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Abstract: Benefiting from the high spatiotemporal resolution and near-global coverage,
satellite-based precipitation products are applied in many research fields. However, the
applications of these products may be limited due to lack of information on the uncertainties.
To facilitate applications of these products, it is crucial to quantify and document their error
characteristics. In this study, four satellite-based precipitation products (TRMM-3B42,
TRMM-3B42RT, CMORPH, GSMaP) were evaluated using gauge-based rainfall analysis
based on a high-density gauge network throughout the Chinese Mainland during 2003–2006.
To quantitatively evaluate satellite-based precipitation products, continuous (e.g., ME,
RMSE, CC) and categorical (e.g., POD, FAR) verification statistics were used in this study.
The results are as follows: (1) GSMaP and CMORPH underestimated precipitation (about
−0.53 and −0.14 mm/day, respectively); TRMM-3B42RT overestimated precipitation (about
0.73 mm/day); TRMM-3B42, which is the only dataset corrected by gauges, had the best
estimation of precipitation amongst all four products; (2) GSMaP, CMORPH and
TRMM-3B42RT overestimated the frequency of low-intensity rainfall events; TRMM-3B42
underestimated the frequency of low-intensity rainfall events; GSMaP underestimated the
frequency of high-intensity rainfall events; TRMM-3B42RT tended to overestimate the
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frequency of high-intensity rainfall events; TRMM-3B42 and CMORPH produced
estimations of high-intensity rainfall frequency that best aligned with observations; (3) All
four satellite-based precipitation products performed better in summer than in winter. They
also had better performance over wet southern region than dry northern or high altitude
regions. Overall, this study documented error characteristics of four satellite-based
precipitation products over the Chinese Mainland. The results help to understand features of
these datasets for users and improve algorithms for algorithm developers in the future.
Keywords: satellite-based precipitation estimates; evaluation; Chinese Mainland

1. Introduction
Precipitation is a key component of the planetary water and energy cycle and helps to regulate
the surface hydrological fluxes between land and atmosphere. It is also an important input for land
surface and hydrological models [1,2]. Accurate measurements of precipitation on regional or global
scale are therefore crucial for understanding the climate and hydrological cycle, simulating land surface
hydrologic processes and verifying numerical weather prediction [3]. Rain gauges provide
a direct physical measurement of precipitation. However, representativeness of a sparse and irregular
gauge network is a major problem [4,5]. In addition, it is difficult to provide effective spatial coverage
of rainfall over a large area using a low-density gauge network [6]. While weather radars can offer a
spatial measure of precipitation, these are prone to inaccuracies due to complex atmospheric conditions,
height of the radar beam, beam blocking, variations in the reflectivity-rainfall rate relationships, etc. [7].
Furthermore, weather radars are either sparse or nonexistent in developing countries or ocean areas [8].
Compared with ground based measurements networks (either from rain gauge or weather radar),
the possibility of estimating global and near-real-time rainfall from satellite measurements is extremely
attractive [9,10]. Satellite systems that provide such observations are divided broadly into geostationary
(GEO) satellites and low earth orbiting (LEO) satellites [5]. Visible (Vis) and thermal infrared (IR)
sensors loaded by GEO satellites permit a high sampling frequency (available every 15 min). Vis/IR
images provide an excellent depiction of the movement of clouds and weather systems, but their
relationship to rain rate is indirect. The main sensors on LEO satellites for precipitation studies are
passive microwave (PMW) instruments, which have more direct and physical inference of precipitation.
However, they suffer from poor temporal sampling. Many satellite precipitation estimation algorithms
have been developed for Vis/IR [11,12] or PMW [13–15] sensors over last two decades.
PMW techniques usually provide more accurate instantaneous estimates of precipitation, while
Vis/IR techniques generally provide higher measurements frequency [16]. Therefore, increased attention
has been paid to combining measurements of different space-borne sensors to retrieve high quality and
resolution precipitation estimates. Early studies include Huffman et al. [17,18] who developed a scheme
to combine satellite data of different sensors and built a global precipitation dataset named Global
Precipitation Climatology Project (GPCP) at 2.5 × 2.5° grid and monthly resolution. More recently,
several combination schemes have been developed to build global precipitation estimates with higher
spatial (0.25 × 0.25° or finer) and temporal (three hourly or shorter) resolutions. These schemes fall

