM and GPM eras [16]. In the GPM era (starting in 2014), IMERG
is considered a more comprehensive precipitation product than those of the TRMM era (CMORPH,
TRMM Multi-satellite Precipitation Analysis (TMPA), PERSIANN, GSMaP). In the consideration of
observation data latencies, IMERG runs twice to provide quick estimates in near-real-time, which
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are the early run (~4-h latency, ftp://jsimpson.pps.eosdis.nasa.gov/data/imerg/early/) and late
run (~12-h latency, ftp://jsimpson.pps.eosdis.nasa.gov/data/imerg/late/). After about 2.5 months,
the IMERG final run (ftp://arthurhou.pps.cosdis.nasa.gov/gpmdata) provides a research-level
product that is generated with more available satellite-based data and gauge data adjustment.

Since the research goal was to conduct near-real-time IMERG correction solely by the numerical
weather prediction (NWP) model, an NWP-based adjustment was applied to the IMERG Version 5B
Late run (~12-h latency) estimates (herein called raw IMERG-L). To compare the two adjustment
methods—NWP-based and gauge-based—we also included the IMERG Version 5B Final run
(~2.5-month latency) gauge-adjusted estimates (herein called gauge-adjusted IMERG-F) in the error
analyses discussed in this paper.

2.2.2. Numerical Weather Prediction

We extracted precipitation forecasts from NCAR’s experimental real-time ensemble prediction
system [34] (https://rda.ucar.edu/datasets/ds300.0/), which is a 10-member ensemble prediction
system that produces daily 48-h forecasts with 3-km horizontal grid spacing over the CONUS using
the Weather Research and Forecasting (WRF) model [35]. The ensemble data have been available
since April 2015. All ensemble members share the same physics and dynamics, which makes them all
equally likely to represent the “true” atmospheric state.

Schwartz et al. [34] evaluated the NCAR ensemble precipitation over the central and eastern
CONUS and showed that the ensemble generally produced reasonable amplitudes of precipitation
from the viewpoint of multi-month accumulation (7 April to 5 July 2015), while analyses of hourly
precipitation rates revealed over-prediction at higher rates (>5.0 mm/h) and under-prediction at lower
rates. While Schwartz et al. [34] evaluated precipitation over an area with relatively lower elevation
than the study domains in this research, Gowan et al. [36] found the NCAR ensemble performed
well at high-altitude sites in the western United States. These collective results indicate that the
NCAR ensemble precipitation was potentially suitable for conducting model-based correction on the
underestimation of the raw IMERG-L product for heavy precipitation events in the case study areas.

2.2.3. NCEP Stage IV Product

For the reference precipitation data, we used the NCEP Stage IV precipitation dataset [23]
(https:/ /data.eol.ucar.edu/dataset/21.093), which is a multi-sensor (radar and gauge) product
available over CONUS at approximately 4.7-km horizontal grid spacing. The final product is mosaicked
by observations from twelve National Weather Service (NWS) River Forecast Centers (RFCs). Stage IV
data are available in hourly, six-hourly and 24-hourly temporal resolutions. The six-hourly and
24-hourly products cover the entire CONUS, while the hourly product is not available in some of
the western coastal states, where four of the coastal case study regions are located. Moreover, the
hourly Stage IV product does not always include manual quality control from every RFC [37], but the
six-hourly product does. Therefore, this study used the six-hourly product to evaluate the various
precipitation estimates.

We note that Stage IV has less accuracy over the western mountainous states [37], where radar
coverage is relatively sparse [38], and the corresponding RFCs use a unique rainfall processing
algorithm named Mountain Mapper [39]. Nelson et al. [37] indicated underestimation in western
RFC’s analysis data, which is due to the application of the Mountain Mapper algorithm. To quantify
the underestimation, they showed bias ratios of Stage IV versus gauge data based on an 11-year period
(2002 to 2012). The three western RFCs—Northwest, California-Nevada and Colorado basin—have
seasonal bias ratios in the range of 0.78 to 0.82, 0.68 to 1.18 and 0.78 to 0.87, respectively. Consequently,
the results of this paper may be affected by the Stage IV accuracy in western regions. Nevertheless,
Stage IV is still used as reference data in this study because it is widely considered as the best gridded
precipitation dataset over the CONUS.
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3. Methodology

3.1. Event Selection

The precipitation events we selected occurred between May 2015 and December 2016 (a 20-month
period). Since our research focused solely on flood-inducing storms, we first collected precipitation-
caused flood reports from the NOAA Storm Events Database [40] for that period for each study region.
We then identified precipitation events associated with these flood reports and eliminated coastal flood
reports from the study because, precipitation aside, coastal flooding usually depends greatly on storm
surge. We found a total of 523 precipitation-induced flood and flash flood reports for the seven study
regions and study period, associated with 81 heavy precipitation events. The event lengths vary from
24 to 120 h. Although the NCAR ensemble provides daily 48-h forecasts, we only use the first 24-h
forecasts for each event. In other words, events longer than 24 h employ the forecasts from two or
more different model runs.

3.2. IMERG Adjustment

Before applying the model-based adjustment to raw IMERG-L, the hourly NCAR ensemble
precipitation forecasts were summed to produce 6-hourly accumulations and upscaled from the
original (3-km) grid to the 0.1° IMERG grid. We performed the remapping procedure by assigning
model grid centers to each IMERG grid box. The average value of the NCAR model grid cells
collocated with a particular IMERG grid box represented the remapped model value on the IMERG
grid. We temporally aggregated the model and IMERG values at 6-hourly precipitation rates for
consistency with the Stage IV temporal resolution.

We adjusted raw IMERG-L precipitation values by matching the raw IMERG-L precipitation quantiles
with the model quantiles using a power-law function. Specifically, we computed precipitation quantile
values from all non-zero, 6-hourly precipitation rates of each dataset. To simplify the calculation, we used
only 5%, 10%, 15%, ..., 95% quantile values in the data fitting equation shown below,

Y =ax Xt (1)

where X and Y represent the precipitation quantile values of raw IMERG-L and the model, respectively.
We estimated the parameters a and b by the least squares method. The adjustment was done at the
event scale, meaning a and b varied for each precipitation event. The quantile-quantile plot between
raw IMERG-L and the mean of NCAR ensemble model products (Figure 3a) shows that the raw
IMERG-L product has lower quantiles than the NCAR model in all study regions except Western
Oregon. Further error analysis in Section 4.1 will show that the raw IMERG-L product underestimates
over Western Oregon in terms of occurrence comparison at different precipitation thresholds, which is
due to the fact that the NCAR model estimates precipitation more frequently than the satellite product.
Figure 3b is a scatter plot of the values of parameters a and b for events in all regions. The parameter
values from events occurring in the same region tend to be grouped together. Moreover, events in
inland regions tend to have lower a values and higher b values, while events in coastal regions tend to
have higher a values and lower b values. This indicates that the model-based adjustment performs
differently for coastal and inland regions.

After data fitting, we applied the a and b values back to all raw IMERG-L precipitation rates by
Equation 1 again to produce model-adjusted IMERG-L data. The adjustment can change the precipitation
magnitude of the raw IMERG-L data, but cannot change the spatial pattern. Note that model precipitation
is a 10-member ensemble dataset. Each member was used in the adjustment separately. Eventually, a new
product was generated: model-adjusted IMERG-L ensemble precipitation.
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Figure 3. (a) Quantile-quantile plot of the raw IMERG-L (Late run) product vs. the NCAR model
product; (b) scatter plot of the values of parameters a and b for events in all regions.

3.3. Data Evaluation

We evaluated precipitation estimates for each event at 0.1° horizontal grid spacing, meaning we
remapped Stage IV reference precipitation onto the IMERG grid by the same procedure we used for
model remapping. We compared four estimators (model ensemble, raw IMERG-L, gauge-adjusted
IMERG-F and model-adjusted IMERG-L ensemble precipitation) against the Stage IV reference
precipitation at 6-hourly/0.1° grid spacing. The results shown below are based on median values of
the model ensemble and the model-adjusted IMERG-L ensemble.

We quantitatively analyzed the 6-hourly precipitation rates using the Bias Ratio of frequency (BS),
Heidke Skill Score (HSS) [41] and Critical Success Index (CSI). These error metrics are derived from
the 2 x 2 contingency table representing the following four occurrence conditions:

A is counted when estimator > threshold and Stage IV > threshold (hits);

B is counted when estimator > threshold and Stage IV < threshold (false alarms);

C is counted when estimator < threshold and Stage IV > threshold (misses);

D is counted when estimator < threshold and Stage IV < threshold (correct rejections).

Each score is calculated at three thresholds. Threshold values varied for each region, depending
on local precipitation intensity. The equation for BS is:

_A+B

BS=""'"
S A+C’

@
which shows an estimator’s bias for an entire study domain and a whole event, meaning BS is affected
by the overall estimation, but not the exact location and timing of rainfall. It has a perfect value of 1,
with below or above 1 representing under- or over-estimation, respectively.

