Hydrol. Earth Syst. Sci., 17, 83849 2013 Hydrology and 9
www.hydrol-earth-syst-sci.net/17/837/2013/ S
doi:10.5194/hess-17-837-2013 Earth System >
© Author(s) 2013. CC Attribution 3.0 License. Sciences &

Evaluation of high-resolution satellite precipitation products
using rain gauge observations over the Tibetan Plateau

Y. C. Gaot and M. F. Liu 123

Linstitute of Geographical Sciences and Natural Resources Research, Chinese Academy of Sciences, P.O. Box 9719,
Beijing, 100101, China

2Graduate School of the Chinese Academy of Sciences, Beijing, 100039, China

3Department of Civil and Environmental Engineering, Princeton University, Princeton, New Jersey, USA

Correspondence tadvl. F. Liu (vanniO5@gmail.com)

Received: 16 July 2012 — Published in Hydrol. Earth Syst. Sci. Discuss.: 15 August 2012
Revised: 9 January 2013 — Accepted: 18 January 2013 — Published: 28 February 2013

Abstract. High-resolution satellite precipitation products present weak dependence on topography. However, biases of
are very attractive for studying the hydrologic processes inTMPART and PERSIANN present dependence on topogra-
mountainous areas where rain gauges are generally spargghy and variability of elevation and surface roughness plays
Four high-resolution satellite precipitation products are eval-important roles in explaining their biases.

uated using gauge measurements over different climate zones
of the Tibetan Plateau (TP) within a 6 yr period from 2004
to 2009. The four satellite-based precipitation data sets are:

Tropical Rainfall Measuring Mission (TRMM) Multisatellite 1  Introduction

Precipitation Analysis 3B42 version 6 (TMPA) and its Real

Time version (TMPART), Climate Prediction Center Mor- The Tibetan Plateau (TP) is one of the highest plateaus
phing Technique (CMOPRH) and Precipitation Estimationin the world with an average altitude of more than
from Remotely Sensed Information using Artificial Neural 4000ma.s.l. (above sea level) and an area of about
Network (PERSIANN). TMPA and CMORPH, with higher 2.4millionkm?. The TP is the water source area of some
correlation coefficients and lower root mean square errordMportant rivers (e.g. Yangzte, Yellow, Lancang-Mekong,
(RMSESs), show overall better performance than PERSIANNSalween-Nujiang and Brahmaputra), which greatly affect
and TMPART. TMPA has the lowest biases among the fourhundreds of millions of people living in China. The TP
precipitation data sets, which is likely due to the correctionhas @ significant thermal difference from its peripheral ar-
process against the monthly gauge observations from globa#as, known as heating source in the summer and cooling
precipitation climatology project (GPCP). TMPA also shows Source in the winter, which has a far-reaching impact on
large improvement over TMPART, indicating the importance the Asian monsoon systems and the formation of the East
of gauge-based correction on accuracy of rainfall. The fourChina climate (Yeh and Gao, 1979; Yanai et al., 1992).
products show better agreement with gauge measuremeniyang et al. (2003) found that the evolution and eastward
over humid regions than that over arid regions where corre/motion of convective cloud systems over the TP played im-
lation coefficients are less than 0.5. Moreover, the four pre-Portant roles in the development and strengthening of rain-
cipitation products generally tend to overestimate light rain-Storms for the Yangtze River in 1998, which produced se-
fall (0~10 mm) and underestimate moderate and heavy rainvere floods that killed thousands of people and destroyed
fall (> 10 mm). Moreover, this study extracts 24 topographic about seven million houses. Shi et al. (2008) additionally
variables from a DEM (digital elevation model) and uses afound that the mesoscale feature in topography enhanced
linear regression model to explore the bias—topography relatnesoscale disturbances over the TP, which propagated east-