Remote Sens. 2014, 6

11651

broadly into two main categories [5]. The first relies upon the PMW to calibrate infrared observations,
such as NRL-blended technique [19]. The second category is the advection or morphing schemes,
such as the Climate Prediction Center (CPC) morphing technique [20]. Based on advancements in these
techniques, several satellite-based global high-resolution precipitation products are now available,
including the Precipitation Estimation from Remote Sensing Information using Artificial Neural Network
(PERSIANN) [21,22], the PERSIANN Cloud Classification System estimation (PERSIANN-CCS) [23],
the Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA) [24,25],
the CPC morphing algorithm (CMORPH) [20,26], the Global Satellite Mapping of Precipitation
(GSMaP) [27], the Naval Research Laboratory Global Blended Statistic Precipitation Analysis data
(NRL-Blend) [19], and so on.
Nevertheless, the inherent shortcoming of satellite-based precipitation products is that they are
indirect estimates of rainfall. It is therefore essential to evaluate their accuracy by comparing against
gauge observations before application [28,29]. The verification is also beneficial for improvement of the
retrieval algorithm [5]. Under the Pilot Evaluation of High Resolution Precipitation Products (PEHRPP)
program [30] proposed by the International Precipitation Working Group (IPWG), a number of
validation studies have been carried out at different spatial and temporal scales over different regions of
the global [16,31–42]. All of these studies suggest that different types of satellite-based precipitation
products have variable accuracy in different regions. Therefore, evaluation of the different satellite-based
rainfall products over different climatic and geographic regions is very important.
Satellite-based precipitation products have been evaluated over many parts of world. However,
evaluation of these satellite-based precipitation products were very limited over the Chinese Mainland.
One exception is that of Shen et al., [43], who evaluated six high-resolution satellite-based precipitation
products (CMORPH, TRMM, TRMM3B42, PERSIANN, MWCOMB, NRL) using a gauge-based
precipitation analysis over China. Their results show that all six satellite-based products are capable to
describing spatial distribution and time variation of precipitation. Their work only presents evaluation
results for the satellite-based precipitation products at a sub-daily scale. However, error characteristics
could be quite different when rainfall rates are temporal accumulation [44]. Other similar validation
studies were limited to the specific regions/basins in China [45–49]. Therefore, more detailed
exploration of error characteristics for popular satellite-based precipitation products throughout the
Chinese Mainland is needed.
In this study, we evaluated four popular satellite-based daily precipitation products over the Chinese
Mainland by using a precipitation analysis dataset based on a high-density gauge network. This article
consists of five parts: Section 1 is introduction; Section 2 describes the precipitation analysis dataset,
satellite-based precipitation products and evaluation statistics; Section 3 documents evaluation results
of the satellite-based products; compared with previous studies, our results and methods were discussed
in Section 4; and Section 5 gives the conclusions.
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2. Data and Methods
2.1. Gauge-Based Rainfall Analysis
A gauge-based daily rainfall analysis (China Meteorological Administration gauge-based rainfall
analysis, CMA-GRA) was used as a reference dataset to evaluate the satellite-based precipitation
products [43]. CMA-GRA was built based on a high-density gauge network that consists of more
than 2000 automatic weather stations (Figure 1). An objective technique was used to define
CMA-GRA [35,50,51]. CMA-GRA had been used previously in Shen et al.’s work [43].
Figure 1. Distribution of rain gauge stations.

