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Abstract: The Global Precipitation Mission (GPM) Core Observatory that was launched on
27 February 2014 ushered in a new era for estimating precipitation from satellites. Based on their
high spatial–temporal resolution and near global coverage, satellite-based precipitation products
have been applied in many research fields. The goal of this study was to quantitatively compare
two of the latest GPM-era satellite precipitation products (GPM IMERG and GSMap-Gauge Ver. 6)
with a network of 840 precipitation gauges over the Chinese mainland. Direct comparisons of
satellite-based precipitation products with rain gauge observations over a 20 month period from
April 2014 to November 2015 at 0.1◦ and daily/monthly resolutions showed the following results:
Both of the products were capable of capturing the overall spatial pattern of the 20 month mean daily
precipitation, which was characterized by a decreasing trend from the southeast to the northwest.
GPM IMERG overestimated precipitation by approximately 0.09 mm/day while GSMap-Gauge
Ver. 6 underestimated precipitation by −0.04 mm/day. The two satellite-based precipitation products
performed better over wet southern regions than over dry northern regions. They also showed better
performance in summer than in winter. In terms of mean error, root mean square error, correlation
coefficient, and probability of detection, GSMap-Gauge was better able to estimate precipitation and
had more stable quality results than GPM IMERG on both daily and monthly scales. GPM IMERG
was more sensitive to conditions of no rain or light rainfall and demonstrated good capability of
capturing the behavior of extreme precipitation events. Overall, the results revealed some limitations
of these two latest satellite-based precipitation products when used over the Chinese mainland,
helping to characterize some of the error features in these datasets for potential users.
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1. Introduction

Precipitation is a key determining factor for planetary water cycles, the energy cycle, and many
socioeconomic activities, and is also a primary input for hydrometeorological and climate models [1,2].
Therefore, accurate estimation of rainfall amounts at sufficient temporal and spatial resolutions is
crucial for a wide range of applications from global climate and hydrological modeling to local weather
and flood forecasting [3]. Obtaining reliable precipitation measurements is challenging because of
the heterogeneity of precipitation at different spatiotemporal scales. Generally, precipitation datasets
obtained from ground-based rain gauge observations have served as the main source of precipitation
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data for various hydrological, hydrometeorological, and climatological applications because the gauges
directly measure precipitation. However, ground-based measurement networks (rain gauges) tend to
be distributed unevenly or are sparse, and may be unable to capture the spatial and temporal variability
of precipitation systems, especially over remote/rural areas where these measurement networks are,
in some cases, nonexistent. This lack of spatial coverage constitutes a significant challenge for
applications of gauge-based rainfall estimates at regional and global scales [4–6].

Currently, the only practical means for acquiring spatially continuous precipitation estimates on a
global basis is through Earth observation satellites [7,8]. Satellite systems that provide precipitation
observations can be broadly categorized into geostationary (GEO) satellites equipped with visible
and thermal infrared (Vis/IR) sensors, and low earth orbiting (LEO) satellites equipped with passive
microwave (PMW) instruments. Vis/IR sensors with high sampling frequency (every 15 min) can
capture the movement of clouds and weather systems perfectly, but the accuracy of Vis/IR-based
estimates is generally poor because they do not have a direct relationship with rainfall rate [9].
On the other hand, PMW sensors with low temporal sampling rates are better able to infer precipitation
because their radiative signatures are more directly linked to precipitation particles [10]. Therefore,
the combination of GEO Vis/IR and LEO PMW sensors to retrieve high-quality and high-resolution
global precipitation products has been widely recognized and applied [7].

Since the launch of the Tropical Rainfall Measuring Mission (TRMM) in late 1997, the rapid
development of precipitation datasets based on PMW, calibrated Vis/IR, and PMW plus Vis/IR
observations has resulted in a tremendous amount of quasi-global information for research and
applications. To date, a number of satellite precipitation products with various temporal and spatial
resolutions have been released to the public. These include the TRMM Multi-satellite Precipitation
Analysis product (TMPA) [11], Climate Prediction Center (CPC) morphing technique product
(CMORPH) [12], Precipitation Estimation from Remote Sensed Information Using Artificial Neural
Networks (PERSIANN) [13], the PERSIANN Cloud Classification System (PERSIANN-CCS) [14],
the Naval Research Laboratory (NRL) blended statistical precipitation technique (NRL-Blended) [15],
and the Global Satellite Mapping of Precipitation product (GSMap) [16]. These products fall mainly
into two categories. The first, such as the NRL-Blended product, depends on PMW to calibrate
Vis/IR observations. The second category relies on advection or morphing products, such as TMPA,
CMORPH, and GSMap.

