COMPARISON OF NEAR-REAL-TIME
PRECIPITATION ESTIMATES FROM
SATELLITE OBSERVATIONS AND
NUMERICAL MODELS
BY ELIZABETH E. EBERT, JOHN E. JANOWIAK, AND CHRIS KIDD

The accuracy of daily rainfall estimates from satellite observations and short-range numerical
model forecasts is complementary, with satellite estimates performing best
in summer and models in winter

ccurate measurements of precipitation on a
variety of space and time scales are important
not only to weather forecasters and climate scientists, but also to a wide range of decision makers,
including hydrologists, agriculturalists, emergency
managers, and industrialists. Precipitation measurements provide essential information about the global
water cycle and the distribution of the Earth's latent
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heating, which has direct effects on the planetary
circulation of the atmosphere. However, the historical
record of precipitation observations is limited mostly
to land areas where rain gauges can be deployed, and
measurements from those instruments are sparse
over large and meteorologically important regions
of the earth, such as over the Amazon and equatorial Africa. Furthermore, precipitation observations
over the oceans are limited over most of the historical
record to scattered islands and, except for low-lying
atolls, the observations from those locations are
often not representative of the open ocean because
the islands themselves have strong local influences
on the precipitation.
With the advent of meteorological satellites in the
1970s, scientists developed techniques to estimate
precipitation from radiometric observations from
satellites, which provide coverage over most of the
globe. The first techniques used visible or infrared
data to infer precipitation intensity based on the
reflectivity of clouds (visible) and from cloud-top
temperature (infrared). Both of those types of techniques yield crude estimates of precipitation because
the link between cloud properties and precipitation
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is weak. In the 1980s, information became available
from passive microwave sensors that were deployed
on polar-orbiting spacecraft, which provided more
accurate estimates of rainfall than visible or infrared
data.
An increasing number of satellite-based rainfall
products are now available in near-real time over
the Internet. With the emergence of the Internet
and high-speed communications it is possible to
download rainfall maps and digital data provided by
national meteorological centers, government institutions, and university research groups in a matter of
seconds. With data so easily available it is important
that their strengths and limitations be understood so
that they can be interpreted correctly.
The International Precipitation Working Group1
(IPWG; information available online at www.isac.
cnr/it~ipwg/) has established a program for in situ
continental-scale validation of daily rainfall estimates from virtually all of the operational satellite
algorithms providing near-real-time global rainfall products against more conventional rainfall
measurements from rain gauges and radars where
high-quality networks exist. The primary focus is to
provide both the users and the providers of satellite
rainfall estimates with up-to-date information on the
quality of the estimates.
The first regions to be studied include Australia,
the United States, and northwestern Europe, using
data from early 2002 onward. These regional validation activities, while similar in purpose and developed
with some coordination among the three principals
that developed the systems, were leveraged off of
preexisting activities; thus, their statistics and data
presentations are not identical. Daily updated validation results are available on the Internet at www.bom.
gov.au/bmrc/SatRainVal/validation-intercomparison.
html. As a service to satellite algorithm developers,
experimental algorithms are also included in the
validation. These IPWG validation activities have led
to a more comprehensive global study called the Pilot
Evaluation of High Resolution Precipitation Products
(PEHRPP) (Arkin et al. 2005). The IPWG study builds
upon the experience of earlier satellite precipitation
validation studies, in particular the Precipitation
Intercomparison Projects (e.g., Adler et al. 2001)
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and the Algorithm Intercomparison Projects of the
Global Precipitation Climatology Project (GPCP)
(e.g., Ebert et al. 1996). The last of these studies concluded in the late 1990s. Since then a number of new
satellite rainfall algorithms have been developed to
exploit the high sampling rate of the geostationary
satellites, the greater accuracy provided by several
passive microwave instruments, and the more direct
rainfall measurements from the precipitation radar
on board the Tropical Rainfall Measuring Mission
(TRMM; Simpson et al. 1988) satellite. These new
multisensor algorithms are often more accurate
than the earlier single-sensor algorithms (Kidd et al.
2003). Importantly, the combination of information
from several satellite sensors is the paradigm for the
Global Precipitation Mission (GPM) that is scheduled
to begin around 2012 (Flaming 2005).
The IPWG study complements recent evaluations of operational satellite precipitation algorithms
over the United States (Gottschalck et al. 2005),
India (Brown 2006), and East Asia (Xie et al. 2006).
Gottschalck et al. (2005) considered different precipitation datasets as potential input to the Global Land
Data Assimilation System, while Brown (2006) tested
their suitability as input for hydrological models used
to generate river discharge estimates. The evaluation
of satellite rainfall estimates was one application of
the East Asian daily gauge analysis described by Xie
et al. (2006).
An alternative source of global rainfall information is short-range forecasts from numerical weather
prediction (NWP) models. These use satellite and in
situ observations of atmospheric temperature and
moisture and other properties as input to define the
initial conditions, and then integrate the equations
of atmospheric motion together with sophisticated
physical parameterizations to predict rainfall and
other quantities. The Working Group on Numerical
Experimentation 2 (WGNE; information online at
www.wmo.ch/web/wcrp/wgne.htm) conducts an
ongoing intercomparison of short-range quantitative
precipitation forecasts (QPFs) from several operational NWP models to monitor their performance as
a function of region and season (Ebert et al. 2003).
In general, the models show the greatest skill during
the cool season in midlatitudes, where rain systems

1

The IPWG is sponsored by the World Meteorological Organization and the Cooperative Group on Meteorological Satellites
and is a permanent working group to focus the scientific community on operational- and research-satellite-based quantitative precipitation measurement issues and challenges.

