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ABSTRACT

An algorithm is developed to construct global gridded fields of monthly precipitation by merging estimates
from five sources of information with different characteristics, including gauge-based monthly analyses from
the Global Precipitation Climatology Centre, three types of satellite estimates [ the infrared-based GOES Precip-
itation Index, the microwave (MW) scattering-based Grody, and the MW emission-based Chang estimates],
and predictions produced by the operational forecast model of the European Centre for Medium-Range Weather
Forecasts. A two-step strategy is used to: 1) reduce the random error found in the individual sources and 2)
reduce the bias of the combined analysis. First, the three satellite-based estimates and the model predictions are
combined linearly based on a maximum likelihood estimate, in which the weighting coefficients are inversely
proportional to the squares of the individual random errors determined by comparison with gauge observations
and subjective assumptions. This combined analysis is then blended with an analysis based on gauge observations
using a method that presumes that the bias of the gauge-based field is small where sufficient gauges are available
and that the gradient of the precipitation field is best represented by the combination of satellite estimates and
model predictions elsewhere. The algorithm is applied to produce monthly precipitation analyses for an 18-
month period from July 1987 to December 1988. Results showed substantial improvements of the merged
analysis relative to the individual sources in describing the global precipitation field. The large-scale spatial
patterns, both in the Tropics and the extratropics, are well represented with reasonable amplitudes. Both the
random error and the bias have been reduced compared to the individual data sources, and the merged analysis
appears to be of reasonable quality everywhere. However, the actual quality of the merged analysis depends
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strongly on our uncertain and incomplete knowledge of the error structures of the individual data sources.

1. Introduction

The spatial and temporal distribution of large-scale
precipitation is critical in determining the general ¢ir-
culation of the atmosphere and the global climate. Sci-
entists attempting to simulate the behavior of the global
climate system must compare the precipitation fields
produced by their simulations with observed fields.
Those wishing to understand the interannual variability
in the general circulation related to variations in trop-
ical sea surface temperature require accurate observa-
tions of the associated large-scale precipitation varia-
tions.

Despite these requirements, the distribution of global
precipitation is not well documented, both because of
its large spatial and temporal variability and the lack of
a comprehensive observing system. The principal ex-
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isting sources of information on climatic-scale precip-
itation are gauge observations and estimates inferred
from satellite data, each of which has advantages as
well as shortcomings (Barrett and Martin 1981; Arkin
and Ardanuy 1989). Generally speaking, raingauge ob-
servations yield relatively accurate point measurements
of precipitation but suffer from sampling error in rep-
resenting areal means and are not available over most
oceanic and unpopulated land areas. Infrared (IR ) and
passive microwave (MW ) satellite observations can be
used to derive estimates of large-scale precipitation
over much of the globe, but these estimates are char-
acterized by nonnegligible bias and random error as-
sociated with inadequate sampling, algorithm errors,
and the indirect nature of the physical relationship be-
tween precipitation and the observations.

In order to quantitatively understand the capabilities
of existing data sources and algorithms, Xie and Arkin
(1995) conducted a comprehensive examination of
several existing sources of climatic-scale precipitation.
By intercomparing three sets of gauge observations
(GPCC, CAMS, and Morrissey atoll data) and eight
different satellite estimates (one IR-based, three MW
scattering-based, and four MW emission-based) of
monthly precipitation for a 3-yr period (July 1987-
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June 1990), with two versions of long-term average
precipitation (Jaeger 1976; Legates and Willmott,
1990), they found the following:

1) Atleast five gauges are needed to produce areally
averaged monthly precipitation for grid areas of 2.5°
X 2.5° latitude—longitude with an accuracy of 10%. At
the present time, only 10% of the global land grid areas
satisfy this requirement.

2) Different satellite estimates based on a given sort
of observational data (IR, MW scattering, or MW emis-
sion) yield similar results relative to concurrent gauge
observations (i.e., differences among MW-scattering
estimates are small compared to their differences from
MW-emission estimates ). Estimates based on different
sources vary significantly in their capability to repre-
sent precipitation in different seasons, of different lat-
itudinal regions, and over different underlying surfaces.

3) Over tropical and subtropical areas, all satellite
estimates show high correlation and stable bias over
ocean when compared to atoll-based gauges, while
over land they exhibit high pattern correlation but with
large seasonally and regionally dependent bias. Over
mid and high latitudes over land, where the IR-based
and MW-emission-based estimates were not available,
the MW-scattering-based estimates performed poorly
in representing the spatial and temporal variability of
precipitation, especially during the winter and early
spring.