tionship. Results show that biases of TMPA and cMoRrpHWard and caused the increase of precipitation for the Yangtze
River in 1998. Understanding the meteorological variations
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and hydrological processes of the TP cannot be overemphahat error properties of satellite-based precipitation should be
sized. Yang et al. (2011) suggested that observed precipitastudied in different climate regions and altitudes.
tion showed insignificant increasing trends over the central Yin et al. (2008) built a topography-based correction
TP and decreasing trends along the TP periphery. Howevemethod for satellite-based precipitation estimates and found
their results are based on rain gauges and may lose the reprirat TRMM 3B42 version 5 (an earlier version of TMPA)
sentativeness due to the low gauge density over the TP. Thugenerated consistent overestimation over the TP at a monthly
it is important to explore accurate documentation of the tem-timescale. They also reported obvious improvements over
poral and spatial distribution of precipitation. 3B42 version 5 when considering the performance of
The development of remote sensing technology hasTRMM 3B43 version 6 that incorporated more MW data
brought unprecedented opportunity to estimate precipitatiorincluding the Special Sensor Microwave Imager (SSM/I)
by using radiometric observations. They can be classifiecand Advanced Microwave Sounding Unit (AMSU). The cor-
into two main groups (Sapiano and Arkin, 2009). (1) In- rected satellite monthly rainfall estimates showed significant
frared (IR) imagery, which benefits from the high sampling improvements over original satellite estimates when a re-
frequency but yields crude estimates of precipitation becausgression model was used based on gauge locations and to-
of the indirect relationship between cloud-top temperaturepographic variables. However, their study was confined to
and precipitation. (2) Microwave (MW), which tends to pro- monthly rainfall while hydrological process studies are, gen-
duce more accurate precipitation retrievals due to the direcerally, at least based on a daily scale. Our study focuses on
connection with rainfall, but suffers from infrequent tempo- the evaluation of four widely used satellite-based precipita-
ral sampling problem. Recently, several high-resolution pre-tion products in specific climate zones over the TP at a daily
cipitation products (0.25and 3 hourly) by merging MW timescale. We also try to explore the relationship between
and IR data have emerged, such as Precipitation Estimaopography and satellite rainfall estimates at daily timescales
tion from Remotely Sensed Information using Artificial Neu- because results by Yin et al. (2008) imply that topographic
ral Networks (PERSIANN; Hsu et al., 1999; Sorooshian variables may be capable of interpreting errors of satellite
et al., 2000), Climate Prediction Center Morphing Method rainfall data. The performance of the satellite precipitation
(CMORPH; Joyce et al. 2004), and TRMM Multisatellite estimates is expected to provide suggestions for the applica-
Precipitation Analysis (TMPA; Huffman et al., 2007). They tion of these precipitation products over the TP. This paper is
have been used in many different ways such as climate studsrganized as follows: Sect. 2 provides a description of data
ies and hydrological analysis (e.g. Gottschalck et al., 2005sets and method; Sect. 3 discusses the comparison between
Shi et al., 2008; Pan et al., 2010). high-resolution satellite precipitation data sets and rain gauge
Although high-resolution precipitation products provide observations and the topographic impact on biases of satellite
a strong basis for studying the hydrologic processes inestimates, and a summary is given in Sect. 4.
large mountainous areas, the accuracies need to be val-
idated. There have been several studies focusing on the
evaluation of the performance of high-resolution precipita-2 Data and method
tion products over mountainous regions. Hong et al. (2007)
compared PERSIANN-CCS (an improved version of PER-2.1  Study area
SIANN; Hong et al., 2004) rainfall estimation with rain
gauge observations in a complex terrain region of northwestThe TP is located in northwestern China, including Xizang
ern Mexico. They reported that PERSIANN-CCS tended (Tibet), Qinghai, Gansu, southern Xinjiang and the west-
to underestimate the occurrence of light precipitation atern Sichuan province. Our study mainly focuses on the area
high elevation and to overestimate the occurrence of preof 25-40 N and 75-10%E with mean elevation of about
cipitation in low elevation, resulting in an overall positive 4292 m (Fig. 1). Topography plays an important role in creat-
bias in PERSIANN-CCS. In Ethiopia, Hirpa et al. (2010) ing disparate microclimates ranging from deserts to forests.
evaluated three high-resolution precipitation products over~or example, the average elevation of Qaidam basin is largely
complex terrain at annual timescale and found that PER{ower than peripheral regions, which prevents water vapor
SIANN could not show the elevation-dependent trend exhib-from flowing into the basin to form rainfall and leads to
ited in TMPA 3B42RT (the real-time version without cor- its being an extremely arid area. Sun and Zheng (1999) di-
rection against gauge observations), CMORPH and gaugeided the TP and its peripheral regions into zones accord-
measurements. The superiority of MW-based TMPA 3B42ing to climatic factors shown in Table 1 (Fig. 2). For ex-
and CMORPH to IR-based PERSIANN over Ethiopia hasample, the Qaidam basin is located in the zone of HIID1
also been validated by Dinku et al. (2008) at daily scalescharacterized as a temperate and arid zone. Table 2 presents
and Romilly and Gebremichael (2011) at monthly scales.mean elevation, 6 yr mean rainy season precipitation and the
Romilly and Gebremichael (2011) indicated that the impactnumber of rain gauges within every zone. Arid zones gener-
of elevation on the performance of satellite estimates must bally receive rainfall less than 150 mm while humid zones re-
region specific. Sorooshian et al. (2011) also recommendedeive more than 600 mm except zone IVA. TMPA, CMORPH
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Fig. 1. The rain gauge network consisted of 166 stations used in our study, and the elevation pattern over the entire Tibetan Plateau and its
peripheral regions.

Table 1. The indices that are used to divide the TP into climate
zones. Note that ET denotes annual evapotranspiration (mm), and

P denotes annual precipitation (Sun and Zheng, 1999).