2

WGNE is established under the World Meteorological Organization's World Climate Research Programme (WCRP) and
Commission for Atmospheric Sciences (CAS) and has the responsibility of fostering the development of atmospheric circulation models for use in weather prediction and climate studies on all time scales and diagnosing shortcomings.
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tend to be strongly synoptically forced, and poorer
skill for rainfall that is more convective in nature.
The behavior of the models is opposite to that of
the satellite algorithms, which tend to perform best
during the warm season and at low latitudes (Adler
et al. 2001).
Therefore, another focus of our study is to further
understand when, where, and under which circumstances model QPFs are likely to be more accurate
than satellite precipitation estimates, and vice versa.
Because the validation is restricted mainly to land and
nearshore areas where rain gauge and radar data are
available, the results reported here may not be strictly
applicable to ocean regions.
This information on the quality of near-real-time
precipitation estimates is extremely valuable to a
wide range of scientists and decision makers, all
of whom have diverse accuracy requirements. For
example, some users may require precise information on the location and timing of rainfall but may
be less sensitive to errors in intensity, while others
may need unbiased rainfall estimates but are less
concerned with their exact timing and location. In
other words, different sources of rainfall estimates
may be "best" for different users. In all cases,
however, it is important that information is provided
on the errors associated with the rainfall estimates
so that they can be used appropriately. Error distributions given in the form of maps, time series,
intensity distributions, and validation statistics can
help guide users as to when and where the rainfall
estimates are sufficiently trustworthy for their particular application(s).
Some of the most important users of rainfall
accuracy information are the scientists involved in
satellite algorithm development and the numerical
modelers. Product-focused validation is necessary
to identify the rainfall regimes that require attention
toward improving the algorithms. The additional
error information they require in order to improve
their algorithms is often more detailed than the more
general product-focused information provided to external users, and may involve validating the physical
quantities and assumptions in the rainfall algorithms
(e.g., cloud microphysics, vertical rain profiles, etc.).
However, such physical validation is beyond the scope
of this paper.
We begin by briefly describing the satellite and
NWP precipitation estimates used in this study,
along with the validation data against which these
estimates are compared. Examples of the daily validation products from Australia, the United States, and
northwestern Europe are shown. The remainder of
AMERICAN METEOROLOGICAL SOCIETY

the paper highlights the regional and seasonal performance of the precipitation estimates.
SATELLITE-DERIVED PRECIPITATION
E S T I M A T E S . We examined 12 operational precipitation estimates (Table 1). By operational we
mean that they are generated on a regular daily or
subdaily basis at a national center or university using
a well-established satellite algorithm or NWP model,
and are made available soon after their generation.
Five satellite algorithms combining infrared and
passive microwave data (IR-PMW) and two IR-only
satellite algorithms were included, along with three
global NWP models and one regional model.3 The
short-term model forecasts were for hours 0-24 in
Australia and northwestern Europe and hours 12-36
in the United States. Not all products were evaluated
in every validation domain. To assess the impact of
combining IR with PM W data we also evaluated some
nonoperational PMW-only and IR-only products
used to construct the operational estimates.
V A L I D A T I O N D A T A . We validate the satellite
and NWP precipitation products over the United
States, Australia, and northwestern Europe. These
domains comprise a wide variety of precipitation
regimes, including light stratiform precipitation,
solid precipitation in winter storms, frontal rainbands, thunderstorms and squall lines, mesoscale
convective systems, tropical cyclones, and monsoon
precipitation.
We chose a validation time scale of 24 h to take
advantage of the relatively dense daily surface precipitation networks over Australia and the United
States. Daily accumulated precipitation estimates
from radar are used as the validation reference over
northwestern Europe since rain gauge data are not
freely available in near-real time for that region. The
validation spatial scales of 0.25° latitude-longitude
over Australia and the United States and 20 km over
Europe correspond to the spatial scale of the majority
of satellite rainfall estimates. Where necessary, the
model and satellite estimates are remapped using
nearest-neighbor sampling.
The daily rain gauge analyses valid at 0000 UTC
in Australia and 1200 UTC in the United States are
produced using similar methodologies (Weymouth et
al. 1999; Higgins et al. 2000). The gauge data are first
quality controlled using data duplication checks, buddy
checking, and screening for unrealistic values. They
3

For descriptions of the satellite algorithms and NWP models
please refer to the references given in Table 1.
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are then objectively
analyzed to a 0.25°
grid using a threepass Barnes (1964)
scheme in the case of
Australia, and a modified Cressman (1959)
scheme in the United
States. Both countries
produce near-real-time
daily rainfall analyses
of observations from
- 1 0 0 0 - 1 5 0 0 gauges,
and these analyses
are used in the daily
updated validation
results displayed on
the project's Web site.
More accurate postreal-time analyses are
also produced for the
Australian network
by incorporating an
additional 4000-6000
gauges from the national cooperative
networks and other
sources.