Based on the heritage of the TRMM, the Global Precipitation Mission (GPM) ushers in a new
era for satellite precipitation estimates. GPM is made up of an international network of satellites
that provides the newest generation of global rain and snow products at a spatial resolution
of 0.1◦ × 0.1◦ and a half-hourly temporal resolution, As the successor to TRMM, the GPM Core
Observation network was launched on 27 February 2014 by the U.S. National Aeronautics and
Space Administration (NASA) and the Japanese Aerospace Exploration Agency (JAXA). The GPM
network consists of the Core Observatory and has had approximately 10 partner satellites during its
operational period. The composition of the network changes as partner satellites are launched or fail.
The GPM Core Observatory carries a Dual Frequency Precipitation Radar (DPR) and a multi-channel
GPM Microwave Imager (GMI) with a frequency range of 10 to 183 GHz, both of which improve
precipitation measuring capabilities compared to previous TRMM instruments [8].

As an extension of and also an upgrade to the highly successful TRMM mission, GPM was
configured to provide products at four different levels based on various algorithms. One of the
precipitation products assessed in this study is the Day 1 multi-satellite precipitation product provided
by the Integrated Multi-satellite Retrievals for the GPM (IMERG) algorithm, which is intended to
calibrate, merge, and interpolate all microwave estimates from the GPM network, including Vis/IR
estimates, gauge observations, and other potential sensor data at a 0.1◦ × 0.1◦ spatial resolution and
a 30 min temporal resolution [17]. As the Japanese counterpart of GPM IMERG, the latest versions
of the GSMap-MVK and GSMap-Gauge (version 6, Earth Observation Research Center, Tsukuba,
Japan) products were developed for the GPM mission with a spatial resolution of 0.1◦ × 0.1◦ and
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hourly temporal resolution by adding passive microwave radiometer data from GPM Core GMI to
the newly developed algorithm. These products are regarded as the latest advanced High-Resolution
Precipitation Products (HRPP).

The promising uses of these HRPPs are ranged widely from near real-time natural hazards
monitoring (e.g., flooding, landslide, and drought), to climate research and hydrology-related fields.
Additionally, for most developing countries, such as China, with insufficient spatial coverage of in-situ
data, long time delays for data processing and availability, and the absence of data sharing across
disciplines, the application of satellite-derived precipitation data has shown significant advantages.
However, the sources of inherent error associated with these products, which stem from indirect
physical estimates of rainfall, have not been well understood to date, especially for the latest HRPP
grid data, and would have a significant influence on their application [18]. Therefore, it is essential
to evaluate their accuracy and error characteristics by comparing them against observations from
precipitation gauges before various applications are utilized. With the support of the International
Precipitation Working Group (IPWG) program, a number of evaluation and validation studies have
been carried out at a variety of temporal and spatial scales in different parts of the world [19].
All of these studies suggest that different types of satellite-based precipitation products have variable
accuracy in different regions. To the best of our knowledge, there has been little detailed exploration of
the error characteristics and performance of the latest GPM-era satellite-based HRPP for capturing
extreme precipitation events over the Chinese mainland.

Therefore, the aims of this study are to (1) identify the strengths/weaknesses and error
characteristics of the two latest GPM-era HRPPs (i.e., GPM IMERG and GSMap-Gauge Ver. 6)
over the Chinese mainland; and (2) evaluate the performance of these new products in detecting
the characteristics of extreme precipitation events throughout the Chinese mainland. Our study is
one of the first that attempts to evaluate these new GPM-era products, and we expect that it will
provide basic accuracy information about the latest satellite precipitation products over the Chinese
mainland for users who attempt to use them in their research, and that it will prove useful for
subsequent investigations.

2. Dataset

2.1. Ground Reference Data

A total of 840 daily precipitation gauges over a 20 month period, from April 2014 through
November 2015, were used in this study (Figure 1). These rain gauges are maintained by the
China Meteorological Administration (CMA) and were selected from around 2400 stations based
on the following rules: first, that no missing data could exist during the 20 month study period
because missing data may influence the accuracy when validating the detection capability for
extreme precipitation events; second, to use the independent Global Precipitation Climatology Centre
(GPCC) network stations as much as possible because according to the CMA, approximately 200 of
the 2400 gauges may also be used in the development of the GPCC product that is used for calibrating
monthly GPM IMERG values. Some Global Telecommunications System (GTS) gauges are also among
these 2400 gauges and may be used for the NOAA Climate Prediction Center (CPC) analysis and to
calibrate the daily GSMap-Gauge product [20].

In addition to the observation gauge network, we acquired the China Gauge-Based Daily
Precipitation Analysis (CGDPA) product developed by the National Meteorological Information
Center, which is updated in real time at 0.25◦ resolution from the China Meteorological Data Sharing
Service System (http://cdc.nmic.cn) [21]. This spatially interpolated gridded data may introduce
some artificiality and make it difficult to verify the “validity” of the gridded data values in regions
or periods with none or sparse rain gauges [22,23]. However, the CGDPA data were used only as a
benchmark for the spatial comparison of daily mean precipitation values with satellite products.

http://cdc.nmic.cn
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Figure 1. Distribution of rain gauge stations over the Chinese mainland used in this study.