The intercomparison results have shown clearly that
at least three major deficiencies exist in the individual
sources of precipitation: 1) incomplete global cover-
age; 2) significant random error; and 3) nonnegligible
systematic error (bias). It is therefore necessary to im-
prove the quality of the individual data sources and to
combine the different sources so as to take advantage
of the strengths of each. While further improvements
of the individual sources are essential, particularly over
mid and high latitudes where no single source yields
satisfactory results in all seasons, an appropriate com-
bination of the estimates from the different sources
might provide us with complete gridded fields, which
we will call analyses, of global monthly precipitation
with quality everywhere equal to or better than that of
each of the individual components.

In this paper, we present a new algorithm to merge
various kinds of monthly precipitation datasets into
global gridded fields of areally averaged precipitation.
Gauge observations, satellite estimates from IR, MW-
scattering and MW-emission observations, and predic-
tions from numerical weather forecast models are used
to ensure complete global coverage. A two-step strat-
egy is used to reduce the random error found in the five
individual sources and to reduce the bias of the com-
bined analysis. First, the three satellite-based estimates
and the model predictions are combined linearly, based
on a maximum likelihood estimate in which the weight-
ing coefficients are inversely proportional to the
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squares of the individual random errors determined by
comparison with gauge observations and subjective as-
sumptions. This combined analysis is then blended
with an analysis based on gauge observations using a
method that presumes that the bias of the gauge-based
field is zero where sufficient gauges are available and
that the gradient of the precipitation field is best rep-
resented by the combination of satellite estimates and
model predictions elsewhere. Section 2 will describe
the methodology and the individual data sources used
in the merging procedure, and sections 3, 4, and 5 will
present the methods for combining and blending the
individual sources and for defining the error of the
merged analysis. Section 6 will show some applications
of the algorithm, and a summary and conclusions will
be given in section 7. These sections are arranged so
that potential users of the resulting global analyses can
understand the procedure conceptually from sections
1),2),6),and 7), while readers interested in the tech-
nical details of the algorithm can find them in sections
3),4),and 5).

2. Methodology and data
a. Merging methodology

Merging of precipitation observations from different
sources has been demonstrated to be a powerful means
for improving the overall measurement quality. Early
efforts have focused on combining point measurements
from gauges with digitized radar observations on re-
gional scales and have led to successful operational ap-
plications in Japan (Takemura et al. 1984) and in the
United Kingdom (Browning 1979; Conway 1987).
Similar work is underway to merge gauge data with
WSR-88D observations in the United States (Kra-
jewski 1987).

Recently, work has begun on combining different
satellite estimates. The pioneering work in this area is
reported by Adler et al. (1993, 1994). They assume
that their MW-scattering-based estimates give accurate
instantaneous rain rate but with poor sampling in space
and time and that the IR estimates [ GOES Precipitation
Index, GPI, of Arkin and Meisner (1987)] provide
good coverage in space and frequent sampling in time
but with significant systematic error. They then calcu-
late the ratio between the MW and IR estimates when
both are available and use the ratio to adjust the IR
estimates. An application of the technique has shown
some success in estimating warm season precipitation
over Japan (Negri and Adler 1993).

These combined satellite estimates have been used
with other data to construct complete global precipi-
tation analyses. Assuming that both the analyses based
on gauge observations produced by the Global Precip-
itation Climatology Centre (GPCC 1992, 1993 ) and the
adjusted satellite estimates of Adler et al. (1994) are
unbiased, Huffman et al. (1995) combined the two
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kinds of sources linearly using optimal coefficients that
are inversely proportional to the square of the errors of
the individual sources. Grid areas with no observa-
tions of either sort were filled with operational numer-
ical weather forecast model predictions from the Eu-
ropean Centre for Medium-Range Weather Forecasts
(ECMWEF) (Arpe 1991). These efforts have succeeded
in producing the first complete global depictions
of monthly precipitation distribution from multiple
sources of information, including gauge observations,
satellite-derived estimates, and model predictions, to-
gether with estimates of the spatial distribution of rel-
ative error. :

Some improvements upon the Huffman et al. (1995)
algorithm are possible. First, the use of only two kinds
of data sources (the gauge-based analysis and the MW-
adjusted IR estimates) limits the capability of the al-
gorithm to reduce the individual random errors that are
significant for satellite estimates, especially over extra-
tropical areas (Xie and Arkin 1995). Second, the linear
combination of the different sources used in the algo-
rithm is not able to remove biases present in the com-
ponent sources. As revealed by Morrissey and Greene
(1993) and Xie and Arkin (1995), all of the satellite
estimates examined show nonnegligible bias when
compared with concurrent in situ observations. Finally,
the manner in which they use model predictions to fill
the gaps of the combined analysis results in discontin-
uous borders within the analysis due to substantial bi-
ases between the model predictions and the other
SOurces.