The validation over
northwestern Europe
m a k e s use o f t h e
Nimrod quantitative
precipitation estimates
derived from radar
observations covering
the United Kingdom,
France, Germany,
the Netherlands, and
Belgium ( G o l d i n g
2000). Although
radar has a number of
problems in providing
accurate rainfall estimates (e.g., Sauvageot
1994), it overcomes
the logistical problem
of obtaining simultaneous rain gauge
observations from
numerous meteorological services across
Europe in near-real
time. Reflectivity data
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SATELLITE-DERIVED PRECIPITATION ESTIMATES
atellite observations have been
used to estimate rainfall over the
globe since the 1970s. The earliest
approaches related surface rainfall to
the brightness and temperature of the
cloud tops, reasoning that heavier rainfall is more likely to be associated with
clouds that penetrate deeper into the
atmosphere and thus have colder cloud
tops. Algorithms that could be used
during both day and night relied heavily
on infrared IR temperature observations from geostationary satellites.
The GPI (Arkin and Meisner 1987)
is an example of an early operational
technique that is still widely used today.
Another operational technique with a
long history is the Hydro-Estimator (a
modification of the Auto-Estimator)
(Schofield and Kuligowski 2003), which
uses cloud-top temperature as well
as information on cloud growth rate
and atmospheric humidity to estimate
rainfall.
Rainfall estimates are also routinely
derived from the modulation by hydrometeors on upwelling radiation from
earth at frequencies in the microwave
range (10-200 GHz). Precipitation
algorithms that use this information
are referred to as PMW methods.
Over the oceans these algorithms take
advantage of the contrast between the
enhanced emission from raindrops and

S

the radiatively cool ocean surface in
the 10-50-GHz range. The greater the
brightness temperature difference at
these low frequencies, the heavier the
rainfall. The land surface, however, is
a strong emitter so PMW algorithms
must estimate rainfall from the scattering of high-frequency microwave
radiation (~ 85 GHz) from the precipitation-sized ice crystals in convective
clouds. Colder brightness temperatures at high frequencies are associated with a greater concentration of
ice particles and therefore heavier
rainfall at the surface. Note that the
"scattering" techniques will capture
mostly rainfall that is associated with
precipitation from convective systems
and do not perform well for "warm
rain" processes. To avoid errors special
care must be taken to screen out pixels
with snow or ice cover at the surface.
Because microwave emission and
scattering are more directly related
to the precipitation than cloud-top
temperature, the PMW algorithms
generally give more accurate instantaneous rainfall estimates than the IR
algorithms (Ebert et al. 1996; Smith
et al. 1998). However, better spatial
and temporal sampling of the geostationary-based IR instruments, compared to the PMW instruments on
low-earth-orbiting satellites, gives IR

algorithms an advantage when it comes
to generating daily and monthly rainfall
estimates. Adler et al. (1993) were the
first to successfully combine the advantages of both types of instrument by
using matched microwave and IR data
to essentially tune the GPI algorithm.
Since then several combined IR-PMW
algorithms have been developed using a
variety of strategies including weighted
averaging of PMW and IR estimates
(Huffman et al. 2001), PMW-based
tuning of IR algorithm parameters
(Xu et al. 1999; Miller et al. 2001),
histogram matching (Kidd et al. 2003;
Turk and Miller 2005), artificial neural
networks (Sorooshian et al. 2000;
Bellerby et al. 2000), discriminant
analysis and regression (Kuligowski
2002), and IR-based morphing of PMW
estimates (Joyce et al. 2004).
The launch of the TRMM satellite in
1997 introduced the first space-based
precipitation radar. Observing between
35° north and south latitude, the PR
is widely considered to give the most
accurate estimates of instantaneous
precipitation available from satellite.
These are used as "reference" data to
calibrate PMW estimates from other
instruments, in particular the TRMM
Microwave Imager (TMI), thus helping
reduce bias and improve the accuracy
of the combined IR-PMW algorithms.

are collected and mapped to a common polar-stereographic projection by the Met Office, with measurements available every 15 minutes at a nominal resolution of 5 km. These are then accumulated into 24-hour
totals and remapped to a polar stereographic projection at resolutions of 20 and 50 km (corresponding to
9600 and 1536 observations, respectively), with the
former being used in this comparison. Although the
minimum threshold of supplied data is 1/32 mm h_1,
rainfall less than 1/10 mm h_1 is ignored.

inaccurate in those regions. Furthermore, since rain
gauges in mountainous regions tend to be in the
valleys, the rain gauge network may underestimate
the orographically enhanced rainfall that occurs in
mountainous terrain. In addition, the methods used
to grid the observations will introduce some degree of
smoothing that may or may not be acceptable. Radar
also has significant problems. For example, radar is
blocked by high terrain, so that the mountainous
western United States is not well sampled by radar.

The statistics and intercomparisons depend on an
accurate knowledge of the "true" precipitation distribution and intensity. However, precipitation is one of
the most difficult meteorological quantities to measure accurately, even with ground-based rain gauge
networks and radar. The gridded gauge analyses can
potentially have several problems. Since rain gauges
are not equally distributed and tend to be sparse in
less populous areas, the rain gauge analysis may be

Random errors in the "truth" data artificially
inflate the error measured for the satellite and NWP
precipitation estimates. In cases where systematic
errors in the truth data are known, for example, in
mountainous regions, they must be taken into
account when interpreting the validation results.