2.2. Satellite-Based Precipitation Products
The four satellite-based precipitation datasets used in this study are introduced as follows:
CMORPH is generated by NOAA/CPC [20,26]. CMORPH produces global precipitation analyses at
very high spatial and temporal resolution. In this technique, IR data are used as a means to transport the
microwave-derived precipitation features during periods when microwave data are not available at a
location. Furthermore, a time-weighted linear interpolation is used to morph the shape and intensity of
the precipitation features [20]. This precipitation is available on 0.07° Latitude/Longitude (8 km at the
equator) over the global (60°S–60°N) in 30 min temporal resolution from December 1998 to present.
The Global Satellite Mapping of Precipitation (GSMaP) project is sponsored by JST-CREST and is
developed by the JAXA Precipitation Measuring Mission (PMM) Science Team [52]. For this study,
GSMaP_MVK+ is employed, which used the Kalman filter to compute the estimates of the current
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surface rainfall rates at each 0.1° pixel of the infrared brightness temperature by the GEO-IR satellites.
The rain/no-rain classification scheme and AMSU-B product are also added in. Some literature gives
the details of the algorithm [53,54].
The TRMM-3B42 (version 7) three-hourly, 0.25° × 0.25°，in a global belt extending from 50°S to
50°N, is produced by the TRMM project at the National Aeronautics and Space Administration [24].
TRMM-3B42 is the only product corrected by gauge observations in all four datasets. TRMM-3B42RT
is a near-real-time version of TRMM-3B42. The difference is that TRMM-3B42RT is not adjusted by
gauge observations. The products are developed in four stages: (1) the microwave precipitation estimates
are calibrated and combined; (2) infrared precipitation estimates are created using the calibrated
microwave precipitation; (3) the microwave and IR estimates are combined; and (4) rescaling to monthly
data is applied. Each precipitation field is best interpreted as the precipitation rate effective at the
nominal observation time [24,55]. The TRMM-3B42 was corrected by using Global Precipitation
Climatology Center (GPCC) full gauge analysis (version 4) and the GPCC monitoring gauge analysis.
However, the reference data (CMA-GRA) used in this study was built based on a high-density gauge
network that consists of more than 2000 automatic weather stations. Eighty percent gauges in this
network are not included in GPCC datasets. It is worthwhile to evaluate TRMM-3B42 over the Chinese
Mainland by using this reference dataset.
Four satellite-based precipitation products are demonstrated in Table 1.The data from 2003–2006 was
chosen for this study. All datasets were evaluated at a resolution of 0.25° with daily accumulation.
Table 1. Summary of four satellite precipitation estimates. Four satellite precipitation
estimates are CMOPH, GSMaP, TRMM-3B42 and TRMM-3B42RT.
Name
CMORPH
GSMaP
TRMM-3B42
TRMM-3B42RT

Temporal
Resolution
0.5 hr
1 hr
3 hr
3 hr

Space
Resolution
0.07°
0.10°
0.25°
0.25°

Corrected
by Gauges
No
No
Yes
No

Domain
60N~60S
60N~60S
50N~50S
50N~50S

Period

Ref.

1998–present
2002–present
1998–present
1998–present

[20]
[27]
[24,25]
[24,25]

2.3. Validation Method
To quantitatively evaluate satellite-based precipitation products, continuous (e.g., ME, RMSE, CC)
and categorical (e.g., POD, FAR) verification statistics were used in this study. Formulas and a very
brief description of these statistics are provided below. The continuous statistics are used to measure the
accuracy of variables such as rainfall amount or intensity; the categorical statistics are used to measure
the skill in detecting the occurrence of rain events. All statistics have been widely used to evaluate
satellite-based precipitation products [16,34].
The continuous verification statistics are mean error (ME), root mean square error (RMSE) and
correlation coefficients (CC). The formulas for these statistics are as follows:
ME =

1
N

N

 (Y − O )
i

i =1

i

(1)
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where Yi is the estimated value at a point or grid box i, Oi is the observed value, and N is the number
of samples.
The categorical verification statistics are probability of detection (POD) and false-alarm ratio (FAR).
They can be calculated by following equations:

hits
hits + misses

(4)

false alarms
hits + false alarms

(5)

POD =
FAR =

Hits (misses) mean the satellite based precipitation products detect (miss) rainfall events captured by
ground observations. The contingency table for categorical verification statistics and the detailed
definition are shown in Table 2. In this study, 1mm/day is used as the rain/no rain threshold.
Table 2. Contingency table for comparing rain gauge measurements and satellite
precipitation estimates. The rainfall threshold used is 1.0 mm.
Satellite ≥ threshold
Satellite < threshold