Indices Number  Indices Dryness  Annual
of days precipitation
(mm)

Subtropical > 180 Humid <1.0 > 800
Warm-temperate 141-180 Semi-humid 1.0-1.5 500-800
Temperate 51-140  Semi-arid 1.6-5.0 200-499
Sub frigid 1-50 Arid 5.1-15 50-199
Frigid 0 - - -

75" E 80°E 85" E : 95 E 100° E 105° E

[ HOD_frigid, arid zone I HIID_temperate, arid zone

B HIB_subfrigid, semi-humid zone
I HiC_subfrigid, semi-arid zone

I HIIC_temperate, semi-arid zone
I VIA_south subtropical, humid zone

[ 11D_temperate, arid zone

1ID_warm-temperate, arid zone
I HIIAB_temperate, humid or semi-humid zone [l IVA_north subtropical, humid zone
I VA_mid-subtropical, humid zone

4 Gauge station

(TMI) and other MW data (Hsu et al., 1999; Sorooshian et
al., 2000). The trained network is then applied to determine
precipitation estimates based on IR measurements. TMPART

B 4 subtropical bumid zene establishes IR—precipitation relationship by matching the

Fig. 2. The climate zones over the Tibetan Plateau and its peripheraProbability density function between MW precipitation re-
areas and the 166 rain gauges (Sun and Zheng, 1999). trievals and IR observations (Huffman et al., 2007). MW es-
timates are preferentially used when MW data are available,
and IR estimates are used to fill the grids that are not covered
and PERSIANN are used to roughly assign the rainy seasoby MW retrievals. The combined precipitation estimates are
precipitation because they can provide continuous coveragehen calibrated and rescaled using the GPCP monthly gauge
TMPART is excluded because it produces a less accuratéata measured over land (Huffman et al., 1997). The dif-
rainfall field than TMPA. However, it is worth noting that ference between TMPA and TMPART is that TMPART is
they are all biased and will be evaluated later. the real time version without gauge correction. Based on IR
measurements, CMORPH constructs motion vectors of cloud
systems to interpolate the infrequent MW estimates with time

] ) S to create consistent time series for precipitation (Joyce et al.,
High-resolution precipitation products PERSIANN, TMPA 2004).

3B42 version 6 and Real Time version (TMPART) and

CMORPH that map global precipitation at 3-hourly and 2.3 Rain gauge data

0.25 resolution are examined in our study. A good and de-

tailed description of them and their inputs are available inWe collect a surface precipitation data set from the National
Sapiano and Arkin (2009). We, here, only briefly summa- Meteorological Information Center of the China Meteorolog-
rize the algorithms for retrieving rainfall. In the PERSIANN ical Administration (CMA). The data set consists of daily
algorithm, an artificial neural network is used to train IR— precipitation records during 2004—-2009 at 166 rain gauges
precipitation relationship with TRMM Microwave Imager located in the central TP and its peripheral areas (Fig. 1).

2.2 Satellite precipitation data

www.hydrol-earth-syst-sci.net/17/837/2013/ Hydrol. Earth Syst. Sci., 17, 83349, 2013



840 Y. C. Gao and M. F. Liu: Evaluation of high-resolution satellite precipitation products

Table 2. Characteristics of the climate zones. Meanings of the zone names are referred to Fig. 2. The rainy season precipitation here refers
to six months from May to October and is calculated as the median of TMPA, CMORPH and PERSIANN estimates.

Zones Mean Rainy Number  Zones Mean Rainy  Number

elevation season of rain elevation season of rain

(m) precipitation gauges (m) precipitation gauges

(mm) (mm)

HOD 4363 119 3 HIID2 4949 134 1
HIB 4499 505 15 1D 1507 155 13
HIC 4870 243 7 1D 1224 96 9
HIIAB 4145 621 30 IVA 1849 474 1
HIIC1 3239 363 22 VA 1699 684 33
HIIC2 4920 332 18 VIA 1642 705 2
HIID1 3347 123 10 VIIA 2552 616 2

A strict quality control process has been applied by CMA contains the rain gauge, we expect to relieve errors caused by
to check and validate extreme values. Wind and snow carwind and other spatial sampling problems (Bell and Kundu,
cause inaccuracies to rain gauge observations (Legates ar&®03; Bowman, 2005). Moreover, Demirtas et al. (2005)
Willmott, 1990). Therefore, our study only refers to sum- compared two types of verification techniques for model pre-
mer and fall seasons from May to October. It is worth noting cipitation forecasts: “grid-to-grid” and “grid-to-point” with
that the selected months cover rainy seasons and the accumbiinear interpolation and found that the two methods led to
lated precipitation in these months account for 86.8 % of thesimilar conclusions. The 3-hourly precipitation in the satel-
annual precipitation from 2004 to 2009. Note that the accu-lite data sets is accumulated to daily rainfall following the
mulated and annual precipitation is simply calculated as themethod used in Shen et al. (2010). It should be noted that
spatial mean value of the 166 gauge measurements over TRatellite products with Universal Time Coordinated (UTC)
It is not possible to reach perfect spatial matching be-have been transformed to Local Standard Time (LST) to be
tween point measurements from gauges and spatially averconsistent with rain gauges.
aged estimates from satellite products (Hong et al., 2007;
Sapiano and Arkin, 2009; Hirpa et al., 2010; Romilly and Ge-2.4  Statistical indices