AMERICAN METEOROLOGICAL SOCIETY

D A I L Y R A I N F A L L V A L I D A T I O N . We start
by showing examples of the daily rainfall validation
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products that are available on the IPWG Web site,
www.bom.gov.au/bmrc/SatRainVal/validation-intercomparison.html. Figure 1 shows an example of the
Australian daily rainfall validation of the CMORPH
algorithm. The rain maps and scatterplot show a good
correspondence between the estimated and observed
rainfall in this example. The bars in the lower left
show the correspondence between the estimated and

1

Every grid box can be classified as a hit (H, observed rain correctly detected), miss (M, observed rain not detected), false
alarm (F, rain detected but not observed), or null (no rain
observed nor detected) event. The frequency bias is the ratio
of the estimated to observed rain areas, FB = (H+F)/(H+M).
The probability of detection, POD = H/(H+M), gives the fraction of rain occurrences that were correctly detected, while
the false alarm ratio, FAR = F/(H+F), measures the fraction of rain detections that were actually false alarms. The
equitable threat score (ETS) gives the fraction of observed
and/or detected rain but was correctly detected, adjusted for
the number of hits He that could be expected due purely to
random chance,

EPS =

H-H

£

H+ M+ F- H

where H=(H+M)(H+F)/N

,

and N is the total number of

estimates. The ETS is commonly used as an overall skill
measure by the NWP community, with the FB, POD, and
FAR providing complementary information on bias, misses,
and false alarms.

observed rainfall distributions, both by areal fraction and by amount. In these bar graphs the more
vertically oriented the "connectors," the better the
agreement. Bulk estimated and observed quantities
are compared in the table, while the mean absolute
error, root-mean-square error, and correlation coefficient quantify the accuracy of estimated daily rain
amount. The 2 x 2 contingency table gives the total
number of hits, misses, false alarms, and null events,
from which categorical statistics are derived to evaluate the accuracy of estimated rain occurrence.4 Since
the Barnes and Cressman objective analysis procedures slightly inflate the spatial coverage of very light
intensity observations and dampen the intensity of
heavy rainfall events we use a threshold of 1 mm day-1
to discriminate between rain and no rain.
Figure 2 shows an example of daily rainfall
validation of the NRLgeo algorithm over the United
States. Over the United States, where both rain gauge
observations and quantitative estimates from the
stage II radar (Fulton et al. 1998) are available in
near-real time, the radar estimates are used as both
a "participant" in the validation and separately as a
validation reference. That is, the radar estimates are
validated against the gauge data along with the satellite and NWP estimates, but a separate validation
exercise is conducted in which the radar estimates
replace the rain gauge data as the validation reference.
The reason for doing this is that the radar estimates
provide area-averaged rainfall, similar to satellite
estimates, and thus provide
more integrated spatial
information than the gauge
data.

FIG. I. Sample validation of CMORPH daily rainfall estimates for 5 Jan 2005
over Australia. In this example the satellite algorithm correctly diagnosed
the heavy precipitation in northeastern Australia but overestimated light rain
extent to the south. It also failed to capture the light rainfall in the far southeast, a problem that is common to most satellite precipitation algorithms
when dealing with rain in shallow clouds.
52

Over n o r t h w e s t e r n
Europe the rainfall estimates are remapped to correspond with the radar
polar-stereographic mapping to permit comparison on an equal-area grid
(Fig. 3). Since a significant
fraction of the rainfall over
this region occurs at very
low intensities, additional
comparisons are generated
using a contingency table
and categorical statistics
for all rain intensities. A
plot of cumulative rainfall
occurrence and accumulation by rainfall amount is
also included, which al-
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lows biases in estimated rain intensity to be easily
assessed.
RESULTS FROM L O N G - T E R M C O M P A R I SONS OF SATELLITE- A N D MODEL-BASED
R A I N ESTIMATES T O G A U G E A N D RADAR
ANALYSES. A focus of this validation process is to
investigate the regime-dependent performance of the
satellite- and model-based estimates. An important
aspect is to compare the behavior of the satellite estimates to that of the models.
Below, we describe some
of aspects of the validation results for the three
regions. To help interpret
the results for the IR-PMW
products we include some
results for the IR and PMW
components used to generate the combined products.
The validation results are
stratified by region, season,
and rainfall amount to help
identify regime-dependent performance of the
rainfall estimates. We intentionally show different
statistics and diagrams for
each validation region in
order to highlight the most
important findings of the
study. The full results are
beyond the scope of this
paper and will be the topic
of an extended report for
PEHRPP.
Australia. We used postreal-time gauge analyses to
validate rainfall estimates
from a two-year period
from December 2003 to
November 2005. In order
to reduce the uncertainty
in the validation results
we culled one-third of the
analysis grid boxes (relative
to those shown in Fig. 1)
with the lowest gauge density. Since the performance
in a tropical rain regime is
likely to be quite different
from that in a midlatitude

regime, the Australian domain was split into two
subdomains: a tropical domain extending equatorward from 25°S, and a midlatitude domain extending
poleward from 25°S.
Figure 4 shows how the daily values of the occurrence statistics vary with season and region for eight
satellite-based and four model-based precipitation
estimates. The frequency bias measures whether the
rain was estimated too often or too infrequently. The
ETS quantifies how well the occurrence of rain was