Gauge ≥ Threshold
Hits
Misses

Gauge < Threshold
False alarms
Correct negatives

3. Results
3.1. Evaluation of Satellite-Based Precipitation Products at Grid Scale over the Chinese Mainland
In this section, CMA-GRA was used to evaluate daily satellite-based precipitation products over
the Chinese Mainland for each 0.25 ° × 0.25° grid cell that contained at least one rain gauge from 2003
to 2006. These stations are shown in Figure 1. Table 3 presents the validation results. MEs indicated that
GSMaP and CMORPH underestimated precipitation by about 0.53 mm/day and 0.14 mm/day,
respectively. The underestimation of satellite-based precipitation product was also detected by other
research [5,31,42,56]. In fact, underestimation of precipitation is a challenge faced by most
satellite-based precipitation products [31]. For example, GSMaP product has underestimated
precipitation by about 2.3 mm/day in Colombia [34]. TRMM-3B42RT, however, overestimated
precipitation by about 0.73 mm/day. TRMM-3B42RT has been proved that overestimated precipitation
over other regions of world [1,8,34]. Behrangi et al. suggested TRMM-3B42RT had 34.5% BIAS [8].
ME of TRMM-3B42 was only −0.02 mm/day. It exhibited close alignment with CMA-GRA. Due to the
correction process against monthly observations, the bias of TRMM-3B42 showed a marked
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improvement over the TRMM-3B42RT and had better correspondence with measurements compared
with other satellite-based precipitation products. TRMM-3B42 was consistent with gauge measurements
over other regions [36,40]. RMSE illustrates the degree of estimates deviating from the gauges. RMSEs
of all satellite products ranged from 6 to 7 mm/day with the exception of TRMM-3B42RT. RMSE of
TRMM-3B42RT was about 8.6 mm/day. The CC measures the degree of linear association between the
estimated and observed distributions [57]. A higher CC means estimated distribution is closer to
observation. The CC value of TRMM-3B42RT, at only 0.55, also performed the worst of all four
products. The CCs of the other three products were about 0.66. The statistics (ME, RMSE, CC)
of TRMM-3B42RT and TRMM-3B42 indicate that gauge correction can improve the quality of
satellite-based precipitation products.
Table 3.Validation statistics of the four rainfall estimates over Mainland China from 2003
to 2006.

GSMaP
CMORPH
TRMM-3B42
TRMM-3B42RT

ME
(mm/day)
−0.53
−0.14
−0.02
0.73

RMSE
(mm/day)
6.21
6.23
6.75
8.60

CC

POD

FAR

0.66
0.67
0.66
0.55

0.70
0.76
0.58
0.59

0.38
0.51
0.34
0.40

The POD measures the fraction of observed events that were correctly diagnosed. Higher POD value
means better performance of the dataset. FAR is fraction of diagnosed events that were actually
nonevents. The closer FAR value is to 0, the better performance of the dataset. POD and FAR values of
GSMaP, which were 0.70 and 0.38, respectively, lie in the middle of all four datasets. CMORPH
received the highest POD score in all four datasets but its FAR value was the worst. In the contrast,
TRMM-3B42 received the lowest POD score, but its FAR value was the best in all four datasets. POD
and FAR scores of TRMM-3B42RT were similar to TRMM-3B42. Gauge correction improved
the FAR score of TRMM-3B42RT. But POD score was not improved after gauge correction.
Figure 2 shows the intensity distribution of precipitation events count from each of the four dataset.
All grid cells, which contained at least one gauge, were used to count precipitation events from 2003 to
2006 over the Chinese Mainland. The numbers showed in the lower-left corner of Figure 2, such as
0.190 for CMA-GRA, are ratios between rainfall events and total events (both rainfall events and no
rainfall events) for every precipitation products. The intensity distributions of the daily number of
precipitation events or histograms enable one to better observe the errors at different rainfall rates.
Almost all satellite-based precipitation products (GSMaP, CMORPH and TRMM-3B42RT), with
the exception of TRMM-3B42, had about 20%–50% more events than CMA-GRA across the range of
1–8 mm/day (low-intensity rainfall events) (Figure 2). TRMM-3B42 had about 10% fewer events than
CMA-GRM across the range of 1–8 mm/day. The histograms of TRMM-3B42 and CMORPH align well
with CMA-GRA in the range of 8–128 mm/day. TRMM-3B42RT overestimated the number of rainfall
events across the range of 8–128 mm/day, whereas GSMaP had the fewest events among all the datasets
across this range. In addition, Figure 2 depicts CMORPH and GSMaP had the most rainfall events when
precipitation amount no more than 2 mm/day. However, reference data (CMA-GRA) and TRMM
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products had the most precipitation events across the range of 2–4 mm/day. We speculate that the
discrepancies at the lower tail of the distributions are related to different algorithms used by different
datasets. CMORPH and GSMaP employed morphing technique, which propagates PMW precipitation
estimation by using cloud motion vectors derived from IR data, may cause more appearance of low
intensity precipitation events.
Figure 2. Intensity distribution of precipitation events calculated from four satellite based
precipitation datasets and measurements (CMA-GRA).