The following equations are used to estimate the HSS:

A+D
PC= s cip (3a)
o (A+BIA+O)+(B+D)(C+D) ab)
(A+B+C+D)
HSSzPC*F: 2(AxD—-BxC) (30)

1-F  (A+C)(C+D)+(A+B)(B+D)

PC is the percentage of correct estimates, and F is the fraction of correct estimates expected by chance.
Finally, HSS is defined as the percentage of correct estimates that has been adjusted by the number

275



Remote Sens. 2018, 10, 642

expected to be correct by chance. Spatial mismatches in rainfall patterns would affect HSS performance

and result in lower values. HSS values range from —co to 1, with 1 indicating a perfect set of estimation

and negative values indicating that the given estimation has fewer hits (H) than a random estimation.
Finally, the CSI score is defined as:

A

CSI= 2755 ¢

@
CSI measures the fraction of precipitation rates that were correctly estimated. It examines the accuracy
of the estimator without considering the correct rejections (D). CSl is sensitive to hits and penalized
for misses and false alarms, so it is a function of Probability Of Detection (POD) and False Alarm
Ratio (FAR). Unlike HSS, CSI is not affected by spatial mismatches in the rainfall patterns of different
products, which means it can provide an evaluation for overall precipitation occurrences. The range of
CSl values is from 0 to 1, with 1 as the perfect value.

To examine the performance of model-based IMERG adjustment in different topographic and
climatic conditions, we classified the study regions into two groups: Pacific coastal regions and inland
regions. Then, we analyzed the domain average event total precipitation estimation performance by
the Pearson correlation coefficient (CORR) and normalized root-mean-square-error (NRMSE),

2
Lo (B - AR B) — (Si— 3 T 1)
1yn Si

n ~i=1

NRMSE = \/ . ®)
where 1 is number of events in each group and E and S are precipitation of the estimator and Stage IV,
respectively. NRMSE measures the random component of error after removing the bias. CORR reveals
the similarity of each estimator to Stage IV data.

4. Results and Discussion

4.1. Comparisons of Precipitation Rates

The seven study regions are discussed individually in this section. Figure 4 shows the error
statistics of the six-hourly precipitation rate in the Western Washington region. The BS, HSS and CSI
scores of all ten precipitation events occurring in this region are shown in boxplots, with three different
rain rate thresholds for all estimators.
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Figure 4. Error statistics of precipitation rate in Western Washington Region. (a) Bias Ratio of frequency (BS),
(b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).
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As the BS plot shows (Figure 4a), the raw IMERG-L product tended to underestimate the
number of occurrences at all three precipitation thresholds, while the model data tended toward slight
overestimation. The gauge-based adjustment did not improve IMERG performance; in fact, it enhanced
the underestimation. In contrast, the model-adjusted IMERG-L product showed considerable
improvement, with BS values much closer to one for all precipitation thresholds.

HSS values (Figure 4b) showed that model forecasts exhibited higher scores than the IMERG
estimates for all thresholds, and the raw IMERG-L score was relatively low. The performances of
the gauge-adjusted IMERG-F and model-adjusted IMERG-L products were similar to that of the raw
IMERG-L. This result indicated that neither IMERG adjustment could reduce the random component
of the error.

The CSI values (Figure 4c) for all estimators decreased as the rainfall threshold increased.
Although the CSI values of the raw IMERG-L and gauge-adjusted IMERG-F products were relatively
low, the model-adjusted IMERG-L product produced higher values, indicating that the model-based
adjustment effectively increased the percentage of correct estimates. Overall, the model-adjusted
IMERG-L performed better than all three IMERG-related products, although the NCAR model forecast
provided an even better estimation.

Figure 5 shows the results of the analysis of 16 heavy precipitation events in the Western Oregon
region. The raw IMERG-L exhibited underestimation (Figure 5a). While the model-based adjustment
effectively moderated the negative biases, the gauge-based adjustment had no impact on the raw
IMERG-L product. In fact, the gauge-adjusted IMERG-F showed no improvement for any error
metric (BS, HSS or CSI). Meanwhile, the model forecast was consistently superior to the three IMERG
products at lower precipitation thresholds (2 and 4 mm/6 h) for all error metrics, while at the high
threshold (8 mm/6 h), the performance of the model-adjusted IMERG-L was comparable to that of the
model forecast.
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Figure 5. Error statistics of precipitation rate in Western Oregon Region. (a) Bias Ratio of frequency (BS),
(b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).

Results for the North and Central California region (Figure 6) were based on 17 heavy precipitation
events. BS values of the raw IMERG-L product continued to exhibit severe underestimation (Figure 6a).
Unlike in the Washington and Oregon regions, the gauge-based adjustment in this region did improve
the precipitation estimates. Meanwhile, the model-based adjustment performed even better, especially
at the 8 mm/6 h threshold, where the median BS value was very close to one. The advantage
of model-based adjustment could also be found in the HSS and CSI (Figure 6b,c). Overall, the
model-adjusted IMERG-L had not only higher HSS and CSI median values, but also narrower score
value ranges than the other two IMERG products. Still, although the model-adjusted IMERG-L proved
superior to the other IMERG products, the model forecast showed the overall best performance for all
error metrics in this region.
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Figure 6. Error statistics of precipitation rate in Northern and Central California Region. (a) Bias Ratio
of frequency (BS), (b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).

Southern California (Figure 7) is the last coastal study region discussed here. Given the relatively
dry climatic conditions of this area, only seven flood-inducing precipitation events were identified.
Similar to the above three coastal regions, the raw IMERG-L product was shown to be the least
accurate estimator, with apparent underestimations (Figure 7a), and the model forecast performed
the best for all error metrics. Nevertheless, unique to this region was the slightly better performance
of the gauge-based adjustment relative to that of the model-based adjustment for BS, HSS and CSI,
even though both adjustments appeared to be more accurate than the raw IMERG-L. Moreover, the
comparison of BS plots across all four coastal regions showed Southern California with the greatest
raw IMERG-L underestimation, and the two adjustment methods were unable to improve IMERG to a

reasonable level.
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Figure 7. Error statistics of precipitation rate in Southern California Region. (a) Bias Ratio of frequency
(BS), (b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).

With regards to inland areas, five flood-inducing precipitation events were included in the error
metrics for the Northern Idaho and Western Montana region (Figure 8). The raw IMERG-L product
exhibited underestimation, and the model forecast had BS values mostly around one (Figure 8a). At the
1 and 2 mm/6 h thresholds, the gauge-based adjustment shrank the BS range, but the median BS values
remained similar, indicating no improvement, while the model-adjusted IMERG-L product exhibited
substantial improvement. At the 4 mm/6 h threshold, the gauge-adjusted IMERG-F increased BS
values, but still had a wide value range, while model-adjusted IMERG-L exhibited underestimation,
but with a narrower value range. HSS and CSI plots (Figure 8b,c) showed similar error characteristics
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in the comparison among the four estimators. Basically, the two adjusted IMERG products performed
comparably to the model forecast at high thresholds and were less accurate at lower thresholds.
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Figure 8. Error statistics of precipitation rate in Northern Idaho and Western Montana Region. (a) Bias
Ratio of frequency (BS), (b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).

The Central Colorado region had nine precipitation events included in the analysis (Figure 9).
As in all the above regions, the raw IMERG-L showed severe underestimation for all rain rate thresholds
(Figure 9a). Gauge-based adjustment had very limited impact on the IMERG product; thus, the error
scores showed no substantial improvement. Comparison of the BS, HSS and CSI metrics indicated
that the model-adjusted IMERG-L product was superior to any of the other estimators, including the
model forecast. In fact, the model forecast in this region had a general trend of overestimation and
relatively low performance in terms of HSS and CSI values.
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Figure 9. Error statistics of precipitation rate in Central Colorado Region. (a) Bias Ratio of frequency (BS),
(b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).

Seventeen precipitation events were analyzed in the Southern Appalachians region (Figure 10),
with results similar to those for the Colorado region; the raw IMERG-L tended to underestimate for all
rain rate thresholds, and the model-adjusted product had the best HSS and CSI (Figure 10b,c). The BS
of the model forecast was comparable to that of the model-adjusted IMERG-L (Figure 10a). A possible
explanation for the disagreement between the HSS/CSI and BS scores is that the model successfully
predicted the domain average rainfall intensity, but with the wrong spatial patterns.
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Figure 10. Error statistics of precipitation rate in Southern Appalachians Regions. (a) Bias Ratio of
frequency (BS), (b) Heidke Skill Score (HSS) and (c) Critical Success Index (CSI).

Overall, for all study regions, the raw IMERG-L product exhibited the poorest performance of
rain rate estimation. Both model- and gauge-based adjustments reflected the effectiveness of IMERG
correction. Table 1 compares the two adjustments over coastal regions in terms of the number of events
that are improved, exhibit no change or worsened by the adjustments. The model-based adjustment
outperforms the gauge-based adjustment with BS and CSI, but not with HSS. Over inland regions
(Table 2), IMERG-L benefited more from model-based adjustment than from gauge-based adjustment
for all statistical scores. The best-performing product varied under different topographic and climatic
conditions. In coastal regions, the model forecast was superior to the two adjusted IMERG (IMERG-F
and model-adjusted IMERG-L) products, especially for lower rain rates, while the performance of
these products was better than or comparable to that of the model forecast over inland regions.

Table 1. The impact of model- and gauge-based adjustments on 6-hourly precipitation over coastal regions.

Coastal Regions (50 Events) Model-Based Adjustment Gauge-Based Adjustment

Percentage of Event (%) BS HSS CsI BS HSS CSI
Improved 64 52 60 62 58 50
Neutral 8 28 26 4 30 32
Worsened 28 20 14 34 12 18

Table 2. The impact of model- and gauge-based adjustments on 6-hourly precipitation over inland regions.