2.2. GPM-Era Satellite-Based Precipitation Datasets

The GPM mission has been providing level-3 IMERG final run (research) products at 0.1◦ and
half-hourly resolutions since 12 March 2014 (ftp://jsimpson.pps.eosdis.nasa.gov). IMERG is the Day-1
U.S. multi-satellite algorithm for GPM, which is based on components from three prior multi-satellite
algorithms from NASA (TMPA), NOAA (CPC Morphing–Kalman Filter; CMORPH-KF), and the
University of California Irvine (PERSIANN-CCS) [24]. In brief, the precipitation estimates that are
used as inputs are computed from the various satellite passive microwave sensors and calibrated to the
GPM Combined Instrument product (because it is presumed to be the best GPM estimate snapshot),
then they are “morphed” and combined with microwave precipitation-calibrated GEO-Vis/IR fields,
and finally adjusted using monthly surface precipitation gauge analysis data (where available) to
provide final products over a domain of 60◦ N to 60◦ S. With respect to incorporating the precipitation
gauge analysis, IMERG uses the GPCC Monitoring Product (version 4). For the final run, the ratios
of the monthly accumulation values from the uncalibrated multi-satellite data and the monthly
satellite-gauge field are computed, then each half-hourly field of uncalibrated precipitation estimates
in a month is multiplied by the ratio value to generate the final calibrated IMERG precipitation
estimates. In contrast to other satellites, for example TRMM, that are not good at measuring light
rainfall and snowfall, GPM IMERG uses different sensors (such as GMI, TMI, SSMIS, AMSR2,
and MHS) from different satellites to detect both light and heavy rainfall and snowfall [25].

The GSMap algorithm combines precipitation retrievals from TRMM and other polar satellites
and interpolates them using cloud-moving vectors derived from Vis/IR images of GEO satellites
to produce high resolution (0.1◦, 1 hourly) global precipitation estimates over the domain of 60◦ N
to 60◦ S [16,26,27]. Aside from the conventional satellite stream input, the Japan Meteorological
Agency (JMA) Global Analysis (GANAL) data (1.25◦, 6 hourly) and JMA Merged Satellite and in-situ
Global Daily Sea Surface Temperatures (MGDSST; 1◦, daily) are also used in GSMap’s PWM algorithm.
First, Kubota et al. [16] developed a simplified, near real-time version of GSMap (GSMap-NRT),
which uses fewer PMW input streams and a forward-only cloud advection scheme. To further reduce
the total number of retrieval errors, Ushio et al. (2009) employed a new Kalman filter approach
to assimilate and refine the Vis/IR-based rainfall rates and thus generated an improved version
[GSMap moving vector with Kalman filter (GSMap-MVK)] for nearly all available satellite-borne
precipitation-related sensors [28]. Another important difference between these two GSMap products

ftp://jsimpson.pps.eosdis.nasa.gov
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is that GSMap-MVK contains a two-way morphing technique (both forwards and backwards) to
propagate the area affected by rainfall using microwave radiometry. Another version of GSMap is
the GSMap-Gauge dataset, which integrates the NOAA/CPC gauge-based analysis of global daily
precipitation with the GSMap-MVK to create a satellite–gauge combination [29]. Once the GPM
mission was launched, a new algorithm was developed by the GSMap project (GPM-GSMap Ver. 6),
which includes GPM-Core GMI and contains the newest GPM era GSMap data (Ver. 6, https://www.
gportal.jaxa.jp) from March 2014.

The two latest satellite-based precipitation products used in this study are listed in Table 1.
They are ready-made, high-level products provided by corresponding organizations. It should be
noted that we did not consider the influence of changes to the GPM network that we mentioned above
on the consistent quality of these satellite-based precipitation products because of lack of information
on satellite transitions. The data from April 2014 to November 2015 were chosen for this study.

Table 1. Brief summary of the two latest satellite-based precipitation products used in this study.

Name Temporal
Resolution

Spatial
Resolution Region Period Corrected by Gauges

GPM IMERG 0.5 h 0.1◦ 60◦ N–S from Mar. 2014 Yes (GPCC monthly)
GSMap-Gauge (ver. 6) 1 h 0.1◦ 60◦ N–S from Mar. 2014 Yes (CPC daily)

In addition, the satellite product grids that cover the locations of the precipitation gauge stations
were used for calculation and comparison. In cases in which the grid covered only one station,
the comparison between them was carried out directly. However, in cases in which the grid covered
more than one station or the station was located in the middle of two grids, the multi-station or
two-grid average was used as the basis for comparison.