Seasonal variations in the error characteristics of satellite-based precipitation products have been
observed over the United States [31]. GSMaP underestimated precipitation in winter and overestimated
in summer [31]. Therefore, seasonal variations of the validation statistics were also investigated in this
study (Figure 3). All satellite-based precipitation products performed reasonably well in capturing
seasonal variations of mean precipitation (Figure 3a). In contrast with its performance in the United
States, GSMaP underestimated precipitation all year round over the Chinese Mainland. It underestimated
about 70% in winter and about 15% in summer (Figure 3b). The mean precipitation of the CMORPH
and TRMM-3B42 generally agreed with the CMA-GRA all year around. The TRMM-3B42RT dataset
significantly overestimated precipitation each month. RMSEs of all products were similar, with the
exception of TRMM-3B42RT. It had the worst RMSE in all four products (Figure 3c). CC, POD and FAR
indicated that satellite-based precipitation products performed better in summer than winter. The CCs of
all satellite-based precipitation products were higher in summer than in winter (Figure 3d). POD and
FAR had significant seasonal variation in all datasets. In winter, the lowest POD value was only 0.2,
whereas the highest POD value reached nearly 90% in summer. It is noted that all satellite products had
low POD value in winter. This result is consistent with the findings of previous studies [8,58]. The
greater occurrence of low intensity precipitation with weak emissivity signal may cause retrieval
algorithms failed to detect precipitation in winter [5]. Sorooshian et al., [59] also pointed out that

Remote Sens. 2014, 6

11657

different performance in warm or cold season is one of the limitations of current satellite-based
precipitation datasets. The worst FAR values were observed in winter and the best FAR values were
observed in summer. Complex background emissivity from cold surface and ice cover in winter may be
identified as rain, which could make false precipitation events increased [60,61]. Therefore, satellite-based
precipitation products performed better in summer than in winter over the Chinese Mainland. These
findings echo work of Kidd et al. [5], who found the satellite products showed a seasonal cycle with
relatively good results during summer but relatively poor during winter. AghaKouchak also highlighted
the systematic error was remarkably higher during winter over the entire conterminous United States [62].
Poor performance of satellite-based precipitation products during winter could be attributed to cold
surface backgrounds emissivity affecting the PMW retrievals or a greater occurrence of low intensity
precipitation [5,59].
Figure 3. Seasonal variations of validation statistics. (a) Mean precipitation (mm/day);
(b) ratio between satellite products and observations (%); (c) RMSE (mm/day);
(d) Correlation coefficients; (e) POD and (f) FAR.

3.2. Evaluation of Satellite-Based Precipitation Products over the Contiguous Chinese Mainland
The satellite-based precipitation products had been compared to CMA-GRA over the contiguous
Chinese Mainland for the four years period from 2003 to 2006. In order to examine ability of capturing
the rainfall spatial patterns of satellite-based precipitation products, snapshots of precipitation patterns
for two arbitrary days were selected to compare with corresponding reference data. Figure 4 shows
snapshots of precipitation patterns for an arbitrary winter day (12 January 2005) for the CMA-GRA and
the four satellite-based precipitation datasets. There were two precipitation systems detected (Figure 4a),
one over southern China and the other over central and western China. All satellite-based precipitation
products captured the precipitation system in southern China. However, only CMORPH product
captured the precipitation system over central and western China. It also noted no-rain events as rain
events over the plains of northern China. This result indicated that CMORPH trends to identify more
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rain events than other datasets. GSMaP, TRMM-3B42 and TRMM-3B42RT readily captured the heavy
precipitation system in southern China. However, they missed a considerable part of the precipitation
area at high latitudes (>40°N) and high altitudes (e.g., the Qinghai-Tibet Plateau). In addition,
obvious underestimation of precipitation was detected in GSMaP and CMORPH. Figure 5 shows
snapshots of precipitation patterns for an arbitrary summer day (1 July 2005) for CMA-GRA and the
four satellite-based precipitation datasets. The spatial patterns of precipitation systems observed by all
datasets aligned with observations, and were notably more in agreement than in winter.
Figure 4. Snapshots of daily precipitation patterns on an arbitrary winter day
(12 January 2005) for (a) CMA, (b) GSMaP, (c) CMORPH, (d) TRMM 3B42 and
(e) TRMM 3B42RT. Units are mm/day.
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Figure 5. Snapshots of daily precipitation patterns on an arbitrary summer day
(1 July 2005) for (a) CMA, (b) GSMaP, (c) CMORPH, (d) TRMM 3B42 and
(e) TRMM 3B42RT. Units are mm/day.