bremichael, 2011). Fundamental difficulties exist when com- L . . .
paring gauge measurements and satellite estimates: retrieviP duantitatively compare satellite products with rain gauge

errors of satellite algorithms, sampling errors caused by dif-Measurements, a set of statistics are used in our study: corre-
ferent sampling schemes, systematic gauge errors relatd@tions, bias and root mean square errors (RMSE). To detect
to instruments, etc. (Ciach and Krajewski, 1999: Bowman,the satellite’s ability of _delmeatlng raln/n_o rain events_,_ we
2005). However, this study is not aimed to precisely quantifyalso a(_jopt a set of contingency table stgtlsncsE probability of
the errors of satellite estimates in individual rain events, butdtection (POD) that measures the ratio of rain occurrences
to evaluate the overall performance of satellite products ovefOrrectly detected to the total number of observed events,
a long period and its relationship to local climate and topog-false alarm ratio (FAR) that measures the ratio of the number
raphy. Moreover, we cover a period of six years (200 4_2009)of falsely alarme_d rain events to the total numb(_ar of de_t_ected
to create large rainfall samples that are expected to relieve th8VeNts, and equitable threat score (ETS) that is modified to

interference of sampling errors. Xie et al. (2007) constructeg?ccount for hits due to random chance (Schaefer, 1990; Ebert

a gridded daily precipitation data set based on gauge obseft al., 2007). Note that all the statistics are calculated based

vations over East Asia. The gridded data set performed welP" ime series of gauge points created by the previously men-
over most regions of China except over the TP. The sparséjoned downscaling method. The equations of these statistics

gauge network of the TP did not allow accurate estimation®€ Shown below.
of an analyzed precipitation field. In order to avoid large n
inaccuracies caused by up-scaling interpolation, we follow “

1

1

@)

a downscaling method used by Sapiano and Arkin (2009)Correlation=

(Gi —G) (8 - 3)
that builds the matched rainfall series for each gauge sta- \/ «

(Gi - G)? (5 - 3)°

n
=1 i=1

tion by combining the surrounding four grids points from i
the satellite analyses using bilinear interpolation. A good de- 1
scription of bilinear interpolation can be found in Wikipedia Bias= — Z Si — Gy) (2)
(http://en.wikipedia.org/wiki/BilinearinterpolatignBy inte- i3

grating the nearest four grids instead of the single grid that
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Table 3. Topographic variables and their descriptions.

Variable Description

MEAN_slp Mean slope angle inside 02Buffers

MEAN _hshd Mean lighting condition inside 0.2Buffers, as represented by relative solar radiation with solar azimuth at
18(° (south) and alt of 55

MIN _dem Minimum elev inside 0.25uffers

MAX _dem Maximum elev inside 0.2%uffers

RANGE._dem Range of elev values inside ?25uffers

MEAN_dem Mean elev inside 0.2%uffers

STD.dem Std dev of elev inside 0.2Buffers

SUM_dem Sum of all elev values inside 0725uffers

MEDIAN _dem Median elev inside 0.2%uffers

MIN _relief Minimum relative relief inside 0.Z5buffers, based on a 0>Search radius

MAX _relief Maximum relative relief inside 0.2%uffers, based on a @ 5earch radius

MEAN _relief Mean relative relief inside 0.2%uffers, based on a ®%earch radius

STD_relief Std dev of relative relief inside 0.2Buffers

Flatasp Proportion of flat terrain inside 022Buffers, where slope aspect is coded as 0

North_asp Proportion of area with north-facing slopes inside Otit8fers

Northeastasp Proportion of area with northeast-facing slopes inside haters

Eastasp Proportion of area with east-facing slopes inside“Ch2fers

Southeasasp Proportion of area with southeast-facing slopes insidé€ @2ffers

Southasp Proportion of area with south-facing slopes inside®Ot2fers

Southwestasp  Proportion of area with southwest-facing slopes inside afers

Westasp Proportion of area with west-facing slopes inside OliBfers

Northwestasp  Proportion of area with northwest-facing slopes inside’th2fers

1 n
RMSE= | =3 (S; — G2
i

POD =

FAR

ETS

where,G; means gauge observations aRds the average of
gauge observations; andS are satellite estimates and their
average, respectivelyd: observed rain correctly detected,;
M: observed rain not detecteff; rain detected but not ob-
served;He=(H + M) (H + F)IN and N is the total number

of estimates. Detailed information about contingency table
statistics can be referred to Ebert et al. (2007).