3. Methodology

3.1. Statistical Assessment Metrics

In this study, we selected several widely used statistical metrics [30] (Table 2) to quantitatively
evaluate the performance of different satellite-based precipitation products. The correlation coefficient
(CC) was used to evaluate the degree of agreement between satellite-based precipitation measurements
and gauge observations. A CC value close to +1 indicates a perfect positive fit. We chose an additional
three metrics to indicate the error and bias between precipitation estimates and observation gauges,
including the mean error (ME), relative bias (RB), and root mean square error (RMSE). The ME
describes the average magnitude of the error, and the RB represents the systematic bias between the
two fields. The RMSE measures the average error magnitude.

Table 2. List of the statistical metrics used in the statistical evaluation.

Statistic Metric Equation Perfect Value

Correlation Coefficient (CC) CC =
1
N ∑N

n=1( fn− f )(rn−r)
σf σn

1

Mean Error (ME) ME = 1
N ∑N

n=1 ( fn − rn)
0

Relative Bias (RB) RB =
1
N ∑N

n=1( fn−rn)

∑N
n=1 rn

× 1
0

Root Mean Square Error (RMSE) RMSE =
√

1
N ∑N

n=1 ( fn − rn)
2 0

Notes: Variables: n, number of samples; fn, a test field of f representing a satellite precipitation estimate;
rn, a reference field r that stands for precipitation gauge values.

https://www.gportal.jaxa.jp
https://www.gportal.jaxa.jp
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3.2. Categorical Verification Metrics

Two categorical statistical indices were calculated based on a contingency table (Table 3) to
evaluate the precipitation detection capabilities of three HRPPs relative to the reference observation
dataset. We chose 1 mm/day to be the threshold between rainfall and no rainfall to calculate these
indices [30]. The probability of detection (POD) represents the ratio of the number of precipitation
occurrences that are correctly detected by the satellite product (hits) to the number of precipitation
occurrences that are observed by the reference data (hits plus misses), which is expressed as
a/(a + c). The false alarm ratio (FAR) captures the number of rainfall events that were incorrectly
detected, and it can be calculated by the equation b/(a + b) [17].

Table 3. Contingency table for evaluating precipitation occurrence by satellite products.

Satellite Products

Rain Gauge
Yes No

Hits (a) Misses (c)
False alarms (b) Correct negative (d)

3.3. Extreme Precipitation Indices

To assess the performance of the three HRPPs in detecting the behavior of precipitation extremes
over the Chinese mainland, six extreme precipitation indices were split into three categories: percentile
indices, absolute threshold indices, and max indices. Each index was calculated using satellite- and
observation-based precipitation data and subsequently compared. Three of the indices (R20mm,
Consecutive Wet Days (CWD), and Consecutive Dry Days (CDD)) are defined by the Expert Team on
Climate Change Detection and Indices (ETCCDI) [31,32]. The work of the ETCCDI is sponsored jointly
by the WMO Commission for Climatology (CCI), the Joint Technical Commission for Oceanography
and Marine Meteorology (JCOMM), and the World Climate Research Program (WCRP) on Climate
and Ocean. The other three extreme precipitation indices used in this study were RR99p, RR95p,
and R20mmTOT. Table 4 describes each of the six extreme precipitation indices.

Table 4. Extreme precipitation indices used in the analysis.

Category ID Definition Unit

Percentile indices RR99p The 99th percentile of daily precipitation on wet days (Pre. ≥1 mm) mm/day
RR95p The 95th percentile of daily precipitation on wet days mm/day

Absolute threshold
indices

R20mm Annual count of days when daily precipitation is ≥20 mm days
R20mmTOT Annual total precipitation when daily precipitation is ≥20 mm mm/day

Max indices CWD Annual largest number of consecutive days with daily precipitation ≥1 mm days
CDD Annual largest number of consecutive days with daily precipitation <1 mm days