Inland Regions (31 Events) Model-Based Adjustment Gauge-Based Adjustment

Percentage of Event (%) BS HSS CsI BS HSS CSI
Improved 74 58 58 61 52 52
Neutral 3 35 32 10 32 29
Worsened 23 6 10 29 16 19

4.2. Comparisons of Event Total Precipitation

To illustrate the spatial rainfall distribution of each dataset, we show event total precipitation
maps for three events (Figure 11). First, the typical characteristics of each product in coastal
regions are shown by a 42-h event that occurred in Northern and Central California, beginning
on 15 October 2016, at 18:00 UTC (Figure 11, top row). Taking the Stage IV product as a reference,
the model forecast captured all major rain bands in this area with reasonable magnitude, which
supports the finding that the model had the best performance in rain rate error metrics over coastal
regions. Although the raw IMERG-L product had severe underestimation, it accurately captured the
northwestern rain band. Meanwhile, the rain band in the Sierra Nevada was not captured correctly.
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The model-based adjustment was effective in dealing with the underestimation of precipitation over the
northwestern corner, but it could not improve the estimation for Sierra Nevada because the adjustment
is sensitive only to magnitude correction. The gauge-adjusted IMERG-F product did not show enough
improvement, either.

The second event occurred in central Colorado on 7 May 2015, at 18:00 UTC, and lasted for three
days (Figure 11, middle row). The model prediction was fairly accurate with regard to the overall
rainfall magnitude, but the most intense precipitation was erroneously located at the northeastern
corner of the domain, while Stage IV showed intense rain over the southeastern part. In contrast,
although the raw IMERG-L product largely underestimated the rainfall magnitude, it captured the
correct location of the intense rain. After the model-based adjustment, the IMERG-L product achieved
the best estimation of the four estimators.

The model precipitation location issue arose in the Southern Appalachians, as well (Figure 11,
bottom row). This was a two-day event starting on 29 September 2016, at 00:00 UTC. As with the
Colorado event, the model predicted rainfall intensity well from the domain average perspective,
but with the wrong spatial distribution of precipitation. The raw IMERG-L product showed severe
underestimation again, but with correct spatial distribution of precipitation. The model-adjusted
IMERG-L product had the best performance, taking advantage of rainfall intensity from the model
and spatial distribution from the raw IMERG-L.

DI Frecipitation (mm)
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=
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o
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Figure 11. Event total precipitation maps for selected storms. Top panel: event in Northern and Central
California (start at 15 October 2016 18:00 UTC, 42-h length). Middle panel: event in Central Colorado
(start at 7 May 2015 18:00 UTC, 84-h length). Bottom panel: event in Southern Appalachians (start at
29 September 2016 00:00 UTC, 48-h length).

Statistics for the domain-average event-total precipitation validated the findings from the rain
maps (Table 3). We classified the mountainous heavy precipitation events into two groups: coastal
region (50 events) and inland region (31 events). Then, we calculated the CORR and NRMSE with
respect to reference Stage IV data. The raw IMERG-L product exhibited the lowest CORR and
the highest NRMSE for both the coastal and inland regions. The two IMERG adjustment methods
effectively improved the pure satellite product. Comparison between the two methods showed that
the model-based adjustment was always superior to the gauge-based adjustment, with the exception
of coastal region CORR, for which the performance was the same. Taking model forecast data into
account, the model performed better than the model-adjusted IMERG-L product for coastal region
events. For inland region events, however, the model-adjusted IMERG-L was more accurate than
the model itself. This may be due to the fact that the model tended to erroneously place intense
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precipitation over inland regions, while the raw IMERG-L product was more likely to have difficulty
capturing rain band structures over coastal regions, but generally showed correct spatial distributions
over inland regions.

Table 3. Statistics of domain average event total precipitation. CORR, Pearson correlation coefficient.

Coastal Regions (50 Events) Inland Regions (31 Events)
CORR NRMSE CORR NRMSE
Model 0.981 0.19 0.844 0.323
Raw IMERG-L 0.916 0.444 0.609 0.629
Gauge-adjusted IMERG-F 0.961 0.277 0.754 0.377
Model-adjusted IMERG-L 0.961 0.255 0.863 0.28

4.3. Discussion: Comparison to Previous Studies

The technique of model-based satellite adjustment was first introduced by Zhang et al. [29] and
demonstrated on five heavy precipitation events over the European Alps and Massif Central. The raw
CMORPH product largely underestimated high rain rates, while the WRF simulations provided
reasonable overall rainfall magnitudes. Results based on the limited storms from that study showed
that the technique efficiently reduced the underestimation of high rain rates, thus providing an
improved product.

After the successful first attempt in middle-latitude regions, a more comprehensive study
examined the technique in three tropical mountainous regions (Colombian Andes, Peruvian Andes and
Taiwan) from 81 storm cases [33]. The raw and gauge-adjusted CMORPH and GSMaP products were
involved. As expected, raw CMORPH and GSMaP exhibited severe underestimation in all regions,
and the bias was more significant at higher rain rates. Improvements of gauge-based adjustment were
shown to be limited, possibly due to the sparse gauge network incorporated in the satellite adjustment.
Meanwhile, WRF model-adjusted products outperformed either the gauge-based adjustments or the
WRF model itself. The adjustments for higher rain rates were more effective than low rain rates.

Aside from the above mid- and low-latitude applications, there were two studies focusing on
CONUS mountain ranges. One of them examined six extreme events induced by hurricane landfalls
in the Southern Appalachians [32]. Again, raw CMORPH underestimated all events. Improvements
were comparable between WRF model- and gauge-adjusted products. In order to evaluate the
impact of satellite adjustment on flood simulations, a hydrological model ran for 20 basins over
the study region and showed considerable improvements on the runoff outputs simulated by adjusted
CMORPH products.

Nikolopoulos et al. [31] focused on a single extreme rainfall event that occurred in September 2013,
in Colorado. Model forecasts produced by the Regional Atmospheric Modeling System and Integrated
Community Limited Area Modeling System (RAMS-ICLAMS) were utilized to adjust raw CMORPH,
TRMM 3B42RT and weather radar (Multi-Radar Multi-Sensor (MRMS)) estimates. The adjustments
were applied by two different procedures: (i) mean field bias and (ii) the adjustment technique herein.
Both procedures provided improvements to raw satellite and radar products, with the latter one
performing better in terms of random error and correlation.

These previous studies have focused on products during the TRMM era. In the GPM era, the new
IMERG products are expected to be extensively used in many applications. In addition, an important gap
in past studies was the use of NWP analysis (with the exception of [31]) vs. forecasts that is needed for
applications with near-real-time IMERG products. The current study used the NCAR real-time ensemble
forecasts for this purpose and demonstrated improvements based on a large number of flash flood
events over complex terrain areas in the CONUS. We are encouraged by the results that the model-based
adjustment technique can provide improvements to the state-of-the-art IMERG products, especially by
the fact that the model-adjusted product outperformed the gauge-adjusted one, which is consistent with
the findings of previous studies applied to CMORPH and GSMaP across global mountainous areas.
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Combining our studies so far, the technique of model-based satellite precipitation adjustment
has been examined over mountainous areas around the world with different terrain complexity
and climatic conditions. Results show that the model-adjusted products outperform, or at least
are comparable to, the gauge-adjusted products for all high-resolution satellite datasets examined.
Moreover, the model-based adjustment requires no gauge network and much less processing time.
The results are promising for future applications of model-based satellite precipitation adjustment
over mountainous areas, especially for areas lacking ground observations. To successfully apply
the technique, there are two prerequisites: (i) the raw satellite data capture the relative spatial and
temporal variabilities of precipitation (i.e., no significant surface contamination effects on satellite
precipitation detection); and (ii) the model provides relatively accurate precipitation outputs in terms
of overall magnitude (not necessarily location).

5. Conclusions

The primary objectives of this study were, first, to examine the feasibility of an ensemble model-
based IMERG adjustment technique and, second, to compare the performances of the model-adjusted
IMERG-L, a gauge-adjusted IMERG-F and the model itself. Major conclusions are summarized below.

The raw IMERG-L product consistently underestimated heavy precipitation in all study regions
over the CONUS, while the rainfall magnitudes exhibited in the NCAR real-time model forecast were
fairly accurate. From the perspective of spatial distribution, the raw IMERG-L product was more likely
to have difficulty capturing rain band structures over coastal regions, but generally showed correct
spatial distributions over inland regions. On the other hand, the model tended to erroneously place
intense precipitation over inland regions.

In general, the model-based adjustment could successfully increase the raw IMERG-L precipitation
magnitude without changing its spatial pattern and, ultimately, provided a more accurate product than
the raw product. While the IMERG-F product could benefit from gauge-based adjustment, as well,
the improvement from model-based adjustment was consistently more significant, except in the
Southern California region. Comparison between the model forecast and the model-adjusted IMERG-L
product showed that the former performed even better than the latter for coastal region events.
For inland events, however, the model-adjusted IMERG-L was more accurate than the model itself.

As described in the IMERG technical document [16], the final gauge-adjusted IMERG-F product
usually has a 2.5-month latency before it is publicly available. On the other hand, the model-adjusted
IMERG-L precipitation can be produced concurrently with the raw IMERG-L, as it requires no gauge
observations and is based on NWP model forecasts. Moreover, given that the model-adjusted IMERG-L
product performs consistently better than its gauge-adjusted counterpart, it is safe to conclude that
model-based adjustment is a feasible technique to improve the quality of the near-real-time IMERG-L
product for mountainous heavy precipitation events.