FIG. 2. Sample U.S. validation of NRLgeo daily rainfall estimates for the 24h period ending at 1200 UTC 16 Nov 2005. The satellite product correctly
diagnosed the position of the extended rain system in the eastern United
States but overestimated its intensity, particularly in the southern states.
Compared to the gauge and radar analyses NRLgeo underestimated the
precipitation in the Upper Midwest and far Northeast. Note that both the
satellite and the radar captured isolated rain in the mountain states that was
not detected by the radar.
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FIG. 3. Sample validation of TMPA-RT daily rainfall estimates for 18 Jan 2006
over northwestern Europe. The area of overlap between the two spatial
rainfall estimates is drawn in the right-hand rain map. Wintertime precipitation can be difficult for the satellite algorithms to detect because it is often
associated with shallower clouds than in summer. In this case the TMPA-RT
algorithm showed a good ability to reproduce the observed prolonged precipitation north of the Alps and in western Scotland.

detected or predicted, while the POD and FAR clarify
the nature of the errors.
During summer [December-February (DJF)],
when rain is largely convective in nature, most of the
estimates were relatively unbiased in both the Tropics
and midlatitudes. The satellite estimates performed
slightly better than the models in the Tropics according to the ETS, mainly as a result of a smaller number
of false alarms. In midlatitudes, the skill of the satellite estimates deteriorated slightly, with lower values
of POD and higher values of FAR than in the Tropics.
This was particularly true for the IR algorithms. In
contrast, the models performed slightly better in the
midlatitudes.
During winter [June-August (JJA)] there is a
strong separation between the performance of the
models and the satellite algorithms. The models had
their greatest skill during midlatitude winter, with
the European Centre for Medium-Range Weather
Forecasts (ECMWF) and Global Forecast System (GFS)
models achieving median ETS values of 0.55. By comparison, the highest median ETS for any of the satellite
estimates was 0.25. The models were more successful
in detecting rain, with fewer false alarms, because the
majority of wintertime rainfall is associated with synoptic systems, something that the NWP models handle
quite well. The models also captured light rainfall as54
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sociated with moist onshore
flow in southern Australia,
which generally has rather
warm cloud tops with too
little ice for the satellite
algorithms to detect. This
difficulty in detecting nonconvective rainfall led to
the satellite estimates capturing less than half of the
rain that occurred during
winter. Most of the scarce
wintertime rain north of
25°S was associated either
with the remnants of midlatitude frontal systems or
orographic lifting of moist
air in a small region along
the northeast coast. The
IR algorithms were virtually unable to detect this
rainfall, while those including microwave data had
slightly better performance
but were well below that of
the models.

Heavy rainfall was more difficult than light rain
for both the satellite and model products to diagnose (Fig. 5). During summer the IR-PMW satellite
products were biased high, especially in midlatitudes,
while the IR estimates had little bias in the Tropics but
were biased low in midlatitudes. The models estimated too little heavy rain in both regions. The satellite
algorithms clearly captured the tropical heavy rainfall
better than the models, and had a slight advantage
during midlatitude summer as well. Although the
observations-based satellite algorithms were well able
to detect heavy rainfall, integrating their instantaneous rain intensities forward for an hour or more
led to a large number of false alarms because the
satellites could not observe the rapid evolution of the
most convective rainfall between successive satellite
"snapshots." The models suffered low detection rates
and high false alarm ratios because of the difficulty
in predicting when and where heavy rain would occur. Nevertheless, they showed greater skill than the
satellite algorithms for heavy rain during winter.
The random errors of the various rainfall estimates can be visually compared by plotting their
centered root-mean-square errors (i.e., computed
after removing the bias) and correlation coefficients with the gauge analysis in a "Taylor" diagram
(Taylor 2001) (Fig. 6). During summer, correlations
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were in the range of 0.5-0.7 in both the Tropics and
midlatitudes (Figs. 6a,c), with the CMORPH satellite estimates having the highest values. The greater
variability of the satellite estimates increased their
random errors.
During winter, the superiority of the models is
clearly evident, with correlations of 0.6-0.8 in midlatitudes and lower-centered RMS errors than the
satellite estimates (Fig. 6d). Most satellite estimates
correlated poorly with the observations and demonstrated insufficient variability,
primarily because they failed to
detect much of the nonconvective rainfall. Only the CMORPH
satellite-based estimates had correlations exceeding 0.6.
United States. The previous section
showed that rainfall estimates
produced using similar strategies (IR-PMW, IR-only, or NWP
model) tended to show similar
characteristics. The comparison
over the United States looks in
greater detail at how the performance of the rainfall estimates
depends on the data used to derive
them. To highlight the differences
among rainfall estimation strategies the validation statistics are averaged among methods using similar input data. The mean difference
(bias), precipitation frequency, and
temporal correlation of precipitation were evaluated for every grid
box during the cool (JanuaryMarch) and warm (June-August)
seasons over the 2004-05 period
for several groupings of products.
The IR-PMW group consists of the
CMORPH, TMPA-RT, NRLgeo,
and PERSIANN techniques. The
IR-only group contains the CST,
GPI, and HYDRO methods, while
the PMW-only group includes the
blended PMW analyses underpinning the first three of the four
IR-PMW techniques listed above.
The model forecasts had the
least bias of all of the precipitation estimates, including radar
(Fig. 7). There was a slight tendency to overestimate precipitaAMERICAN METEOROLOGICAL SOCIETY

tion, especially in the southeast during summer
where the bias exceeded 2 mm day 1 . The IR-PMW
estimates agree with the radar in the central United
States, where the gauge analysis may miss short-lived
intense convective cells that the radar can detect,
but slightly underestimate rainfall in the northeast
and far northwest. These features were also noted
by Gottschalck et al. (2005) for satellite precipitation
estimates evaluated over the United States during
2002-03. Strong overestimates occurred over the