2.5 Topographic analysis

H
H+M
F

H+F

H — He

rainfall fields, a buffer of 0.25is generated for each gauge
station. Elevation, slope and aspect are then easily calculated
from a digital elevation model (DEM) with a horizontal grid
spacing of 30arc seconds within the buffer. To obtain re-
lief data, the DEM is first smoothed by a 181101 moving
window and the resultant surface represents the large-scale
topographic features (Yin et al. 2008). The smoothed sur-
face is then subtracted from the original DEM to generate

©)

(4)
(5)

T H+ M+ F — He

(6) local relieves that represent mountain peaks and ridgelines.
All 24 topographic variables used in this study are described
in Table 3. Because some variables listed in Table 3 are re-
lated to each other, principle component analysis (PCA) is
used to reduce the redundancy in the topographic data set
based on values of terrain variables at all 166 gauge stations.
The results of PCA are rotated principle components (RPCs)
that are orthogonal to each other. Each RPC contains origi-
nal variables with similar effects on dependent variables. A
linear regression model is then employed to interpret satellite
rainfall biases based on RPCs.

An assembly of topographic variables including elevation,
slope, aspect and local relief is used in our study. To match
the topographic fields with bilinearly interpolated satellite
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Fig. 3. The 6 yr mean rainy season precipitation during 2004—-200@aofrMPA, (b) CMORPH andc) PERSIANN.

3 Results and discussion are desirable. A threshold of 1.0 mmddyadopted by
Dai (2006) for studying global daily precipitation is used
3.1 Spatial precipitation patterns of satellite data sets here to discriminate whether rain occurs. TMPA and

CMORPH show similar statistics: CMORPH has slightly
Figure 3 shows the spatial distribution of the 6yr meanjarger POD with mean value around 0.70, and TMPA has
rainy season precipitation of TMPA, CMORPH and PER- s|ightly smaller FAR with mean value around 0.35 (Fig. 4a
SIANN over the TP and its peripheral areas. All three satel-and b). However, plus symbols below whiskers in Fig. 4a
lite data sets present an increasing trend of precipitation fronshow that TMPA and CMORPH do not detect rain events
northwest to southeast over the TP. They clearly reveal awell in several sites. Similarly, plus symbols above whiskers
small precipitation amount in the Tarim basin (3780 in Fig. 4b show that TMPA and CMORPH tend to give false
80-90 E, mainly located in zone I1ID including Taklimakan alarms in some sites. TMPART shows the largest POD and
desert) and Qaidam basin (35238 90-99 E, located in  FAR, indicating that it tends to produce rainfall over both rain
zone HIID1) with cumulative rainfall less than 200 mm, and and non-rain areas. Of the four data sets, PERSIANN has the
abundant precipitation of about 1300 mm in the southernsmallest POD and ETS and the similar FAR as TMPART.
Himalayas where the Indian monsoon prevails. In addition, Spatial patterns of correlations and biases of the four
the strong contrast of precipitation pattern between northproducts are illustrated in Figs. 5-6. Overall, of the three
ern and southern Himalayas identifies the orographic effeckatellite products without gauge correction, CMORPH, with
on precipitation (Barros et al., 2004). PERSIANN generatesiarger correlation and smaller bias pattern, shows more cor-
a large mass of precipitation over the central and southerfiespondence with gauge measurements than TMPART and
TP (mainly located in HIB and HIIAB), while TMPA and PERSIANN, which may be due to the fact that TMPART
CMORPH do not (Xie et al., 2007). This feature has beenand PERSIANN use precipitation—IR relationships to esti-
proved to be an overestimation when compared to gaugenate rainfall, while CMORPH only employs IR observa-

measurements. tions to predict advection vectors that are used to interpo-
_ _ _ late the infrequent MW retrievals but not employ them to
3.2 Evaluation according to climate zones directly estimate rainfall amount. The correlation between