Since the precipitation events in this research were all flood-inducing storms, future studies can
focus on the hydrological processes of related flood events. The three IMERG products analyzed here
can be used to force a hydrological model and simulate runoff for corresponding basins to evaluate
error propagation.
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Abstract: Satellite-based precipitation products (SPPs) provide alternative precipitation estimates
that are especially useful for sparsely gauged and ungauged basins. However, high climate
variability and extreme topography pose a challenge. In such regions, rigorous validation is
necessary when using SPPs for hydrological applications. We evaluated the accuracy of three
recent SPPs over the upper catchment of the Red River Basin, which is a mountain gorge region
of southwest China that experiences a subtropical monsoon climate. The SPPs included the
Tropical Rainfall Measuring Mission (TRMM) 3B42 V7 product, the Climate Prediction Center
(CPC) Morphing Algorithm (CMORPH), the Bias-corrected product (CMORPH_CRT), and the
Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks
(PERSIANN) Climate Data Record (PERSIANN_CDR) products. SPPs were compared with gauge
rainfall from 1998 to 2010 at multiple temporal (daily, monthly) and spatial scales (grid, basin).
The TRMM 3B42 product showed the best consistency with gauge observations, followed by
CMORPH_CRT, and then PERSIANN_CDR. All three SPPs performed poorly when detecting the
frequency of non-rain and light rain events (<1 mm); furthermore, they tended to overestimate
moderate rainfall (1-25 mm) and underestimate heavy and hard rainfall (>25 mm). GR (Génie
Rural) hydrological models were used to evaluate the utility of the three SPPs for daily and monthly
streamflow simulation. Under Scenario I (gauge-calibrated parameters), CMORPH_CRT presented
the best consistency with observed daily (Nash-Sutcliffe efficiency coefficient, or NSE = 0.73) and
monthly (NSE = 0.82) streamflow. Under Scenario II (individual-calibrated parameters), SPP-driven
simulations yielded satisfactory performances (NSE >0.63 for daily, NSE >0.79 for monthly); among
them, TRMM 3B42 and CMORPH_CRT performed better than PERSTANN_CDR. SPP-forced
simulations underestimated high flow (18.1-28.0%) and overestimated low flow (18.9-49.4%). TRMM
3B42 and CMORPH_CRT show potential for use in hydrological applications over poorly gauged and
inaccessible transboundary river basins of Southwest China, particularly for monthly time intervals
suitable for water resource management.

Keywords: TRMM 3B42 V7; CMORPH_CRT; PERSIANN_CDR; GR models; hydrological simulation;
Red River Basin

1. Introduction

Precipitation is one of the most important water balance components of the global water cycle,
and has great variability across different spatial and temporal scales [1,2]. The accurate observation
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or estimation of precipitation has important theoretical and practical significance for flood warnings,
drought monitoring, and water resource management [3,4]. Gauge observations provide relatively
accurate point-based measurements of precipitation [5]; however, owing to significant precipitation
heterogeneity across a variety of spatiotemporal scales, rain gauge observations only represent
local conditions, and can result in potential errors when interpolated to larger scales, especially
in mountainous areas with complex terrain [6]. Moreover, the spatial distribution of rain gauges is
extremely uneven, with sparse gauges in remote areas, less developed regions, or areas with complex
terrain [7]. Therefore, in situ gauge data usually cannot meet the requirements of applications that
depend on high spatial-temporal resolution precipitation data (e.g., hydrological simulations [5]).

Satellite-based precipitation estimates have the advantage of adequate temporal resolution
and fine spatial resolution with wide coverage, enabling accurate precipitation estimates in
data-scarce or ungauged regions [5,8-10]. A number of satellite-based precipitation products
(SPPs) are currently available, including the Global Precipitation Climatology Project (GPCP) [11],
the Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks
(PERSIANN) [12], the Climate Prediction Center (CPC) morphing algorithm (CMORPH) [13],
the Tropical Rainfall Measuring Mission (TRMM) Multi-satellites Precipitation Analysis (TMPA) [14],
the Global Precipitation Measurement (GPM) [3], and the global gridded precipitation dataset
Multi-Source Weighted-Ensemble Precipitation (MSWEP) [15]. With wide coverage and high
spatial-temporal resolution (mostly finer than 0.25° x 0.25°at spatial and three-hour temporal scales),
SPPs have been extensively applied in many fields, including hydrological simulation [16-18], extreme
event analysis [19-21], and water resource management [22,23].

Since SPPs are based on an indirect approach that utilizes sensors, the results inevitably contain
uncertainties caused by measurement errors, sampling, retrieval algorithms, and bias correction
processes [17,24,25]. Furthermore, the error characteristics change depending on the climate region,
season, altitude, and other factors [10,26]. In general, quantitative statistical and hydrological
modelling evaluations are effective tools that are used to evaluate the precision of SPPs [4,17].
The former focuses on the comparison and evaluation of SPPs against gauge data or ground-based
radar estimates. By this principle, temporal characteristics and spatial distributions of SPPs are not
only investigated, but can also be quantitatively analyzed; however, the scale discrepancy problem
remains when using rain gauge data for validation. The latter evaluates SPPs based on their predictive
ability of streamflow rate in a hydrological modeling framework; precipitation products are evaluated
at the watershed scale with respect to a specific application [27].

Over the past decades, numerous studies have improved our understanding of SPP performance
at global and regional scales [8,28-31]. For example, TMPA products were validated in various parts of
the world [32-36], and those results showed that TMPA products perform reasonably well over most
regions. Following the successful TMPA, the Integrated Multisatellite Retrievals for GPM (IMERG),
which incorporates observations from several satellites, offers improvements over the TMPA in quality
and spatiotemporal resolution of precipitation data [3]. A range of studies comparing the TMPA and
GPM products for the United States [37], Brazil [38], Africa [39], Iran [40], India [41], Pakistan [42],
Malaysia [43], Singapore [44], and China [45] indicated that GPM is superior to TMPA products.
In China, evaluation and validation using hydrologic simulations have been explored over many
basins, including the Ganzi River basin [46], the upper Yangtze River and upper Yellow River basins
over the Tibetan Plateau [47], the Huaihe River basin of eastern China [18], the Beijiang and Dongjiang
River basins of southern China [5], the Luanhe River basin of northern China [4], the Tiaoxi watershed,
which is part of the southern catchment of Taihu Lake in southeastern China [48], the Lancang River
basin of southwest China [49], and the Huifa River basin of northeast China [50]. These studies all
highlighted the great potential of different SPPs in hydrologic simulations, although SPPs have variable
accuracy and distinct hydrological performance in different basins.

The Red River is an important transboundary river in Southeast Asia. Precipitation distribution is
significantly uneven across the basin due to the complex terrain and subtropical monsoon climate [51].

287



Remote Sens. 2018, 10, 1881

About 85% of the annual total precipitation falls during the summer season [52]. Consequently, the Red
River has an irregular flow regime. The high variability of river discharge in space and time leads to
substantial challenges related to flooding and water stress, particularly in the Red River delta, which is a
densely populated area of great importance to Vietnam for its agricultural productivity and economic
activity [35]. The upstream region in China has a mean annual flow of 48.3 billion m3, which contributes
37% of total flow of the Red River (131.4 billion m3) [53]. The transboundary water resource is virtual
for agriculture irrigation, hydropower, and ecosystem services. However, the rain gauge network has a
low density (around 300 km? per rain gauge in Yunnan province, China), spatially uneven distribution,
and is insufficient over mountainous areas. The scarcity and mismatch of the precipitation observations
from upstream and downstream countries make it imperative to use SPPs in hydrological modeling,
drought monitoring, and water resources management. Unfortunately, there is little work focusing on
the evaluation of SPPs and their hydrological applicability over the Red River Basin in China.

This study aimed to assess the performance of three latest SPPs over the upper catchment
of the Red River Basin for the time period 1998-2010. The SPPs included TRMM 3B42 V7,
CMORPH_CRT (CMORPH Bias-corrected product), and PERSTANN_CDR (PERSIANN Climate Data
Record). The main objectives were to: (1) statistically evaluate the quality of the three SPPs through
comparison with rain gauge observations; and (2) comprehensively explore and compare the capability
of these three SPPs in streamflow simulations using GR (Génie Rural) hydrological models at daily
and monthly scales. This study will improve our understanding of the reliability of the three latest
SPPs, and provide a reference for their applications in hydrological simulation and transboundary
water resource management in the Red River Basin.

2. Materials and Methods

2.1. Study Area

The Red River originates in a mountainous area of Yunnan Province, China; it flows 1200 km to the
southeast, and ends in the Gulf of Tonkin, in the South China Sea [54,55]. The Red River Basin drains an
area of 156,451 km?, of which 50.3% is in Vietnam, 48.8% is in China, and 0.9% is in Laos [52].The upper
catchment of the Red River Basin (URRB) refers to the catchment north of the China—Vietnam border
(Figure 1). The catchment covers an approximate area of 33,614 km?. The elevation of the catchment
ranges from 76 m to 3123 m above sea level, and decreases from the northwest to the southeast [51]. It is
characterized by a subtropical monsoon climate [52], with annual average temperatures of 14.8-23.8°C.
The annual average precipitation over the URRB from 1998 to 2010 was about 1044 mm, ranging from
772 mm to 1276 mm; approximately 85% of the annual precipitation is concentrated in the rainy season
(May to October) [52]. The climate confers the typical hydrologic regime characterized by large runoff
during the summer and low runoff during the winter [56]. The annual average discharge at Manhao
Station for the period 1998-2010 was 282 m®/s.