FIG. 4. Seasonal performance of the estimated occurrence of rain exceeding I mm day-1 for (a) Australian Tropics and (b) Australian midlatitudes. The plots show the distribution of daily values of frequency bias,
equitable threat score, probability of detection, and false alarm ratio.
The boxes indicate the 25th, 50th, and 75th percentiles of the distribution, and the vertical lines indicate the 5th and 95th percentiles. The
IR-PMW estimates are shown as warm colors (reds and oranges), the
IR estimates as blue colors, and the NWP models as gray shades.
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looked much the same as for the
IR-PMW estimates east of the
Rockies (cf. Figs. 7c and 7e). Since
most of the IR-PMW schemes
tune the IR algorithms to agree
with the PMW estimates using
matched data (see sidebar), it is
not surprising that many of the
characteristics of the PMW rain
retrievals carry through to the
IR-PMW products. The inclusion
of IR data strongly benefits the
combined product in mountainous regions, especially in winter,
by estimating precipitation over
snow-covered surfaces that confound the microwave algorithms.
Biases in precipitation amount
can result from errors in precipitation frequency and/or intensity. Maps of precipitation
frequency errors (Fig. 8) suggest
that the positive biases in model
precipitation amount are related
to an overestimation of precipitation frequency over most of the
domain. This is partly related to
subsampling the coarser-resolution model output to the 0.25°resolution gauge analysis, though
the signal in the southeast during summer corresponds well
with the bias in rain amount
(Fig. 7a). The radar precipitation
frequency agreed quite well with
the daily gauge analysis except in
FIG. 5. As in Fig. 4, but for rain exceeding 20 mm day-1.
the mountainous western states.
This
suggests
that
most
of the bias in radar precipitamountainous region of western coastal Mexico durtion
amount
is
related
to
intensity, that is, to errors
ing summer. This could be related to the evaporation
in
the
Z-R
relationship
used
to convert reflectivity
of precipitation before reaching the surface, or may
to
rain
amount.
simply reflect inadequacies in the gauge network
in the mountainous regions of western Mexico.
In winter the precipitation frequency errors for all
Algorithms using only IR data underestimated mean satellite estimates look quite similar to their biases
summer rainfall in the eastern states by as much (Fig. 7). This confirms that, similar to Australia, the
as 50%, and appeared to overestimate precipita- errors in satellite-derived rain amount relate mainly to
tion throughout the United States during winter by their failure to correctly detect wintertime precipitation
50%-100%, especially in the western states. However, (see also Fig. 5c). The IR techniques overestimated prethe gauge analysis of precipitation in mountainous cipitation frequency by up to 30% over the High Plains,
regions may be too low due to the sparsity of the leading to a high bias in the IR-PMW products. The
network and the tendency of gauges to be located in winter precipitation frequency in the IR-PMW prodvalleys as opposed to higher altitudes.
ucts (Fig. 8c) was too low by about 10% over the Great
When only passive microwave data were used Lakes region and the Northeast. Over- and underestito generate satellite precipitation estimates the bias mation by IR and PMW estimates, respectively, in the
56
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southern states during winter are reduced when these
data are combined as in the IR-PMW techniques.
In summer the errors in rain occurrence in the
satellite estimates do not necessarily correspond
to errors in rain amount, suggesting that errors in
rain intensity play a larger role. The rain frequency
was overestimated by -10% in the west and underestimated by 10%-20% in the east, especially in the
PMW-only products. The difference in the west could
be due to evaporation of precipitation in the dry
atmosphere of summer, or to the potential biases in
the gauge analysis mentioned earlier, while the low
frequencies in the east maybe related to other factors.
Poor sampling could lead
to error in the PMW-only
products. Another factor
that applies to all satellite
techniques is that over land
the algorithms can only
detect rainfall in convection with cold temperatures and ice near cloud
top, and thus they will not
detect shallow "warm" rain
events.
Looking now at how well
the various estimates represent the observed temporal
behavior of precipitation,
Fig. 9 shows that during
winter the models correlate
better with the gauge analysis than do the satellite estimates, particularly in the
mountain states of the west
where they also outperform
the radar. As discussed
earlier, the PMW data do
not provide useful information over snow-covered
surfaces, and the IR data
are also not well suited to
retrieving nonconvective
wintertime precipitation,
contributing to the poor
correlations achieved by
the satellite estimates in
that region and season.
In contrast, during the
warm season the IR-PMW
estimates outperformed the
models everywhere except
in the northwest and far

northeast, and outperformed even the radar in many
parts of the western states. This superiority of the satellite estimates over the models during summer was
also found by Gottschalck et al. (2005). The IR-only
estimates did not correlate well with the observations
in the west, possibly because the algorithm calibration
between cloud-top temperature and rainfall may be
different over the dry regions typical of the western
states as compared to the moister eastern states. The
low frequency of rain in the west during summer also
contributes toward lower correlations. Comparing
IR-PMW and PMW-only performance (Figs. 9c and
9e), it appears that including IR data enhances the