IR brightness temperature and rainfall is weak if little wa-

We first examine how well satellite estimates detectig js available in air profiles. PERSIANN has difficulties
rain events. A higher POD and ETS and a lower FAR
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1 @) indicating that it generates positive systematic errors over
09" T . T the TP (Fig. 6d). TMPA is unique of the other three satel-
08 lite data sets, in that a correction process is used against the
07 = S monthly gauge data of GPCP to reduce the inherent bias in
0.6 ° R satellite-based precipitation estimates. Correlations and bi-
S o5 ases of TMPA both show large improvement over TMPART,
o 04 1 + indicating the importance of integrating gauge observations
' =+ = into satellite estimates. The correlations of TMPA are compa-
03 1 + - T rable to those of CMORPH. Serial correlations of TMPA and
0zr F CMORPH exceed 0.6 for most gauges of the Yalong River
01 over the southeastern TP (Fig. 5a and b). Also, as shown in
0 TMPA  CMORPH PERSIANN TMPART Fig. 6_a, TMPA exh|b|ts_ Iovyer serlgl b|ase§ comp_ared to other
satellite estimates, which is consistent with studies over other
1 regions, e.g. Korea (Sohn et al., 2010), and Pacific Ocean
0ol ) + (Sapiano and Arkin, 2009).
0.8 i % = A specific comparison for every climate zone is applied
07 i % - T to further understand the applicability of the four satellite
06 products over different climate zones of the TP. To assure the
v | reliability of comparisons, only zones with at least 10 rain
T 08 : stations are selected. Statistics of every climate zone are av-
04 R o ° ° eraged from gauges within the zones and shown in Table 4.
03 : Larger POD and ETS and lower FAR are observed over hu-
02r | 1 mid zones than over arid zones, and correlations present the
0.1 - o similar situation. RMSE gradually increases from arid zones
0 to humid zones, which may be due to higher amplitude of
TMPA  CMORPH PERSIANN TMPART precipitation over more humid zones. The advantage of in-
] corporating gauge observations over both humid and arid
09 (c) zones is clearly revealed from the comparison of correlation,
' bias and RMSE between TMPART and TMPA. Of the four
08 data sets, TMPA exhibits the lowest biases over most zones
07 and TMPART presents the largest biases, which is consis-
w 061 _ n tent with the bias pattern in Fig. 6. PERSIANN, generally
0osr T — with smaller POD, ETS and correlations and larger FAR,
0.4 $ bias and RMSE, does not present the same good statistics
e I E as CMORPH and TMPA.
| —
o1l 1.’:— 3.3 Evaluation according to rainfall categories
® TIMPA  GMORPH PERSIANN TMPART Rainfall categories may have an impact on the performance

Fig. 4. Box plots of contingency table statistics f¢a) POD of satellite rainfall estimates. To explore different aspects
(b) FAR and(c) ETS. The circle represents the mean value. EachOf Satellite products under different rainfall categories, rain-

box ranges from the lower quartile (25th) to upper quartile (75th). fall is divided into four Cat_egories: 0-10, 10-25, 25-50,
The median is presented by the middle line in the box. The whiskereand > 50 mm. The mean bias for each category is calcu-
extend out to largest and smallest values within 1.5 times the indated for TMPART, TMPA, CMORPH and PERSIANN and

terquartile range (difference between the 75th and 25th percentilesthe result is presented in Fig. 7. Overall, the four precipi-
The plus represents the points beyond the whiskers. tation products generally tend to overestimate light rainfall
(0—10 mm) and underestimate moderate and heavy rainfall
(> 10mm), except that TMPART produces obvious overes-
in addressing this condition since it is mainly based on IRtimation over zone HIIC2 for all categories. The underesti-
brightness temperature in its neural network without incor-mation for moderate and heavy rainfall increases as rainfall
porating water availability in profiles. TMPART has to use IR category increases. TMPART generally produces higher bi-
observations to estimate rainfall when MW retrievals are notases than other products, which as it is shown in Fig. 6d
available and it uses a different method from PERSIANN to TMPART overestimates rainfall at most gauges over the
establish precipitation—IR relationship. TMPART produces TP. TMPA generally has higher performance than PER-
larger positive biases than other products over most gauge§IANN and CMORPH over most zones, showing the effect

www.hydrol-earth-syst-sci.net/17/837/2013/ Hydrol. Earth Syst. Sci., 17, 83349, 2013
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Fig. 5. The spatial pattern of correlations between gauge-based daily precipitation and that derived from satellite products from May to
October during 2004-2009. Note that every circle depicts a gauge station.

of incorporating gauge stations for correction. In general,regression model is employed to interpret rainfall biases
PERSIANN tends to produce a higher positive bias for light based on RPCs. Note that all variables are normalized be-
rainfall and lower negative bias for moderate and heavy rainfore they are used in the model. The regression model is first
fall than TMPA and CMORPH. It is also interesting to note run using all the seven RPCs. Then only PRCs with sig-
that the negative biases in semi-arid and arid zones is lowenificant level lower than 0.01 are maintained for analysis.
than those in semi-humid and humid zones, showing that th&kesults of regression models are shown in Table 6. TMPA
four satellite-based precipitation products are not good at esshows the lowest correlation witk? less than 0.1. This re-
timating moderate and heavy rainfall in arid zones comparedsult may be ascribed that bias-calibrated procedures using

to humid zones. gauge data employed in TMPA made it less possible to ex-
_ _ plore biases of the satellite itself. Biases of CMORPH also
3.4 Evaluation as a function of topography present low correlation with topography. Contrary to TMPA,

i o topography can best explain biases of TMPART. The high-
In PCA, the first seven rotated principle components (RPCS)q; coefficient of RPC2 in the regression model implies that
are determined because they explain more than 90% Of e\ ation plays important roles in explaining biases because
the variance of the original topographic data set, whichppco mainly represents variability of elevation and surface
means that left RPCs are not significant to determine theroughness. PERSIANN also shows similar results. The dif-
bias. Table 5 lists 0rigina] yariable§ repregented by the seVeR ance is that PERSIANN requires more topographic vari-
RPCs. Note that only original variables with absolute l0ad- 565 1 interpret biases, especially aspect. This indicates that

ing values larger than 0.6 are listed because they are main tgg simple bias—elevation relationship may not be enough to
pographic factors related to satellite rainfall biases. A linear
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Y. C. Gao and M. F. Liu: Evaluation of high-resolution satellite precipitation products 845