2.2. Datasets

Daily observed discharge data for the period 1998-2010 at the Manhao hydrological station
was obtained from the Hydrological Year Book and the Hydrological Bureau of Yunnan Province
(HBYP). Daily precipitation data from 25 rain gauges were provided by the Meteorological Agency of
Yunnan Province (MAYP) (Figure 1). It is noteworthy that these rain gauges are independent from
the Global Precipitation Climatology Centre (GPCC) gridded gauge-analysis precipitation dataset.
Daily meteorological observations at 21 stations for the same period were collected from the China
Meteorological Administration (CMA), including mean air temperature, mean relative humidity, mean
wind speed at 10-m height, and hours of bright sunshine. The quality of the above datasets has been
checked by the HBYP, MAYP, and CMA. We also performed routine quality assessment including
statistical tests, visual data plots, and histograms, to ensure that there were no missing or erroneous
records. The descriptive statistics of precipitation and discharge during 1998-2010 are provided in the
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supplementary material (Table S1 and Table S2). The daily potential evapotranspiration for each station
was estimated using the Penman—Monteith equation, as recommended by the Food and Agriculture
Organization of the United Nations (FAO) [57]. The FAO Penman—Monteith method is provided in
the supplementary material (S1). Areal average rainfall and potential evapotranspiration over the
catchment were produced by using the Thiessen polygon approach [58].
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Figure 1. Location of the upper catchment of the Red River Basin (URRB) and distribution of
meteorological and hydrological stations.

Three SPPs (TRMM 3B42 V7, CMORPH_CRT, and PERSIANN_CDR) were considered.
The TRMM 3B42 V7 product is one of the TMPA products, which were designed based on a wide
variety of satellite datasets and are supplied by the National Aeronautics and Space Administration
(NASA) [14]. This product provides precipitation at a spatial resolution of 0.25° and a three-hour
temporal resolution; it has quasi-global coverage of 50°N-50°S from 1998 to the present, combining
information from calibrated passive microwave (PMW) and infrared (IR) data. The 3B42 V7 product
was adjusted using monthly rain gauge precipitation data from the GPCC [59]. Here, the 3B42 V7
with a daily temporal resolution and a 0.25° spatial resolution from 1998 to 2010 was employed. Daily
precipitation was obtained by the accumulation of three-hour precipitation data.

NOAA'’s (National Oceanic and Atmospheric Administration) CPC CMORPH contains global
satellite-based precipitation generated by integrated PMW and IR data [13]. The latest CMORPH
V1.0 product includes a raw satellite-only precipitation product (CMORPH_RAW), CMORPH_CRT,
and a satellite-gauge blended product (CMORPH_BLD), covering 60°S-60°N and 180°W-180°E.
The CMORPH_CRT product is generated by adjusting the CMORPH_RAW product against the CPC
unified daily gauge analysis over land, and the pentad GPCP over ocean using the probability density
function (PDF) matching bias correction method [60]. Three combinations of spatial-temporal resolutions
are available: eight km and 30 min, 0.25° and 3 h, and 0.25° and daily. Here, the CMORPH_CRT product
with 0.25° and daily spatial-temporal resolution for the period 1998-2010 was used.

The original PERSIANN is one of the popular global precipitation estimations for estimating
historical precipitation from March 2000 to present; it was developed by combining PMW observations
and IR data. The latest PERSIANN_CDR product used the archive of the GridSat-B1 IR data [61] as
input to the trained PERSIANN model; then, the biases in the PERSIANN estimated precipitation
were adjusted using GPCP 2.5° monthly data version 2.2 [12,27]. Since no PMW is used in the
PERSIANN_CDR product, the PERSIANN model parameters were pretrained using National Centers
for Environmental Prediction (NCEP) stage-IV hourly precipitation data. Currently, this version of
PERSIANN_CDR provides daily precipitation estimates at a spatial resolution of 0.25° for quasi-global
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coverage (60°N-60°S) from 1983 to the present. In this study, a subset of data for the period 1998-2010
was employed.

2.3. Methods

2.3.1. Evaluation Indices

Comparisons between the three SPPs and rain gauge data were performed both on grid and basin
scales. For the grid scale, the SPPs precipitation at the grid boxes with rain gauge stations are extracted
and compared with the corresponding rain gauge precipitation. For the basin scale, spatially averaged
pixel values of the SPPs precipitation were compared with the areal-averaged precipitation from rain
gauge stations using the Thiessen polygon approach [58].

Several widely used statistical indices were adopted to quantify the performance of the three SPPs
against rain gauge observations, including Spearman’s Rank correlation coefficient (CC) [62], root mean
squared error (RMSE), mean absolute error (MAE), and relative bias (Bias). In addition, the probability
of detection (POD), frequency of hit (FOH), false alarm ratio (FAR), critical success index (CSI), and the
Heidke skill score (HSS) indices were calculated to evaluate the precipitation detection ability of the
three SPPs [63]. POD provides the fraction of precipitation events that the satellite products detect
amonyg all the actual precipitation events; FOH measures how often the satellite products detect rainfall
when there is actually rainfall; FAR measures the fraction of unreal events among all the events that the
satellite products detected; CSI represents the overall fraction of precipitation events correctly detected
by the satellite products; and HSS measures the accuracy of the estimates accounting for matches due
to random chance. Furthermore, CC, Bias, and the Nash-Sutcliffe efficiency coefficient (NSE) [64] were
employed to evaluate the performance of the hydrological model in streamflow simulations. NSE
describes the prediction skill of the simulated streamflow as compared to the observed. The formulas
to calculate the indices mentioned above are listed in Table 1.

Table 1. Indices used to evaluate the performance of satellite precipitation estimates. CC: correlation
coefficient, RMSE: root mean squared error, MAE: mean absolute error, Bias: relative bias, POD:
probability of detection, FOH: frequency of hit, FAR: false alarm ratio, CSI: critical success index, HSS:
Heidke skill score, NSE: Nash-Sutcliffe efficiency coefficient.

Statistical . . Perfect
Metric Unit Equation Range Value Reference
cc - CC = 1 — SELIX@-YO)P “1to1 1 [62]
n(n2—1)
_ L JELi=G)
RMSE mm RMSE = - 1( L ) 0 to oo 0 [16]
MAE mm MAE = ZizilS=Gil 0to oo 0 [16]
Bias % Bias = Z51SG) < 100% —0to oo 0 [16]
i=1 1
N
POD - POD = W”Nm 0to1 1 [63]
FOH - FOH = i~ Oto1l 1 [63]
1}\] 10
FAR - FAR = Oto1l 0 [63]
lﬁ]n 10
CSI - CSI = gronms Oto1l 1 [63]
HSS =
HSS - 2(N13 —Npo—NigNo1 ) Otol 1 [63]
(N|1+No1)(Nm+Nuu)+(N11+N|o)(2Nw+Noo)
_ L1 (Qoi—Qsi)
NSE - NSE =1 — &=l =i, —ootol 1 64
2 (Qu—0a) o [64]

Notation: 7, number of samples; S;, satellite precipitation; G;, gauged observation; X (i) = rank[S(i)]; Y(i) =
rank[G(i)]; Qsi, simulated streamflow; Q,;, observed streamflow; Q,, observed mean streamflow. Ny, Satellite is >
0 and gauge is > 0; Ny, Satellite is > 0 and gauge equals 0; Ny1, Satellite equals 0 and gauge is > 0; Nyo, Satellite
equals 0 and gauge equals 0.
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2.3.2. GR Hydrological Models

The GR hydrological models were developed by Irstea, which is a national applied research
institute of France; they are lumped rain-runoff models that can be applied at various time steps,
ranging from hourly to annual [65,66]. In this study, only the daily (GR4]) and monthly (GR2M) models
were employed.

(1) GR4J model

The GR4J model was originally developed and tested on 429 different catchments in France,
the United States of America (USA), Brazil, and the Céte d’Ivoire [67]. GR4] simulates runoff via two
functions. First, a production function accounts for precipitation (P) and potential evapotranspiration
(PET), and determines the effective precipitation that contributes to flow and supplies the production
reservoir. Second, a routing function calculates runoff at the catchment outlet. The quantity of water
feeding the routing part of the model comprises the percolation that is added to the remaining fraction
of water. This flow is divided into two components according to a fixed split: 90% is routed by a unit
hydrograph, UH1, and then a non-linear routing store, and the remaining 10% are routed by a single
unit hydrograph, UH2. The purpose of the unit hydrographs is to account for differences in runoff
delays between the two conceptual reservoirs. GR4]J requires the calibration of four free parameters
(Table 2). The median values and approximate 80% confidence intervals for the four parameters are
provided in Table 2, which were obtained using a large variety of catchments [68].

Table 2. Median values and approximate 80% confidence intervals of four model parameters.

Parameter Median Value 80% Confidence Interval
x1: maximum capacity of the production store (mm) 350 100-1200
x2: groundwater exchange coefficient (mm) 0 —5t03
x3: maximum capacity of the routing store (mm) 90 20-300
x4: time base of unit hydrograph UH1 (days) 1.7 1.1-29

(2) GR2M Model

The GR2M has two parameters and has been shown to have the best performance among several
similar models when using a benchmark test consisting of 410 basins around the world [69,70].
The production function of the GR2M model has strong similarities with the daily version, but uses
a simplified routing scheme [66]. This model is characterized by two functions: (1) a function of
production that revolves around a reservoir ground of a maximum capacity (x1), which is the first
parameter to be wedged (transferring a percolation of reservoir ground is ensured by the dependent
feature of the stock status ‘S’), and (2) a transfer function represented by a quadratic draining reservoir
with a capacity fixed at 60 mm. This reservoir is modified by an underground exchange, whose
coefficient (x2) is the second parameter to optimize [71].