Figure 6 shows the spatial distribution of the four years mean precipitation based on daily gauge
analysis and the satellite-based precipitation products. The precipitation distribution over Mainland
China was characterized by a southeast-to-northwest decrease in the mean intensity of daily gauge-based
analysis data. All satellite-based precipitation products depicted this spatial pattern. However, there was
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an obvious underestimation over southern and southeastern portions of China by GSMaP and CMORPH,
where landfall of typhoons and annual migration of the monsoon (Mei-Yu) introduces abundant fresh
water. The heavy rainfall may cause signal attenuation of PWM sensor, which may cause
underestimation in satellite-based precipitation products. AghaKouchak and Mehran [44,58] also found
that satellite-based precipitation products lose their accuracy as precipitation threshold increases over
continues of United States. GSMaP and CMORPH tended to underestimate the annual precipitation by
about 1–3 mm/day in these regions. The overestimation is detected in TRMM-3B42RT and GSMaP over
arid and semiarid inland regions in the northwestern of China. Many other studies also detected
that satellite-based precipitation estimates trend to overestimate precipitation in arid and semiarid
regions [37,40]. A possible explanation for these overestimations is that raindrops may evaporate before
reaching the surface [63]. Therefore, satellite-based precipitation estimates led to overestimation in arid
and semiarid regions, but underestimated precipitation in humid regions over the Chinese Mainland.
Sorooshian et al. [59] also emphasized that error characteristics of satellite-based precipitation estimates
should be investigated in detail over different climate regions. Due to the gauge correction,
TRMM-3B42 exhibited close alignment with CMA-GRA over the Chinese Mainland. Figure 7 illustrates
the spatial distribution of RMSE between CMA-GRA and satellite-based precipitation estimates. All
datasets had similar distribution of RMSE. A large (small) RMSE associated with high (low) intensity of
precipitation appeared in southeastern (northwestern) China. AghaKouchak et al. [62] also highlighted
that the systematic biases of satellite precipitation were proportional to the rain rate magnitude.
Compared to other three precipitation datasets, TRMM-3B42RT had a large RMSE over the
Qinghai-Tibet Plateau. Figure 8 shows the spatial distribution of CC between CMA-GRA and
satellite-based precipitation products. The CCs of all products are good over most regions of China.
Serial correlation coefficient reached 0.7 or higher over southeastern China, and less than 0.2 over most
region of northwest. Values of POD and FAR are shown in Figures 9 and 10. PODs of satellite-based
precipitation products ranged from 0.5 to 0.9 over the Chinese mainland. The highest POD reached 90%
in the center of the Chinese mainland; FAR ranged from 0.1 to 0.7 with the lowest reaching less than
10% in southeastern China. The worst POD and FAR values were detected over western of China. These
results confirmed conclusion draw by Nasrollahi et al. and AghaKouchak et al. [61,62] Both of these two
studies indicated high systematic and FAR value could be related to altitude effect in mountain regions.
All statistics indicate that the performance of the four satellite-based precipitation products over
southeastern and wet region was better than in eastern Tibet and most of the regions in northwestern arid
and semiarid regions of the Chinese Mainland. The results reinforce the findings of earlier studies. The
previous studies presented [5,59,64] that retrieval results were related to precipitation type and
intensities. In the southeastern of the Chinese Mainland with a warm and tropical climate, the
precipitation type is almost always convective. Satellite-based precipitation estimates tend to
demonstrate better estimation of CC, POD and FAR and underestimate precipitation. Across the eastern
Tibet and most of the regions in northwestern arid and semiarid regions, the rainfall type is almost always
stratiform. Satellite-based precipitation estimates tend to demonstrate worse estimation of CC, POD and
FAR and overestimate precipitation. Another possible reason that caused the satellite-based precipitation
to have better performance over southeastern of the Chinese Mainland than the Qinghai-Tibet Plateau is
the elevation effect. Emissivity signal from lower surface temperature at high-altitude regions may be
identified as rain [60,61]. In other hand, satellite-based precipitation estimates may miss warm and
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orographic rainfall in mountainous regions [65]. Therefore, it is necessary to improve quality of precipitation
estimates in high altitude or mountain regions in future [59].
Figure 6. Distribution of daily mean precipitation over the Chinese Mainland from 2003 to
2006. Units are mm/day. (a) CMA, (b) GSMaP, (c) CMORPH, (d) TRMM 3B42 and
(e) TRMM 3B42RT.
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Figure 7. Distribution of RMSE over the Chinese Mainland from 2003 to 2006.
(a) GSMaP, (b) CMORPH, (c) TRMM 3B42 and (d) TRMM 3B42RT.