4. Results and Discussion

4.1. Summary of Satellite-Based Precipitation Product Performance over the Chinese Mainland

In this section, we summarize the use of daily precipitation records obtained from 840 gauges
(as shown in Figure 1) to assess the two latest daily satellite-based precipitation products for each
0.1◦ × 0.1◦ grid cell that covered at least one rain gauge. In total, 840 pairs of daily gauge- and
satellite-based precipitation values for a 20 month period (609 days, from April 2014 to November
2015) were used to calculate the assessment metrics described in Section 3. Table 5 presents the averages
of those metrics after they were derived from the 840 value pairs. The ME indicates that GPM IMERG
overestimated precipitation by approximately 0.09 mm/day. However, GSMap-Gauge underestimated
precipitation by about 0.04 mm/day. Earlier work in China [33] found that the older GSMap product
(GSMap-MVK version 4) also underestimated precipitation by about 0.53 mm/day over the period
from 2003 to 2006. Although GSMap-Gauge was corrected by observational data in this study, it still
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resulted in negative ME values. In fact, underestimation of precipitation is a challenge faced by most
satellite-based products [34]. For example, the GSMap product underestimated precipitation by about
2.3 mm/day based on research conducted in Colombia [35]. GSMap-Gauge had a lower absolute value
of ME than GPM IMERG. It also exhibited a closer alignment with the observed gauge data. The RMSE
illustrates the degree to which the estimated values deviate from the observed values. The RMSE of
GSMap-Gauge was 4.7 mm/day, a lower value than that of GPM IMERG. The CC measures the degree
of linear association between the estimated and observed distributions. A higher CC value means
that the estimated distribution is closer to the observed distribution. The CC value of GSMap-Gauge,
at 0.79, also performed better than GPM IMERG. The POD measures the fraction of observed events
that were correctly detected. A higher POD value indicates better performance of the satellite
estimates. FAR is the fraction of estimated precipitation events that were not true precipitation events.
The closer the FAR value is to 0, the better performance of the estimation. The POD score result for
the GSMap-Gauge product (0.87) is a little bit better than that of the GPM IMERG product. On the
contrary, the FAR value for GPM IMERG was lower than that of GSMap-Gauge. The differences in
POD and FAR for the two products were not very obvious (Table 5).

Table 5. Validation statistics of the two precipitation estimates over mainland China from April 2014 to
November 2015.

Name ME (mm/Day) RMSE (mm/Day) CC POD FAR

GPM IMERG 0.09 6.43 0.68 0.79 0.30
GSMap-Gauge (ver. 6) −0.04 4.70 0.79 0.87 0.37

In order to determine which product better estimates precipitation over mainland China, Taylor
diagrams were plotted to visualize a concise statistical summary of how well each satellite-based
product matched the observed gauge data (reference object) in terms of CC, standard deviation,
and centered RMSE (Figure 2). The smaller the distance between the reference and comparison
objects on a Taylor diagram indicates a closer agreement. Satellite-based precipitation products that
agree with reference data are located closest to the black dot on the horizontal axis. As shown in
Figure 2, GSMap-Gauge is nearer to the observed values than GPM IMERG, indicating that the daily
gauge-corrected product is clearly superior. This could be attributed to two major factors: first,
GSMap-Gauge adopts daily CPC data for its bias correction, which performs better than the monthly
gauge analyses (GPCC) used in GPM IMERG; second, GSMap-Gauge uses two other datasets (GANAL
and MGDSST, as mentioned in Section 2) for calculating its lookup tables, which are referred by the
GSMap microwave imager and sounder algorithms.

Previous studies concluded that systematic biases of satellite-derived precipitation values were
proportional to the magnitude of the rainfall rate [36]. The spatial distributions of ME and RMSE for
satellite-based precipitation products have difficulty illustrating those products’ spatial performance
over the Chinese mainland due to its complex spatial pattern of rainfall. Thus, the distribution of CC for
each satellite-based product was used qualitatively to characterize each product’s spatial performance.
As shown in Figure 3, the CC values of all products were good over most regions of China (most CC
values were larger than 0.6), especially in southeastern China where a wet climate prevails. Most
of the low CC values for the two products were located in northern China, in regions of higher
latitudes, and in arid northwestern China, which illustrates that the performance of satellite-based
precipitation products is not good over northern arid and semi-arid China. This result is consistent
with previous findings from Qin [33]. Overall, GSMap-Gauge exhibited the best correlation over most
of China (almost 90% of CC values were greater than 0.6 and about half of them were greater than 0.8).
Comparing with GSMap-Gauge, most CC values (about 72%) of GPM IMERG were in the range of 0.6
to 0.8, and only approximately 6% were larger than 0.8.
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4.2. Twenty-Month Spatial Daily Mean Precipitation