FIG. 6. Evaluation of random error in rainfall estimates for (a) tropical summer
(SDobs= 11.3 mm day 1 ), (b) tropical winter (SDobs= 3.1 mm day-1), (c) midlatitude
summer (SD obs = 5.2 mm day"1), and (d) midlatitude winter (SD obs = 4.3 mm
day 1 ). In these Taylor diagrams the closer the points representing the estimates
are to the observed point marked by the circle along the x axis, the better the
estimate. The correlation is indicated by the angle from the vertical (straight
dashed lines are plotted for reference). The estimated variability (standard
deviation) normalized by the observed variability is indicated by the distance
to the origin (a curved dashed line is plotted for reference). The centered
RMS error, normalized by the observed variability, is given by the distance to
the observed point marked by the circle on the x axis (curved dotted lines for
reference, contour intervals of 0.2). To obtain the random error component
the mean rainfall has been subtracted prior to computing the RMS error, so
the results in these diagrams are independent of bias.
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Therefore, the long-term
comparisons shown here
use only data from the
United Kingdom, limited to
a radar range of between 40
and 140 km. This was found
by Kidd (1997) to be the
range over which radar data
could be usefully employed
for quantitative comparison with satellite estimates.
Additional quality control
was performed by checking
all precipitation products
for anomalous behavior.
Like the Australian and U.S.
validations, the European
validation highlights the
seasonal performance of the
model and satellite precipitation estimates, showing
time series of frequency
bias, spatial correlation,
and root-mean-square error
(RMSE) for the three-year
period of 2003-05. It also
looks in detail at how well
the products represent
the observed precipitation
intensity distribution, an
aspect that is critical to the
hydrological and modeling
communities.
T h e E C M W F model
correlated best with the
observations (Fig. 10a), with
values up to nearly 0.6 in
FIG. 7. Mean difference (mm day-1) between precipitation estimates and the
the cool season, although
CPC daily rain gauge analysis for (left) January-March 2004-05 and (right)
values as low as 0.1 occurred
June-August 2 0 0 4 - 0 5 , averaged for each estimation method: (a) radar,
in the spring/early summer
(b) model (GFS and NOGAPS), (c) satellite IR-PMW (CMORPH, TMPA-RT,
seasons of 2003 and 2004.
NRLgeo, and PERSIANN), (d) satellite IR-only (CST, GPI, and HYDRO), and
CMORPH had the highest
(e) satellite PMW-only (merged PMW estimates underpinning CMORPH,
correlations
of the satellite
TMPA-RT, and NRLgeo). Areas with white shading denote missing data.
algorithms, rivaling the
model during the summer
accuracy of the IR-PMW estimates over most of the seasons. The improvement of CMORPH over the
United States through improved temporal sampling National Oceanic and Atmospheric Administration/
of precipitation, but may have a slight negative impact Climate Prediction Center (NOAA/CPC) microwaveonly product (CPCMW), which is a composite of all
in the far northwest.
available PMW precipitation estimates and is used
Northwestern Europe. The Nimrod radar data compos- to construct CMORPH, shows the benefit of includite relies upon several contributing states with vary- ing IR data in the merged algorithm. Likewise, the
ing (and often unknown) quality control procedures. TMPA-RT product showed higher correlations overall
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than its component PMW-only (TMPA-PMW) and
IR-only (TMPA-IR) products.
The model and satellite precipitation products
had quite similar root-mean square errors during the
warm half of the year but diverged markedly during
the cooler half (Fig. 10b). The ECMWF model had
the least error, with the CMORPH satellite estimates
performing nearly as well until the end of 2005 when
an error in screening microwave estimates over cold
land surface caused large errors in the CPC estimates (R. Joyce 2006, personal communication). The
TMPA-RT and its component products had much
greater errors during winter, due to errors in identifying cold or snow-covered
background surfaces. The
particularly large errors of
the TMPA-IR product are
consistent with the consensus among algorithm
developers that IR-only
algorithms are best used
equatorward of 40° latitude
(e.g., Arkin and Xie 1994).
Including data from additional microwave sensors
improved the performance
of the TMPA-PMW and
TMPA-RT estimates starting in 2005.

mulated rainfall derived from daily totals between 4
and 16 mm day-1.
The ECMWF and Navy Operational Global
Atmospheric Prediction System (NOGAPS) models
indicated an occurrence of precipitation of between
80%-90% and 70%-80%, respectively, with a large
contribution of raining values below 1 mm day-1
(Fig. lib). This sizeable light rainfall occurrence did
not impact the accumulations to any great extent, as the
models showed a similar range of mean daily rainfall
to the radar. The ECMWF model, although showing
a similar progression of precipitation accumulation
through the year, suggested values about 0.5 mm day 1