75 E 80°E 85" E 90" E 95°E 100° € 105° E 75°E 80° E 85°E 90° E 95° E 100° E 105° E
: o / o _— AN ® f, Z’—{;/L”/ [e) — \4° i
g — T e, o &1 %o P 0g o ¢
~ ° o o o 5 ° /O O.Q\O; o | \{ ° o > o ) /o O.o °
S T o T, ° o% 0 ¢ 9o s Se o oo — 4 050 29
S / T 0-e_ 0O ) .\“. ) // 0O 9 8°
z T _— ° O% e O o 12 ~—— _ 0 0G0 OF 612
P e ~ o/ e S _ 0/ P9 eL
N ° 35 o o. { —~ OO0 o0 4 -
N - ° Q ° \ - Ve 6 ° °
Do . o F00% Ny o e © { °
| - o ° | { ) (0] ]
- e} o o ¥ o © o
z \N\\}‘\ ° SO /é}q .O.O S.O. Q. £ Z \A\\L O © ?&«g 2% O o e o |
T \ ~— { ° o Le
g \‘11 hQ.O '%888 Coc? 9 S &, [3 8 \Lv 5 058 o ;/@QE.%O L ON 5]
Q- 0 e AR {%} ©°° Rt e QOV‘OOB
Z O 0 O |z z O o CQ z
&1 (a) TMPA fN o & & (b) CMORPH ¢]@) %
75°E 80°E 85°E 90° E 95° E 100° E 105°E 75°E 80° E 85°E 90° E 95° 100° E 105° E
75°E 80° E 75°E 80" 85°E 90° E 95°E 100° E 105° €
z[ 7 z[ A z
S e © g'/j.\ ° e
r& o 0 — 9 ,Z—, &Q;\O\\O/O/
N
z Q’\\‘T z \L\ﬁ z
8 N : 5] %
\ P
Do
o —
z Nla z z
5 R &1 B
S 8 S
z z z
&7 (c) PERSIANN 1(d) TMPA_RT Mo
75°E 80° E 75°E 80° E 85 E 90° E 95°E 100° E 105° E
Legend
O <200 e 0~0.30

O -2.00~-1.40 © 0.30~0.80
O -1.40~-080 © 0.80~1.40
0 -080~-0.30 @ 1.40~2.00
o -030~0 @ >200

Fig. 6. The spatial pattern of biasess= G (mm day 1) between gauge-based daily precipitation and that derived from satellite products
from May to October during 2004-2009.

interpret biases of satellite rainfall estimates. It is also inter-period from May to October during 2004-2009 is chosen to
esting to note that PERSIANN and TMPART both employ avoid spurious results caused by spatial sampling or random
IR—rainfall relationships to estimate rainfall while CMORPH errors. The major findings are summarized as follows.

does not. The bias—topography effect may be attributed to the

impact of topography on IR observations. 1. With higher correlation and lower RMSE, TMPA and

CMORPH show better performance than PERSIANN
and TMPART over the TP. TMPART produces obvious

. positive biases over most gauges.
4 Summary and conclusions

2. Due to the correction process against monthly gauge
Several studies (e.g. Xie et al., 2007; Shen et al., 2010) were  measurements, TMPA shows large improvements over
involved in the examination of the performance of satellite TMPART and displays the lowest biases among the four
precipitation products over China. However, as far as we satellite rainfall products.
know, the examination over the TP has not been specifically ) ]
studied. We here provide a detailed evaluation of satellite 3- The four products show better agreement with rain
precipitation at a daily scale over the TP with specific fo- gauge measurements in humid regions than that in arid
cus on the different climate zones. We also extract 24 to- ~ '€glons.
pographic variables from DEM, and use a linear regres- ,
sion model to explore the bias—topography relationship. Four
satellite precipitation products are compared against rain
gauge measurements collected from CMA. A long validation

. The four precipitation products generally tend to overes-
timate light rainfall (0—10 mm) and underestimate mod-
erate and heavy rainfal(10 mm).
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Fig. 7. Bias of satellite-based precipitation products for different rainfall categories.