In this section, the two latest satellite-based precipitation products are compared to CGDPA
over the contiguous Chinese mainland for the 20 month period from April 2014 to November 2015.
The 20 month mean precipitation results that are based on the CGDPA dataset and the two
satellite-based precipitation products are shown in Figure 4. The precipitation distribution over
mainland China is characterized by a decrease from the southeast to the northwest in the mean
intensity of daily gauge-based analysis data. Both satellite-based datasets generally captured the
spatial pattern of 20 month mean daily precipitation over China (Figure 4b,c). GSMap-Gauge showed
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a slight underestimation over southern and southeastern China, where typhoons that make landfall
and the annual migration of the Asian monsoon season introduce abundant amounts of fresh water.
This underestimation could be caused by the fact that heavy rainfall may cause signal attenuation
of the PMW sensor, which may result in underestimation by satellite-only precipitation products
(GSMap-MVK) from which GSMap-Gauge was developed using a satellite-gauge combination [37].
Another example of underestimation by the satellite-based products is in a small region of the
southeastern Tibetan Plateau, where observed daily mean precipitation is around 15 mm/day,
but neither GPM IMERG nor GSMap-Gauge were able to adequately capture the heavy rain signal there;
this is especially the case for GPM IMERG. Additionally, both products showed poor performance over
the arid and semiarid inland region in northwestern China. This may be attributed to the following
two factors: raindrops detected by the space-born sensors (PMW and Vis/IR) may partially or totally
evaporate before reaching an arid or semi-arid surface, while snow and ice cover over the mountainous
regions of northwestern China may interfere with the accuracy of the PMW algorithm for precipitation.
Generally, GSMap-Gauge provided a spatial precipitation distribution pattern that was closer to
CGDPA than did GPM IMERG.
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Figure 5 displays density-colored scatterplots and a quantitative comparison between
satellite-based products and gauge observations for the 20 month daily precipitation mean over
mainland China. Some of the higher observed values in each of the scatterplots are caused by heavy
precipitation events over regions with complex terrain, such as southwestern China, where satellite
precipitation products have difficulty estimating precipitation with high accuracy. GSMap-Gauge
performed better with improved CC and RMSE values over GPM IMERG (0.97 and 0.42 mm/day,
respectively). The RB values indicated that GPM IMERG tended to overestimate precipitation and
GSMap-Gauge displayed a small underestimation (RB, −1.3%). This was consistent with the results
shown above in Table 5.
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total points are located in that area.

4.3. Monthly Time Series Precipitation Analysis

Comparison statistics were calculated for each month during the 20 month period and are
displayed in Figure 6 in order to examine the temporal variations of CC, ME, RMSE, POD,
and FAR over the Chinese mainland. Monthly mean CC values for GPM IMERG (Figure 6a) showed a
season-dependent variability with relatively low values during the time period from November to
April when the climate is both dry and cold. The possible reasons behind this may be related to the
following: first, more shallow precipitation events that are difficult to measure accurately with PMW
sensors occur during this cold season; second, the accuracy of the PWM algorithms are influenced
by snow or ice surface cover in winter. However, GSMap-Gauge consistently had the highest CC
values (>0.75), with no significant seasonal variation. The RMSEs of the two products were similar,
showing obvious seasonal variation, but GSMap-Gauge had smaller RMSE values than GPM IMERG
(Figure 6c). The monthly patterns of POD for both products were similar to RMSE values (Figure 6d).
In terms of CC, RMSE and POD, GSMap-Gauge performed better and with greater stability than
GPM IMERG. The monthly bias corrected algorithm used by GPM IMERG appears to have great
potential for improving the detection of precipitation in winter and reduction of error. The two
products had opposite patterns for ME, as shown in Figure 6b. It is also worth noting that GPM IMERG
overestimated precipitation in nearly all 20 months, except for two months in winter (December 2014
and January 2015); in contrast, GSMap-Gauge seemed to underestimate precipitation primarily during
the summer season. GSMap-Gauge displayed relatively stable FAR values for all the seasons, but GPM
IMERG had lower FAR values than GSMap-Gauge in summer and the opposite was true in winter,
demonstrating obvious seasonal variability.

4.4. Probability Distribution by Occurrence

The frequency distribution for precipitation at different intensities can provide an insight
into the characteristics of the precipitation rate-dependent error and the potential error impact on
hydrometeorological applications, because the same precipitation amount in the form of long-lasting
light rainfall or a short-duration storm can have very different influences on natural hazards, such as
landslides and floods. Figure 7 depicts the frequency distribution by precipitation occurrence within
different precipitation intensities. The precipitation intensities (PIs) are grouped into seven classes:
(1) no-rain and light rain (0 ≤ PI ≤ 1 mm/day); (2) 1 < PI ≤ 4 mm/day; (3) 4 < PI ≤ 8 mm/day;
(4) 8 < PI ≤ 16 mm/day; (5) 16 < PI ≤ 32 mm/day; (6) 32 < PI ≤ 64 mm/day; and (7) PI > 64 mm/day.
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The gauge observation dataset reports that about 77% of events fell into the no rain and light
rain event class during the study period. GPM IMERG showed similar no rain and light rain events
as the observation dataset, with only a 1% overestimation (Figure 7a). GSMap-Gauge exhibited
much lower percentages of no rain and light rain events than the observation dataset, with values
of around 67%. GSMap-Gauge captured more precipitation events than the observation data did in
the 1–16 mm/day range (middle and low intensity precipitation events) (Figure 7b). This partially
explains the under-detection of no rain and light rain events for GSMap products. We speculate
that GSMap employed a morphing technique, which propagates PMW precipitation estimation by
using cloud motion vectors derived from Vis/IR data and that may cause greater appearance of
low-intensity precipitation events. The performance of GPM IMERG in capturing precipitation events
across the 1–16 mm/day range was clearly unstable, sometimes resulting in overestimation and
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sometimes in underestimation. When the precipitation rate was more than 16 mm/day, the two
products, especially GPM IMERG, agreed well with the observation data in terms of occurrence
frequency, but GSMap-Gauge products showed slight underestimation.