Figure 8. Distribution of correlation coefficients over the Chinese Mainland from 2003 to
2006. (a) GSMaP, (b) CMORPH, (c) TRMM 3B42 and (d) TRMM 3B42RT.
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Figure 9. Distribution of POD over the Chinese Mainland from 2003 to 2006. (a) GSMaP,
(b) CMORPH, (c) TRMM 3B42 and (d) TRMM 3B42RT.

Figure 10. Distribution of FAR over the Chinese Mainland from 2003 to 2006.
(a) GSMaP, (b) CMORPH, (c) TRMM 3B42 and (d) TRMM 3B42RT.
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3.3. Evaluation of Satellite-Based Precipitation Products over Mountain and Lowland Regions in the
Chinese Mainland
As shown in the Section 3.2, the accuracy of the satellite-based precipitation products varied in
different region over the Chinese Mainland. Many studies indicated complex topography might
significantly influence quality of satellite-based precipitation estimates [66,67]. To assess the impact of
orographic effects on the performance of satellite-based precipitation products, validation statistics were,
respectively, calculated over mountain and lowland regions in the Chinese Mainland (Table 4). Altitudes
of mountain (lowland) regions are higher (lower) than 3000m. GSMaP underestimated precipitation by
about 0.99 (33%) and 0.15 (10%) mm/day over lowland and mountain regions, respectively.
CC indicated GSMaP performed better over lowland than mountain regions. Although GSMaP had a
higher POD score in mountain regions than lowland regions, FAR of GSMaP score in mountains regions
was worse than in lowland regions. CMORPH underestimated precipitation by about 0.5 (−17%) and
overestimated precipitation by about 0.2 (12%). CC, POD and FAR of CMORPH illustrated that
CMORPH had better performance in lowland regions than mountain regions. ME of TRMM-3B42
exhibited close consistent with observations both in lowland and mountain regions. TRMM-3B42RT
overestimated precipitation by about 0.35 (12%) and 1.62 (100%) mm/day over lowland and
mountain regions, respectively. ME, CC, POD and FAR of TRMM-3B42 and 3B42RT indicated that
gauge correction can improve the quality of satellite-based precipitation products both in lowland and
mountain regions.
Table 4. Validation statistics of the four rainfall estimates over mountain and lowland
regions in the Chinese Mainland from 2003 to 2006.

GSMaP
(Lowlands)
GSMaP
(Mountains)
CMORPH
(Lowlands)
CMORPH
(Mountains)
TRMM-3B42
(Lowlands)
TRMM-3B42
(Mountains)
TRMM-3B42RT
(Lowlands)
TRMM-3B42RT
(Mountains)

ME
(mm/day)

RE *
(%)