(3) Hydrological Simulation Scenarios

In this study, both models were warmed up for one year (1998), and then split into calibration
(1999-2004) and validation (2005-2010) periods. Model calibration was achieved with the aid of
the default algorithm provided in the airGR package developed at Irstea [66]. Two parameterization
scenarios were conducted to evaluate the effect of precipitation uncertainty on runoff simulation results.
In Scenario I, model parameters were first calibrated using gauged rainfall data in the calibration
period, and then the model was rerun using gauged rainfall data and the three SPPs in both the
calibration and validation periods. Scenario I was mainly used to evaluate the streamflow simulation
utility of the different SPPs using gauge-calibrated parameters [72]. In Scenario II, model parameters
were recalibrated with individual satellite rainfall data during the calibration period; then, streamflow
was simulated for both the calibration and validation periods using the three individual satellite-based
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parameters. Scenario Il was adopted to determine whether the evaluated SPPs have the potential to be
alternative data sources for hydrological simulations in data-poor or ungauged basins [9,10]. Table 3
shows calibrated parameter values in the GR4] model for different precipitation data inputs.

Table 3. Calibrated parameter values in the GR4] model for different precipitation data inputs.

Parameter Rain Gauge = TRMM 3B42 CMORPH_CRT PERSIANN_CDR

x1 1200 1737 1667 1998
x2 0.77 0.35 0.92 1.09
x3 25 37 23 35

x4 2.25 2.45 3.12 3.42

3. Results
3.1. Comparison of Rain Gauge and Satellite-Based Precipitation Data

3.1.1. Evaluation at the Grid and Basin Scales

Figures 2 and 3 present scatterplots of daily and monthly precipitation, respectively, from TRMM
3B42, CMORPH_CRT, and PERSIANN_CDR against rain gauge data at the grid scale. Intuitively,
Figure 2 shows that the TRMM 3B42 product performed the best among the three SPPs for all metrics
at the daily scale. Throughout the year, TRMM 3B42 had a much larger CC, but a smaller RMSE, MAE,
and Bias than that of the other two products, with the CC = 0.62, RMSE = 7.7, MAE = 2.9, and Bias =
1.6%. Meanwhile, PERSIANN_CDR performed the worst, with the exception of the Bias (Bias = —5.4%),
for which it was marginally better than that of CMORPH_CRT (Bias = —8.0%). The performances of
the three products were also compared seasonally. According to the climate of the Red River Basin,
May to October was considered to be the wet season, and November to April was considered to be the
dry season [73]. For both the dry and wet seasons, TRMM 3B42 still showed a better performance than
the other two products. All three SPPs achieved better estimations during the wet season than during
the dry season.

On a monthly scale (Figure 3), the TRMM 3B42 product showed the best performance, regardless
of season. Moreover, all three SPPs performed better for the wet season than for the dry season. In terms
of Bias, TRMM 3B42, CMORPH_CRT, and PERSIANN_CDR products all showed underestimations
during the dry season; such an underestimation in SPPs during the dry season has been reported
in many studies [7,74,75]. In addition, the monthly results show much higher CC values with the
observations than do the daily comparisons. This is because errors in the daily values are offset to
some extent when added to the monthly values [4].

At the basin scale (Table 4), the daily and monthly CC values of the three SPPs improved, and the
MAEs significantly decreased, respectively. Meanwhile, except for TRMM 3B42, the Bias values also
showed a corresponding decreasing trend. From Table 4, the relative performances of the SPPs are
similar to those at the grid scale. A distinct exception is that the TRMM 3B42 showed the largest
overestimation in precipitation. Overall, all three SPPs had comparable and good performances for the
monthly precipitation estimations.
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Figure 2. Scatterplots of daily precipitation from TRMM 3B42, CMORPH_CRT, and PERSTANN_CDR
against ground observations at the grid scale: the three panels show the results from the whole
year (upper panel), dry season (mid panel), and wet season (lower panel). The red line indicates a

1:1 correspondence.
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Figure 3.  Scatterplots of monthly precipitation from TRMM 3B42, CMORPH_CRT, and

PERSIANN_CDR against ground observations at the grid scale: the three panels show the results from
the whole year (upper panel), dry season (mid panel), and wet season (lower panel). The red line
indicates a 1:1 correspondence.
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Table 4. Statistical indices between three satellite-based precipitation products (SPPs) and rain gauge
data at the basin scale.

. Daily Monthly
Basin Scale

cc RMSE MAE cc RMSE MAE Bias

TRMM 3B42 0.82 11.3 1.7 0.99 17.1 12.0 9.6%

Whole year CMORPH_CRT 0.75 23.4 2.3 0.98 14.2 10.2 —0.9%

PERSIANN_CDR 0.66 34.1 29 0.97 21.1 15.1 2.2%

TRMM 3B42 0.57 2.7 0.7 0.96 6.2 4.6 4.8%
Dry season CMORPH_CRT 0.49 47 0.8 0.90 10.3 7.0 —16.6%
PERSIANN_CDR 0.42 6.8 1.1 0.83 10.6 8.0 —6.2%

TRMM 3B42 0.81 19.8 2.7 0.96 234 19.3 10.4%

Wet season CMORPH_CRT 0.66 41.8 3.8 0.97 17.3 134 2.0%

PERSIANN_CDR 0.52 60.9 4.6 0.93 27.9 222 3.8%

3.1.2. Evaluation of Contingency

Figure 4 shows box plots of rainfall-detecting skill scores, including POD, FOH, FAR, CSI, and HSS,
which were used to measure the contingency of the three SPPs. Among the three SPPs, TRMM
3B42 performed the best, having the highest FOH, CSI, and HSS values, and the lowest FAR value;
PERSIANN_CDR performed the worst in terms of all five rainfall-detecting skill scores. These results
illustrate that TRMM 3B42 yields the highest frequency of successful hits when rainfall really occurs,
and the lowest erroneous detection rate when there is actually no rainfall. For the POD, TRMM 3B42
had a median value of 0.65, while that of CMORPH_CRT was 0.72; this implies that CMORPH_CRT is
more likely to detect a larger fraction of precipitation events among all of the actual precipitation events.
Note that the POD, FOH, FAR, CSI, and HSS of CMORPH_CRT tended to have slightly larger variations
than they did for the other two products, indicating the considerable data instability of CMORPH_CRT.
This instability can be partially attributed to the morphing processes in the CMORPH_RAW data,
which determines the precipitation values as a weighted mean of PMW estimates from multiple
sensors [74].
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Figure 4. Box plots of rainfall-detecting skill scores for 25 rain gauges. The upper and lower edges of
the large box mark the upper and lower quartiles (75% and 25%, respectively), the small box and the
solid line within mark the mean and median value, and the upper and lower horizontal lines out of the
large box mark the maximum and minimum, respectively.
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3.1.3. Evaluation of Rainfall Intensity Distribution

Figure 5 displays the occurrence frequency distribution of daily precipitation for different rain
intensity classes and their relative contributions to the amount of total rainfall. Non-rainy days have
the largest occurrence frequency, accounting for 58-67% of the total days. TRMM 3B42 identified
significantly more non-rainy days (67%) than did the gauged data (63%); this is because the TRMM data
have less skill in correctly specifying moderate and light rain rates on short time intervals [48,50,76]
identified less non-rainy days (58%), but more light rain (0-1 mm) days. PERSIANN_CDR identified a
similar number of no-rain events (64%) as the observation; however, it deviated the most for the light
rain event. In addition, all three SPPs overestimated the moderate rain intensity class (1-25 mm) and
underestimated heavy rainfall (25-50 mm) and hard rainfall events (>50 mm), with the exception of
the TRMM 3B42 product, which slightly overestimated the heavy rainfall event.
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Figure 5. Occurrence frequency distribution (bars) of daily precipitation for different rain intensity
classes and their relative contributions (lines) to total rainfall amount during 1998-2010.

For the distribution of relative contribution, PERSIANN_CDR showed the largest discrepancy,
while the other two SPPs were very similar to the gauged data. It was found that although the frequency
of light rainfall event was 4-15% of the total days, its contribution to the total rainfall amount was
only 1.3% on average. On the contrary, although high rainfall occurred on only a small percentage of
the total days, they had a significant contribution to the total rainfall amount. For example, the hard
rainfall event had a frequency of just about 0.5%, but its contribution to the total rainfall amount was
10.7% on average. For the rain intensity of 10-25 mm, there was a similarly small percentage (6.5%) of
total days for all four datasets, but this class contributed the most (35.2%) to the total rainfall amount.
The different volume contribution performances greatly impacted the hydrologic simulations, since
most of the hydrological processes within the models are sensitive to the total precipitation amount
and rainfall intensity distribution [18,77].
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3.2. Hydrologic Validation Using GR Models

3.2.1. Daily and Monthly Streamflow Simulations under Scenario I

Table 5 shows the model performance results simulated using different precipitation inputs with
gauge-calibrated parameters under Scenario I. Generally, the streamflow simulated by rain gauge data
agreed well with the observed hydrographs on both daily (NSE = 0.82, CC = 0.92, Bias = 0.6%) and
monthly scales (NSE = 0.87, CC = 0.96, Bias = 1.8%). The GR4] and GR2M models were found to be
robust and provided a sound basis for testing the applicability of the three SPPs.