Many of the errors in
precipitation amount are
related to errors in precipitation detection. Figure 11
shows how the occurrence
and accumulation of precipitation was distributed
among precipitation intensity categories. The occurrence plot for the validation
data indicates that between
40% and 70% of the daily
totals were associated with
some precipitation, with
approximately half of this
occurrence being associated with daily totals less
than 1 mm day-1. Rainfall
was slightly less frequent
during summer than in
winter. Monthly mean accumulations ranged from
1.5 to 3 mm day -1 , with
most of the monthly accu-

p,G. 8. As in Fig. 7, except for the difference in frequency (%) of daily rainfall
exceeding I mm day-1. Gray shading indicates missing data.
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tion overall (though still
lower than observed) came
mainly from rain intensities exceeding 8 mm day-1.
CMORP rain occurrence
ranged from 25% in winter
to 70% during summer, but
contained fewer heavy rain
rates so that the resulting
accumulations were also
too low. The rain occurrence and accumulation of
NRLgeo were both lower
than observed.
The validation statistics
for the IR-PMW products
are similar to the PMWonly products (cf. Figs. 11c
and l i e ) . The increased
sampling provided by the
IR data improved the precipitation distribution by
increasing the rain frequency (area) and moving
the peak rain intensities
to lower values. However,
roughly half of the observed rain was undetected
by both the PMW and IR
algorithms, and even the
compensating effect of the
higher intensities in the
satellite products was not
enough to produce total
accumulations that were
in agreement with the observed values.
FIG. 9. As in Fig. 7, except for the temporal correlation coefficient between
the precipitation estimates and the U.S. Climate Prediction Center daily
rain gauge analysis. Correlations computed on daily values for each season
[(left) JFM; (right) JJA] during 2004 and 2005. White shading indicates miss-

higher than the radar. The composition of the daily
totals was well represented by the models, with most
falling between 4 and 16 mm da)^1. These results support the finding in the U.S. validation that the errors
in model precipitation amount were due more to errors
in frequency than errors in mean intensity.
There was strong variation in behavior among
the operational satellite-based IR-PMW products
(Fig. 11c). The TMPA-RT indicated a rainfall occurrence of less than 25%, but the highest accumula60
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C O N C L U S I O N S . We
have highlighted some of
the results of an IPWG validation study of daily rainfall
estimates from several highresolution satellite precipitation products and numerical weather prediction models. For a more extensive
set of results the reader may refer to the project Web
site, www.bom.gov.au/bmrc/SatRainVal/validationintercomparison.html. Validation activities will continue under the PEHRPP program (Arkin et al. 2005),
with additional regional validation to be conducted
in Japan, Korea, South Africa, and Brazil. PEHRPP
will also include comparisons with observational
data from several field campaigns and sites from the
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Coordinated Enhanced Observing
Period (CEOP) (Bosilovich and
Lawford 2002).
Results so far confirm that the
performance of satellite precipitation estimates and the model
QPFs are both highly dependent
on the rainfall regime, and essentially opposed to each other.
Satellite estimates of rainfall occurrence and amount are most
accurate during summer and at
lower latitudes, while the NWP
models show greatest skill during
winter and at higher latitudes.
Generally speaking, the more the
precipitation regime tends toward
deep convection, the more (less)
accurate the satellite (model) estimates are. The validation over the
United States also suggests that
overall the IR-PMW merged satellite estimates performed about
as well as radar in terms of daily
precipitation bias and frequency.
We emphasize that these results apply to precipitation estiFIG. 10. Time series of (a) daily correlation coefficient and (b) R M S E , for
mates made (mainly) over land,
model and satellite precipitation estimates over the United Kingdom
at daily time scales and -25 km
during 2003 to 2005. A 21 -day moving average filter was applied to more
clearly show the trends.
spatial scales. The accuracy would
certainly be different for shorter
time periods, and could improve or deteriorate of cloud and precipitation processes will lead to
depending on the regime (Scofield and Kuligowski improved model parameterizations and more
2003). The satellite precipitation estimates may be accurate satellite precipitation algorithms. Model
more accurate over the ocean than over land because QPFs will also benefit from the use of enhanced
the PMW algorithms can take advantage of the mi- observations, advanced data assimilation methods,
crowave emission channels. Therefore, our conclu- and rapid updates (Fritsch and Carbone 2004). New
sions regarding the relative accuracy of models versus sensors on future satellites, including high-frequency
satellite estimates should be reevaluated for oceanic microwave sensors on geostationary satellites and a
precipitation, perhaps using TRMM precipitation dual-frequency precipitation radar on the GPM core
radar observations as validation for monthly model satellite, will contribute toward more accurate sateland satellite precipitation accumulations.
lite precipitation estimation in all seasons.
An important focus for future work will be the
We have speculated on the causes of many of the difdevelopment
of methods for combining precipitaferences that we have observed in this comparison, but
definitive answers remain research questions that are tion-related information from models and satellite
beyond the scope of this paper. However, by revealing algorithms, and indeed radar and gauge data, in order
these differences we have attempted to illustrate one to capitalize on the advantages of each. Several strateintention of this validation effort, which is to make the gies are possible for combining existing estimates
algorithm developers aware of potential problems so including a regime-dependent selection of the "best"
product determined from historical validation results
that they can improve their algorithms.
Users can look forward to improvements in both (Gottschalck et al. 2005), weighted combination (Xie
model- and satellite-based precipitation estimates. and Arkin 1997), linear regression, neural networks,
Continued research toward better understanding and so on. However, the most effective synthesis of
AMERICAN METEOROLOGICAL SOCIETY
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tion numerical models that
are capable of representing
cloud and precipitation
physical processes would
allow the satellite observations to constrain the
model and then allow the
models atmospheric variables to help interpret the
satellite observations. This
approach blurs the distinction between observationsbased and model-based precipitation estimates, which
is unimportant for many
downstream applications.
For example, Benedetti et
al. (2005) derived accurate surface rainfall rates
by assimilating T R M M
Microwave Imager data
into the ECMWF model.
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