5. Biases of TMPA and CMORPH show weak dependencesuggestions for the future work. First, the satellite-based data
on topography. However, biases of TMPART and PER- sets generate reasonable estimates of precipitation. However,
SIANN present dependence on topography. Also, vari-a correction process based on topography, gauge observa-
ability of elevation and surface roughness play impor-tions or humidity at daily or finer timescales is valuable to
tant roles in explaining their biases. relieve systematic biases to provide a more accurate precip-

itation input for global or regional modelling. Second, al-
Given the sparse distribution of meteorological stations oveithough our study covers most regions across the TP, nearly
the TP, especially in regions at high elevations, satellite-n0 gauges exist over the northwestern TP where elevation is
based precipitation data sets provide an important way tdearly higher than 4500 m, so a denser precipitation observ-
map temporal and spatial patterns of precipitation. One goaing network is needed in these regions for better comparison.

of our study is to evaluate these satellite precipitation prod-
ucts with rain gauge observations before they are integrated
into a global circulation model to simulate global hydrome-
teorological processes, or into a land surface model to under-
stand regional hydrological processes. TMPA that is gauge-
calibrated and CMORPH that depends heavily on MW data
produce better precipitation estimates than PERSIANN that
relies primarily on IR data and TMPART that has to adopt
the IR-rainfall relationship when MW data is not avail-
able. This result is consistent with other similar studies
over different areas of the world, showing the advantages of
gauge-calibration and incorporating MW data. There are two

Hydrol. Earth Syst. Sci., 17, 837849 2013
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Table 4. Evaluation statistics (calculated at a daily timescale) of rain gauge measurements versus satellite estimates over different zones.

Indices Zone Satellite POD FAR ETS Correlation Bias RMSE
name data sets
semi-humid HIB TMPA 0.67 0.25 0.30 0.50 -0.32 5.19
CMORPH 0.75 0.27 0.31 0.57 —-0.07 4.56
PERSIANN 069 0.31 0.24 0.41 0.49 6.16
TMPART 0.73 0.30 0.27 0.43 3.38 12.02
humid or HIIAB TMPA 0.76 0.28 0.34 0.59 0.00 5.28
semi-humid CMORPH 0.78 0.31 0.33 0.62 0.14 4,98
PERSIANN 0.69 0.30 0.29 0.48 0.45 6.56
TMPART 0.80 0.33 0.30 0.50 3.22 11.51
humid VA TMPA 0.74 0.27 0.37 0.67 —0.03 8.93
CMORPH 0.73 0.24 0.39 0.67 —0.89 8.60
PERSIANN 054 0.29 0.24 0.46 -1.76 10.36
TMPART 0.75 0.29 0.34 0.60 0.14 10.12
semi-arid HIIC1 TMPA 0.63 0.34 0.29 0.55 —-0.22 4.93
CMORPH 071 036 0.31 059 -0.29 4.40
PERSIANN 051 0.39 0.21 0.36 -0.74 5.67
TMPART 0.65 0.37 0.27 0.44 0.84 7.47
semi-arid HIIC2 TMPA 0.69 035 0.34 0.54 —0.05 4.67
CMORPH 066 0.39 0.29 048 -0.43 4.40
PERSIANN 0.75 0.39 0.33 0.53 1.33 6.10
TMPART 0.82 0.43 0.30 0.49 5.38 14.95
arid HIID1 TMPA 0.37 0.58 0.18 0.32 —-0.15 2.63
CMORPH 0.46 0.63 0.18 0.40 —-0.19 2.12
PERSIANN 0.49 0.71 0.14 0.27 0.14 2.74
TMPART 0.43 0.69 0.13 0.22 0.93 5.42
arid 11D TMPA 0.59 0.48 0.30 0.50 0.15 3.16
CMORPH 0.70 0.50 0.33 0.51 0.19 2.92
PERSIANN 0.48 059 0.20 0.29 —0.06 3.43
TMPART 055 055 0.24 0.40 0.61 4,71

Table 5. Topographic variables represented by each RPC. Note that only variables with the most negative or the most positive loading values
(i.e. absolute value- 0.6) are listed. The values are in the bracket.

RPC1 RPC2 RPC3 RPC4 RPC5 RPC6 RPC7
Variables MEANSsIp MIN_dem Northeasasp  Northasp Wesiasp Flatasp MEANrelief

(0.924) (0.988) £0.772) (0.714) (0.814) (0.714) (0.959)

MEAN_hshd  MAX.dem Southasp Eashsp Northweshsp  Southwesasp

(—0.700) (0.876) (0.858) (0.835) (0.744) (0.630)

RANGE dem MEANdem Southeastsp

(0.964) (0.976) (0.726)

STD.dem SUMdem

(0.957) (0.981)

MIN _relief MEDIAN _dem

(—0.837) (0.976)

MAX _relief

(0.852)

STD.relief

(0.959)
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Table 6. Regression model results of each satellite rainfall data set. Note that the model was developed based on data from all 166 stations.
All variables in the model are independent and statistically significant at level 0.05.

Satellite R?  Regression model
rainfall
data

PERSIANN 0.50 Bias=0.174—0.146 RPC1+0.756 RPG20.169 RPC3- 0.235 RPC4- 0.196 RPC6 + 0.366 RPC7
CMORPH 0.12 Bias=0.313—-0.133RPC3+0.233RPC7

TMPA RT 0.60 Bias=1.940+0.593RPC1+1.445RPC2+0.302RPC7

TMPA 0.08 Bias=0.112+0.111RPC%* 0.095 RPC2
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