Table 5. Comparison of daily and monthly observed and simulated streamflow under Scenario I.

Daily Monthly
Precipitation Product " X
NSE cc Bias (%) NSE cc Bias (%)
Rain gauge 0.82 0.92 0.6 0.87 0.96 1.8
TRMM 3B42 0.62 0.93 242 0.72 0.97 242
CMORPH_CRT 0.73 0.92 -75 0.82 0.96 -0.9
PERSIANN_CDR 0.53 0.88 -29 0.76 0.94 5.5

On a daily scale (Table 5 and Figure 6), CMORPH_CRT showed the best performance for
streamflow simulations over the entire period, with relatively desirable NSE (0.73) and CC (0.92), and
a high but acceptable Bias of —7.5%; PERSIANN_CDR had the lowest NSE (0.53) and CC (0.88), and
a Bias of —2.9%. The TRMM 3B42 had better NSE (0.62) and CC (0.93) than did PERSIANN_CDR;
however, a significant overestimation (24.2%) was found for the TRMM forced simulation. It is possible
that the Bias (9.6%) of the daily TRMM 3B42 precipitation was magnified by the hydrological model,
causing this large overestimation [17]. Moreover, all the three SPP-based streamflow simulations
underestimated some high peak flows (e.g., 2001 and 2007) of the rainy season. This phenomenon can
mainly be attributed to the precipitation estimate uncertainty of SPPs at the daily scale during heavy
and hard rainfall events [72].
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Figure 6. Simulated (red) and observed (black) daily streamflow under Scenario I from: (a) rain gauge
data; (b) TRMM 3B42; (¢) CMORPH_CRT; and (d) PERSIANN_CDR. Blue lines show precipitation data.
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Figure 7 illustrates flow duration curves (FDCs) for the four simulations on the daily scale from
1999 to 2010 under Scenario I. The rain gauge, CMORPH_CRT, and PERSIANN_CDR simulations were
all consistent with the observations. However, the FDC produced by the TRMM 3B42 simulation was
apparently higher than that of the observations, which is consistent with the large Bias (24.2%; Table 5).

6000 -
—— Observation

5000 - ——Rain gauge
2 4000 —— TRMM 3B42
S — CMORPH_CRT
% 3000 1 —— PERSIANN_CDR
o
22000 -
12}

1000 1

0

0 20 40 60 80 100
Flow Exceedance Percentile (%)

Figure 7. Daily discharge flow duration curves (FDCs) for observations, rain gauge simulation, TRMM
3B42 simulation, CMORPH_CRT simulation, and PERSIANN_CDR simulation under Scenario I.

The monthly streamflow simulations were generally found to be more accurate than the daily
simulations in terms of NSE and CC values (Table 5 and Figure 8). Similar to the daily results,
the CMORPH_CRT forced simulation had the best performance, with the highest NSE (0.82) and the
lowest Bias (—0.9%). PERSIANN_CDR performed the second best (NSE = 0.76, Bias = 5.5%), while
TRMM 3B42 performed the worst (NSE = 0.72, Bias = 24.2%) on the monthly scale. All the three
SPPs’ forced simulations had good agreements with the observed data, with CC values above 0.94.
As shown in Figure 8, the monthly streamflow hydrographs from the three SPPs reasonably well
matched the observed streamflow, predicting peak flow and low flow conditions perfectly. These
results indicated that all three SPPs are suitable for monthly streamflow simulation purposes in the
study area. In general, considering the results for the daily and monthly scales, the CMORPH_CRT
product is most suitable for streamflow simulations using gauge-calibrated parameters over the URRB.
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Figure 8. Simulated (red) and observed (black) monthly streamflow under Scenario I from: (a) rain gauge
data; (b) TRMM 3B42; (¢) CMORPH_CRT); and (d) PERSIANN_CDR. Blue bars show precipitation data.
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3.2.2. Daily and Monthly Streamflow Simulations under Scenario I

Table 6 shows the model performance results for the three SPPs when using their own
optimal parameters calibrated under Scenario II. The simulation results under Scenario II were
clearly improved when compared with those under Scenario I, which is consistent with former
studies [5,10,18,78]. For the daily scale (Table 6), the NSE values of streamflow simulated by the TRMM
3B42, CMORPH_CRT, and PERSIANN_CDR products increased to 0.76, 0.77, 0.63, and the CC kept its
high values of 0.92, 0.92, and 0.88, respectively. Furthermore, the Bias values were also significantly
reduced, except for the PERSIANN_CDR forced simulation. Even so, the underestimation problem for
peak flow (e.g., 2001 and 2007) remained after the recalibration (Figure 9). Figure 10 shows the FDCs
for the three SPP-driven simulations on a daily scale from 1999 to 2010 under Scenario II. The three
individual simulations all agreed well with the FDC produced by observations.

Table 6. Comparison of daily and monthly observed and simulated streamflow under Scenario II.

Daily Monthly
Precipitation Products
NSE cc Bias (%) NSE cc Bias (%)
TRMM 3B42 0.76 0.92 —0.8 0.86 0.97 0.8
CMORPH_CRT 0.77 0.92 3.1 0.83 0.96 3.6
PERSIANN_CDR 0.63 0.88 3.4 0.79 0.94 5.5
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Figure 9. Simulated (red) and observed (black) daily streamflow under Scenario II from: (a) TRMM
3B42; (b) CMORPH_CRT; and (c¢) PERSIANN_CDR. Blue lines show precipitation data.

For the monthly scale (Table 6 and Figure 11), the NSE values for the three SPP-forced simulations
also increased (0.86 for TRMM 3B42, 0.83 for CMORPH_CRT, and 0.79 for PERSIANN_CDR).
Furthermore, the high CC values (>0.94) also indicated the good agreements between the three
simulations and the observed data. However, only the TRMM 3B42 forced simulation saw a significant
reduction in terms of Bias (from 24.2% to 0.8%). Additionally, it was found that the TRMM 3B42
forced simulation had the greatest improvements in NSE and Bias values from Scenario I to Scenario II
for both the daily and monthly scales. Overall, the three SPP forced daily and monthly simulations
all exhibited good performance, matching well with observations in this study area. The better
agreement was achieved using TRMM 3B42 and CMORPH_CRT products, making them more suitable
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for performing hydrologic simulations with inadequate surface precipitation observations (e.g., in
ungauged catchments).
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Figure 10. Daily discharge flow duration curves (FDCs) for observations, TRMM 3B42 simulation,
CMORPH_CRT simulation, and PERSIANN_CDR simulation under Scenario II.
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Figure 11. Simulated (red) and observed (black) monthly streamflow under Scenario II from: (a) TRMM
3B42; (b) CMORPH_CRT; and (c) PERSIANN_CDR. Blue bars show precipitation data.

3.2.3. Capability of Simulating Extreme Events

To further investigate the capability of the three SPPs to simulate extreme events, we defined the
observed daily streamflow, exceeding its 90% quantile as high flow, and that less than its 50% quantile
as low flow [79]. The observed high-flow and low-flow data were compared with the corresponding
simulated flow with various precipitation inputs. In this section, the three simulations under Scenario
II, plus the rain gauge simulation under Scenario I, were evaluated. The model performance results
of high-flow and low-flow simulations were presented in Table 7. For the high-flow simulations,
the gauged-based simulation generally had the best performance with desirable NSE (0.50), CC
(0.67), and Bias (—11.6%) values. TRMM 3B42 and CMORPH_CRT products exhibited comparable
performance of similar NSE (0.31 and 0.36), CC (0.65 and 0.68), and Bias values (—19.1% and —18.1%),

299



Remote Sens. 2018, 10, 1881

whereas PERSIANN_CDR performed poorly with the NSE <0 and the largest underestimation
(28.0%). For the low-flow simulations, the model performances of the four precipitation inputs were
unacceptable, with the NSE values all below 0, indicating their poor value for low-flow simulation
in this region. Additionally, there was an underestimation of the four precipitation inputs for the
high-flow simulations, and an overestimation for the low-flow simulations, which is consistent with
many other studies [5,10,78]. This is largely due to the underestimation or overestimation of different
precipitation products during extreme rainfall events. As discussed, all three SPPs have poor modeling
capabilities for extreme hydrologic events over the URRB.

Table 7. Comparison of daily high-flow and low-flow simulations using four precipitation inputs
against observations.

High flow Low flow
Precipitation Product ; ;
NSE cc Bias (%) NSE cc Bias (%)
Rain gauge 0.50 0.67 —11.6 —0.06 0.79 159
TRMM 3B42 0.31 0.65 —19.1 —-0.17 0.79 189
CMORPH_CRT 0.36 0.68 —18.1 —0.91 0.77 35.3
PERSIANN_CDR —0.06 0.52 —28.0 -2.15 0.69 49.4

4. Discussion

SPPs have difficulty representing precipitation in mountainous regions, where precipitation is
controlled by the orography and characterized by high spatiotemporal variability [8,80]. PMW data
measured from low-orbit satellites and IR data from geostationary satellites are the main data sources
for SPPs [17,81]. Specifically, PMW provides direct and accurate precipitation estimates at the cost
of coarse temporal resolution, while IR provides useful information mainly about storm clouds
based on the low temperatures of the top of these clouds: these data has fine temporal resolutions,
but less accuracy [10,60]. In the mountainous regions, IR retrievals generally fail to capture light
precipitation events and underestimate orographic rains, whereas PMW retrievals face challenges
detecting orographic precipitation, especially in the cold season [82]. Therefore, all SPPs suffer from
systematical overestimations or underestimations over the URRB, which is explained by the negative
and positive values of Bias (Figure 2, Figure 3, and Table 4). In addition, SPPs perform better in the wet
season than in the dry season.