4.5. Extreme Precipitation Events Comparison

In this section, we evaluate the performance of two satellite-based products in capturing the
behavior of extreme precipitation events over the Chinese mainland when compared to precipitation
gauge observations. Figure 8a,b show the results of the satellite-based products in capturing the
99th (RR99P) and 95th (RR95P) percentile indices of daily precipitation. In general, the two satellite
products captured the two indices well with high correlation coefficients (>0.8). It is noteworthy
that GPM IMERG tended to overestimate the two percentile indices, with RB values of 9.81% and
5.68%, respectively. On the contrary, GSMap-Gauge results showed significant underdetection of
RR99P and RR95P, even with a CC value as high as 0.92. The same condition was also found in
capturing the two absolute threshold indices (R20mm and R20mmTOT) of daily precipitation. These
indicated that the latest GSMap algorithm tends to underestimate extreme precipitation and that the
bias correction method for GSMap-Gauge can effectively improve the CC by using observation data
while also smoothing out the magnitude of extreme precipitation. As for the third category of the
extreme precipitation indices, we looked at the maximum indices of precipitation with respect to
the duration of the rain/no-rain period. The performance of the two products for capturing CWD
and CDD was not as good as for the indices that were discussed previously, with relatively low CC
values and points scattered far from the 1:1 line. It should be noted that GSMap-Gauge significantly
overestimated CWD, with RB around 63.6%. This may be partially explained by the fact that the bias
correction procedures smooth the precipitation time series by identifying more no-rain days as rain
events and consequently reducing the amplitude of extreme precipitation events. For CDD, both GPM
IMERG and GSMap-Gauge provided similar results. Generally, GPM IMERG detected more extreme
precipitation events and extreme precipitation amounts than GSMap-Gauge did (Figure 8a–d).
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4.6. Discussion

This paper quantitatively compared the performance of two of the latest high-resolution satellite
precipitation products (GPM IMERG and GSMap-Gauge Ver. 6) using an observation gauge-based
precipitation dataset. Currently, GSMap-MVK Ver. 6 is one of the latest and most useful GPM-era
satellite-based precipitation product that has not been corrected using gauge data such as IMERG
and GSMap-Gauge. To facilitate fair assessment, we did not mix the three together. The results of the
comparison between GSMap-MVK results and gauge-based precipitation records were provided
in Table S1 and Figures S1–S7 (see Supplementary Materials). These results showed that even
though bias correction may smooth over extreme precipitation amounts (such as those produced
by GSMap-Gauge), it could obviously improve the quality and accuracy of satellite-based precipitation
products. Compared with GPM IMERG, GSMap-Gauge exhibited stable performance on daily and
monthly scales, with higher values of CC and POD, and lower values of RMSE and ME. Another
advantage of GSMap-Gauge is its short latency time for data release (one or two days), compared to
GPM IMERG’s two to four months.

It is noteworthy that topography and climate conditions clearly influence the accuracy of retrieval
results [38,39]. Our results also supported this view. For example, GSMap-MVK underestimated
precipitation in southeastern, lowland rainy regions of China while it overestimated precipitation
in the northwestern, mountainous dry regions, as shown in Figure S3. Figure 6a,e showed that
performance of satellite precipitation products had distinct and seasonally-dependent variability,
with relatively low CC and POD values during the cold season (from November to April) when
the climate is both dry and cold. Little research has been done concerning the application of these
latest satellite precipitation products in hydrological modeling in China. Tang et al. found that GPM
IMERG performed well in hydrological modeling simulation in the mid-latitude Ganjiang River
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basin in southeast China, outperforming its predecessor TRMM 3B42 [40]. W. Qi et al. applied
GSMap-MVK data to perform discharge simulations in the Biliu basin located in northwestern
China, and results showed that GSMap-MVK had a huge advantage over TRMM 3B42 for discharge
simulations, especially at the monthly and inter-annual scales [18]. The two studies cited above also
found that good discharge simulation depended on the appropriate match between the hydrological
model and precipitation product, as a better precipitation product did not necessarily guarantee a better
discharge simulation. This suggested that, although the satellite-based precipitation products were not
as accurate as rain gauge data, they could perform better in discharge simulations when combined
with appropriate hydrological models, but it should be further tested with more river basins, and
large river basins in particular, in order to account for spatial variability among precipitation products.
As more new GPM-era products are released, further studies about their utility in hydrology and
associated uncertainty analyses will be important for diverse basins that have distinct physiographic
and hydro-climatic conditions. Additionally, there were few studies that have tested or utilized these
latest satellite precipitation products to detect extreme weather conditions (e.g., drought and heavy
rainfall). Liu compared monthly IMERG product with TRMM monthly product (3B42) in the boreal
summer of 2014 and boreal winter of 2014/2015 on a global scale and concluded that the IMERG
monthly product could capture major heavy precipitation regions in the Northern and Southern
Hemisphere reasonably well [41]. Satya et al. found that the GPM IMERG product, for detecting
heavy rainfall event frequency across India at a daily time scale during the southwest monsoon
season, showed a notable improvement over TRMM as compared to observation gauge data [42].
The performance of the two latest products in detecting extreme events in our study showed that
IMERG tended to overestimate extreme precipitation events but that GSMap-Gauge tended to
underestimate them. Those who use these products for extreme precipitation research should take
this finding into account. Combining or merging the advantages of different products may play an
important role in solving future hydrometeorological problems.