CC

POD

FAR

−0.99

−33%

0.67

0.68

0.31

−0.15

−10%

0.62

0.76

0.44

−0.5

−17%

0.68

0.78

0.45

0.20

12%

0.59

0.79

0.54

−0.05

−1%

0.67

0.58

0.29

−0.01

0%

0.61

0.64

0.38

0.35

12%

0.60

0.59

0.35

1.62

100%

0.42

0.66

0.41

* RE is abbreviation of relative error which is a ratio between mean error and mean precipitation
of observations.
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4. Discussion
The analysis presented in this study provides a quantitative comparison between four satellite-based
precipitation products and gauge based precipitation analysis dataset. It should be noted that topography
obviously influences the accuracy of retrieval results [33,45,58,59]. Out results (Table 4) also supported
this point well. For example, CMORPH underestimated precipitation in lowland regions while it
overestimated precipitation in mountain regions. Many efforts have been devoted to evaluate
precipitation products in Himalayan front region. Andermann et al. [66] suggested that satellite-based
precipitation estimates might miss the changes of precipitation caused by topographic gradients in
small scale. Krakauer et al., [67] also found that three precipitation datasets (GSMaP, CMORPH,
PERSIANN-CCS) underestimated precipitation in mountain regions over Nepal. Howerver, evaluation
of these satellite-based precipitation products were very limited over the Qinghai-Tibet Plateau.
Therefore, it is necessary to investigate error characteristics in detail for popular satellite-based
precipitation products over the Qinghai-Tibet Plateau with a very complex topography.
Moreover, the verification methods used in this study were traditional and widely employ to evaluate
remote sensing precipitation estimates, such as bias, POD, FAR, etc. Development of methods for
validation and uncertainty analysis are of great importance [59]. In recent year, several efforts were
devoted to development various methods for validation of satellite-based precipitation estimates. To
track the errors sources associated with the retrieval processes, Tian et al. [68] proposed an error
decomposition scheme to separate the errors into three independent components. AghaKouchak et al. [62]
investigated systematic and random error components of several satellite precipitation products. To
investigate both the categorical and volumetric errors of remote sensing precipitation data,
AghaKouchak [69] developed extended contingency table metrics to decompose the total bias into
volumetric errors terms (e.g., biases) associated with categorical metrics (e.g., hit). A great deal of effort
has been put to develop metrics for validation and uncertainty analysis, such as quantile
bias [58], geometrical indices for evaluate precipitation patterns [70], and so on [71,72]. Gebremichael [73]
summarized a framework for satellite rainfall product evaluation. Hence, it is necessary to investigate
more detail information about error characteristics for these satellite-based precipitation datasets by
using the geometrical and other metrics indices mentioned above. Another difficult challenge faced us
is different scale of measurements and gridded precipitation data. Gauges provide the point measurement
of precipitation. Gridded precipitation data is the spatial integrated data. It is also need to develop further
validation methods to conquer this problem.
Furthermore, this study is focus on the performance of satellite-based precipitation products over the
Chinese Mainland. There are two types precipitation dataset also should be included in evaluation
studies. One is gridded precipitation dataset constructed based on the dense network of rain gauges and
interpolation skill, such as APHRODITE [74]. Another type is precipitation dataset simulated by
numerical weather prediction models and data assimilation technique, such as High Asia Reanalysis
(HAR) [75,76]. These various gridded precipitation data sets were proved have many different strengths
or imperfections [77,78]. It is worth to make a comparative analysis of various gridded precipitation data
sets, including remote sensing, interpolated rain gauge data and simulated by numerical weather
prediction models over the Chinese Mainland.
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5. Conclusions
Satellite-based precipitation products have provided global precipitation mapping in recent years.
These products enabled a wide range of applications for hydrology, meteorology and land surface
studies. Even though there have been many studies evaluating the performances of these products around
the world, they have rarely been evaluated at either single grid scale or a continental scale over the
Chinese Mainland. In this paper, four satellite-based precipitation products were evaluated by comparing
with a gauge-based analysis of daily precipitation data over the Chinese Mainland during a four-year
period from 2003–2006. The findings of this study included:
1. GSMaP and CMORPH underestimated precipitation amount. TRMM-3B42RT overestimated
precipitation amount. TRMM-3B42 had the best estimation of precipitation amount in all four products.
POD and FAR values of GSMaP lied in the middle of the values in all four datasets. CMORPH received
the highest POD score, but its FAR value was the worst in all four datasets. In contrast, TRMM-3B42
had the lowest POD score, but its FAR score was also the lowest in all four datasets. POD and FAR
values of TRMM-3B42RT were similar to TRMM-3B42.
2. Three satellite-based precipitation products (GSMaP, CMORPH and TRMM-3B42RT) had about
20%–50% more events than CMA-GRA across the range of 1–8 mm/day (low-intensity rainfall events).
TRMM-3B42 underestimated the frequency of low-intensity rainfall events. The histograms of
TRMM-3B42 and CMORPH aligned best with CMA-GRA in the range of 8–128 mm/day.
TRMM-3B42RT overestimated the number of rainfall events in the range of 8–128 mm/day, whereas
GSMaP had the fewest events among all four datasets across this range.
3. All satellite-based precipitation products performed well in capturing seasonal variability in
precipitation. GSMaP underestimated precipitation all year round. Mean daily precipitation of the
CMORPH and TRMM-3B42 generally agreed with the CMA-GRA. The TRMM-3B42RT dataset
significantly overestimated precipitation each month. CC, POD and FAR indicate that satellite-based
precipitation products performed better in summer than winter.
4. All satellite-based precipitation products performed well over most regions of China. They
captured spatial patterns and magnitudes of rainfall for both individual rainfall systems and in daily mean
precipitation determinations. GSMaP and CMORPH tended to underestimate precipitation amount over
southern and southeastern China.TRMM-3B42RT overestimated precipitation over eastern Tibet and
most of the northwestern arid and semiarid regions of the Chinese Mainland. TRMM-3B42 exhibited
close alignment with gauge-based analyses. The spatial patterns of CC, POD and FAR for all
satellite-based products were similar. All results indicate that the performance of the four satellite-based
precipitation products over southeastern and wet region was better than in eastern Tibet and most of the
regions in northwestern arid and semiarid regions of the Chinese Mainland.
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