According to our results of accuracy analyses, PERSIANN_CDR performs unsatisfactorily
compared with the other two products (Figures 2 and 3), which is probably because PERSIANN_CDR is
mainly based on IR data, while TRMM 3B42 and CMORPH_CRT combine PMW and IR data. The main
difference between TRMM 3B42 and CMORPH_CRT is the gauge adjustment algorithm that is adopted.
To develop CMORPH, PDF matching against the CPC unified daily gauge analysis was used to adjust
the biases. Monthly GPCC rain gauge analyses and inverse-error variance weighting were used for
the TRMM to adjust the biases [60]. However, the accuracy of TRMM generally outperforms that of
CMORPH (Figures 2 and 3), which is probably due to the monthly gauge adjustment algorithm that is
used in TRMM being superior to the PDF matching adopted in CMOPRH over this region. A similar
finding was obtained in the previous studies over the Huaihe River basin in China [18]. At the basin
scale, as expected, the CC and MAE values for SPPs improved, and the relative performances of the SPPs
are similar to those at the grid scale (Table 4). Some distinct exceptions are that the TRMM 3B42 showed
the largest overestimation in precipitation, while the PERSTANN_CDR showed underestimation in
precipitation. This result indicated that the performance of these SPPs are not uniform with an
increasing spatial scale, as a consequence of topographical variations [83]. Mei et al. [84] also stated
that the size of catchments influences the satellite rainfall errors. Another possible reason is that there
may not be enough rain gauges in the area to provide accurate estimates of rainfall for comparisons
with satellite estimates at the basin scale.
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Two parameters scenarios were designed to evaluate the effect of precipitation uncertainty on
streamflow simulations. Under Scenario I (Table 5), CMORPH_CRT showed the best performance
among the SPPs, which is mostly due to the relatively low Bias in precipitation input. In contrast,
the TRMM 3B42-driven simulations overestimate the streamflow by 24.2% (Table 5), which is attributed
to the large overestimation in the TRMM 3B42 precipitation input. Another possible explanation is
that CMORPH_CRT used daily rain gauge analysis, and all of the bias correction algorithms were
conducted at the daily scale directly, while the other two products conducted bias correction with
rain gauge analysis at the monthly scale. Therefore, CMORPH_CRT performs better in streamflow
simulation using the gauge-calibrated parameters. Previous studies have reported that the errors of
SPPs are propagated into hydrological simulations [10,17,79]. An overestimation/underestimation
of precipitation estimates can be transformed into a larger overestimation/underestimation in the
simulated streamflow. In this study, the basin-scale Bias of TRMM 3B42 (9.6%), CMORPH_CRT (—0.9%),
and PERSIANN_CDR (2.2%) resulted in corresponding Bias values for streamflow simulations of 24.2%,
—7.5%, and —2.9% at the daily scale, and 24.2%, —0.9%, and 5.5% at the monthly scale, respectively.
This comparison between the input and output Bias values in GR models indicates that there is a
non-linear error propagation pattern [16].

Under Scenario II, a recalibrated hydrological model using the SPPs can greatly improve
streamflow simulation performance, as the different parameter settings can compensate for errors
in the satellite rainfall data (Table 6). However, a few studies have indicated that recalibration can
sometimes cause parameter values to exceed their reasonable ranges [16,79]. The calibrated model
parameters for rain gauge are all within the 80% confidence interval (Tables 2 and 3). However,
some model parameters (i.e., x1 and x4) for SPP-forced calibration greatly exceed the 80% confidence
interval, which may be attributed to the GR models being sensitive to the precipitation data and
the size of catchments. However, for a specific catchment, since the underlying surface condition
remains unchanged, the hydrological model parameters largely depend on the input data. If the
forcing data change, the sensitive parameters will change accordingly in order to match the streamflow
(Table 3). In spite of the influence of cancellation between parameter differences and precipitation
bias on streamflow simulation, the three SPPs are able to produce a reasonably good streamflow
under scenario II. For instance, TRMM 3B42-driven results presented a satisfactory model efficiency
(NSE = 0.86) and smaller Bias (0.8% relative to the observations) than that of the rain gauge data
at the monthly scale. However, the uncertainty in satellite-based precipitation data, together with
parameter uncertainty and the structural uncertainty of hydrologic models, will result in uncertainty
in streamflow predictions [85]. Therefore, a better understanding of parameter uncertainties and a
comparison of different hydrological models will be the focus of future research.

Many studies have explored the applicability of different SPPs using hydrological models
over basins of different scales. When the studied SPPs included TRMM 3B42, CMORPH_CRT,
and PERSIANN_CDR, similar results were obtained as this study: the streamflow simulations of
TRMM 3B42 and CMORPH_CRT performed better than that of PERSIANN_CDR. For example, Su
et al. [27] found that TRMM 3B42 and CMORPH_CRT products showed acceptable performance in
four SPPs, while PERSIANN_CDR showed little potential for streamflow simulations over the upper
Yellow River Basin in China. For the Xixian Basin (upstream of the Huai River Basin), streamflow
simulations using the Xinanjiang model found that TRMM 3B42 forced simulation fitted best with
the observed streamflow series among three post-real-time research products; this was followed by
the CMORPH_CRT-based simulation, and then the PERSIANN_CDR-based simulation [72]. Alazzy
et al. [46] also drew similar conclusions according to the results of hydrologic simulation, testing
four SPPs, including the three used in our study. According to Moriasi et al. [86], the models can
be considered satisfactory if the NSE >0.5 and the absolute Bias <25%. In this study, the daily NSE
and absolute Bias of PERSIANN_CDR were 0.53 and 2.9% under Scenario I, and 0.63 and 3.4% under
Scenario 11, indicating that the PERSIANN_CDR product also has the capability to produce acceptable
streamflow simulation results by using the GR hydrological model in the URRB.
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Inevitably, a few limitations were present in this study. First, compared to the dense rain gauge
networks of previous studies [10,18], the rain gauge stations in our study region are relatively sparse
and unevenly distributed, which may cause uncertainties in the rain gauge comparison and streamflow
simulations. Moreover, it is difficult to ensure that the observed streamflow data for the Manhao
station of the URRB is not affected by human activities and regional economic development, although
the results of the hydrologic simulation for the study basin were reliable. For instance, the human
consumption of water can lead to much lower observed discharge than actual natural discharge,
particularly during droughts.

5. Conclusions

This study provides a comprehensive assessment of the three latest SPPs (TRMM 3B42 V7,
CMORPH_CRT, and PERSIANN_CDR) based on rain gauge observations over the URRB for the
period 1998-2010. The primary conclusions can be summarized as follows.

(1) On the grid scale, TRMM 3B42 performs the best, while PERSTANN_CDR performs the worst.
Moreover, monthly SPP data have a much better correlation with gauge rainfall data than daily SPP
data. Similar results are obtained at the basin scale, but with a high Bias for TRMM 3B42 (9.6%) and a
much-improved Bias for CMORPH_CRT (—0.9%) and PERSIANN_CDR (2.2%).

(2) For the detection capability of precipitation events, TRMM 3B42 performs the best, while
PERSIANN_CDR exhibits the worst performance. By comparison, CMORPH_CRT shows relatively
better capability, but with larger fluctuation among different rain gauge stations.

(3) To different degrees, all three SPPs overestimate or underestimate no-rain (0 mm) and light
rainfall (0-1 mm) events. Additionally, there is an overestimation of moderate rainfall events (1-25 mm)
and an underestimation of heavy and hard rainfall events (>25 mm), indicating their poor ability
to reflect extreme precipitation. For the distribution of relative contribution, the PERSIANN_CDR
product deviates the most from gauge data.

(4) During hydrologic validation under Scenario I (gauge-calibrated parameters), the CMORPH_CRT
product had the best consistency with observed streamflow series at both daily (NSE = 0.73) and
monthly scales (NSE = 0.82), while TRMM 3B42 showed obvious overestimation (24.2%) for both
daily and monthly streamflow simulations. Under Scenario II (individual-calibrated parameters),
the performance of the recalibrated models significantly improved (NSE >0.63 for daily, NSE >0.79
for monthly); TRMM 3B42 and CMORPH_CRT performed better than PERSIANN_CDR. All three
SPP-forced simulations showed underestimation for high-flow (18.1%—28%) and overestimation for
low-flow (18.9-49.4%).

These findings clearly show the great potential for TRMM 3B42 and CMORPH_CRT products in
hydrological applications over poorly gauged and inaccessible transboundary river basins in Southwest
China, particularly for monthly time intervals, which are suitable for water resource management.
However, all three SPPs underestimate and overestimate the occurrence frequency of daily precipitation
for some rain intensity classes. Therefore, the local calibration of satellite-derived rainfall estimates
and the merging of satellite estimates with rain gauge observations could be employed to alleviate
these problems [87,88]. Future work will focus on the validation of higher-resolution SPPs (i.e., GPM),
error corrections, spatial downscaling techniques, and their application in distributed hydrological
modeling [9,89].
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