Furthermore, this study focused only on the performance of the two latest satellite-based
precipitation products over the Chinese mainland. Two types of precipitation datasets should also
be included in evaluation studies. One is a gridded precipitation dataset that is constructed based
on the dense network of rain gauges and interpolation modeling, such as APHRODITE. A second
precipitation dataset is simulated based on numerical weather prediction models and data assimilation
techniques, such as the High Asia Reanalysis (HAR). These two gridded precipitation datasets
have been shown to have numerous merits and faults [43]. It is worth performing a comparative
analysis of various gridded precipitation datasets, including satellite-based, rain gauge interpolation,
and numerical weather model simulation products over the Chinese mainland to explore and test their
applicability in different fields such as flood prediction, hydrological modeling and climate analysis.

5. Conclusions

After two years of successful quasi-global precipitation measurements, the Global Precipitation
Mission is providing a new generation of global precipitation products. These products can be utilized
in a wide range of applications for hydrology, meteorology, and land surface studies. In this paper, the
two latest GPM-era satellite-based precipitation products were assessed by comparing them with daily
precipitation gauge data over the Chinese mainland during a twenty-month period from April 2014 to
November 2015. The main conclusions of the study are summarized below:

1 In terms of ME, RMSE, CC, and POD, GSMap-Gauge showed better performance at estimating
precipitation than GPM IMERG. The Taylor diagram visually demonstrated that GSMap-Gauge
results are nearer to the observed values. In a spatial sense, GSMap-Gauge exhibited the best
correlation over most of China (almost 90% of CC values were greater than 0.6 and about half
of them were greater than 0.8). Both products were capable of capturing the overall spatial
pattern of the 20 month mean daily precipitation, although they performed poorly over the
arid and semiarid inland region in northwestern China. All products tended to underestimate
precipitation significantly in some mountainous region, such as the southeastern Tibetan Plateau.
GSMap-Gauge resulted in a spatial precipitation distribution pattern that was closer to CGDPA
than GPM IMERG;
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2 GSMap-Gauge exhibited very stable performance when analyzed on a monthly basis, with CC
values indicating no significant seasonal variation. The pattern of monthly mean CC and POD
for GPM IMERG showed seasonally-dependent variability, with relatively low values in winter.
In terms of CC, RMSE, and POD, GSMap-Gauge performance was more stable and generally
improved over GPM IMERG. GPM IMERG overestimated monthly precipitation during the
rainy season; however, GSMap-Gauge showed the completely opposite trend by underestimating
monthly precipitation in summer;

3 About 77% of events were reported by the observation gauge dataset to belong to no rain or
light rainfall events (≤1 mm/day) during the 20 month study period. GPM IMERG produced
a similar number of no rain and light rain events to the observation gauge dataset, with only
a 1% overestimation. The GSMap-Gauge greatly underdetected the occurrence of no rain and
light rain events (about 10% lower than observations). GPM IMERG performance for capturing
precipitation events in the range of 1–16 mm/day was clearly variable, both overestimating and
underestimating events at times. GSMap products captured more precipitation events within the
precipitation range of 1–16 mm/day and showed slight underestimation of precipitation events
of more than 32 mm/day;

4 Both products captured the four indices (RR99P, RR95P, R20mm, and R20mmTOT) well with
high correlation coefficients (>0.8). GPM IMERG tended to overestimate these four indices,
with RB values of 9.81%, 5.68%, 4.67% and 10.1%, respectively. On the contrary, GSMap-Gauge
showed significant underdetection of these indices, even when CC values were greater than 0.92.
GSMap-Gauge significantly overestimated CWD, with RB around 63.6%. For CDD, GPM IMERG
and GSMap-Gauge provided similar results.

The identification and quantification of the performance of these two latest GPM-era
high-resolution precipitation products (GPM IMERG and GSMap-Gauge Ver. 6) by this study should
provide useful information on the uncertainty of the different satellite-based precipitation products in
spatial and temporal terms. Further comprehensive work is needed to make decisions about whether,
and how, these products should be further processed so that they can be better utilized in specific areas
of research.

Supplementary Materials: The following are available online at www.mdpi.com/2073-4441/8/11/481/s1.
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