We have designed and developed an algorithm to
produce global monthly precipitation analyses by
merging several kinds of different data sources, based
upon the knowledge obtained through the intercom-
parison of Xie and Arkin (1995). The merging algo-
rithm begins with the selection of the individual data
sources. As different precipitation products (analysis—
estimates) based upon the same observational data
sources provide basically similar performance in de-
picting spatial and temporal variations, and inclusion
of additional data sources with the same characteristics
is unlikely to improve the merged analysis significantly
(Xie and Arkin 1995), only one of each kind of indi-
vidual precipitation product is selected from each of
the four categories of different data sources: 1) gauge
observations; 2) satellite IR-based estimates; 3) satel-
lite MW-scattering-based estimates; and 4) satellite
MW-emission-based estimates. As none of these data
sources provides complete coverage of monthly pre-
cipitation over mid and high latitudes, numerical
weather forecast model predictions are included as the
fifth individual source to ensure complete global cov-
erage.

The two steps of the merging algorithm are designed
to first reduce the random error and then to reduce the
bias. First, the three categories of satellite estimates and
the model predictions are linearly combined to mini-
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mize the random error. The linear combination coeffi-
cients are determined by maximum likelihood estima-
tion and are inversely proportional to the square of the
local random errors of the individual sources. These
errors are defined for each land grid area by comparison
with the GPCC gauge analysis over the surrounding
area and for oceanic grid areas by comparison with the
atoll gauge observations (Morrissey and Greene 1991)
over the Tropics and subjective extension to the extra-
tropics.

The output of the first step contains significant bias
passed through from the individual sources, and so the
purpose of the second step is to reduce that bias. For
this purpose, we make the assumption that the gauge-
based analysis is unbiased in regions where sufficient
observations are available. It is well known that gauge
observations in general are biased (Sevruk 1982; Leg-
ates and Willmott 1990), as are analyses of areally av-
eraged precipitation based on gauge observations.
These biases have a variety of sources, including gauge
type, maintenance and siting, and spatial sampling. Es-
timation and correction of these biases in a global data-
set is exceedingly difficult (Schneider et al. 1993; Ru-
dolf et al. 1994). However, it is thought that they are
small compared to the biases in the satellite estimates
and model forecasts. Therefore, in this paper, we have
assumed that the bias of the gauge-based analysis is
zero where the sampling of gauges is adequate. This
provides a convenient method by which the merged
analysis can be improved in the likely event that im-
proved gauge-based analyses become available.

Over global land areas, the combined analysis and
the gauge analysis are blended using the method of
Reynolds (1988), in which the relative distribution, or
‘‘shape,’” of the blended analysis is determined by the
combined analysis, while the amplitude is defined by
the gauge analysis at grid areas with ‘‘enough’’ gauges.
The definition of enough, of course, requires investi-
gation and is discussed below. Over oceanic areas, the
bias remaining in the combined analysis is removed by
comparing with concurrent atoll gauge observations
over the Tropics, again presuming the spatial mean of
the gauge observations to be unbiased, and by simple
and somewhat subjective extrapolation of the bias
structure of the combined analysis into higher latitudes.

Our algorithm in its present form contains two sig-
nificant defects: it takes no account of the horizontal
correlation present in most of the components used, and
it linearly combines biased estimates before removing
the biases. While the horizontal spatial correlations
contained within individual datasets can be one of the
most useful sources of information for improving the
quality of analyzed fields (Daley 1991), they are not
used in our present algorithm in which the random er-
rors are reduced through linear combination for indi-
vidual grid areas. We will attempt to modify our al-
gorithm to take advantage of the information provided
by horizontal correlations in the future. In general, ob-
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jective analysis techniques (e.g., Krajewski 1992) are
applied to the optimal linear combination of unbiased
component estimates. We have chosen to combine bi-
ased estimates because the method we use to remove
bias over land [based on that of Reynolds (1988)] re-
quires a spatially complete field with reasonable pattern
agreement to the ‘‘true’’ precipitation field (i.e., mod-
est random error). However, that requirement cannot
be satisfied in general by any of the individual satellite
estimates and model predictions. We create the neces-
sary spatially complete field by defining the individual
random errors as the root-mean-square differences be-
tween the GPCC gauge analysis and the individual
sources after the bias is removed locally (see section 3
for details ). While this does not strictly satisfy the theo-
retical requirements of the maximum likelihood esti-
mation procedure, our verification against withheld
data (see sections 3 and 4) shows that the algorithm
succeeds in reducing both random error and bias.

The final product of the merging algorithm has com-
plete global coverage of monthly precipitation with bet-
ter quality than any of the five individual sources used.
The characteristics of the various components of the
algorithm are investigated in sections 3 and 4. For con-
venience, we will refer to the first step as combining,
the second step as blending, and the entire process as
merging in the following discussions.

b. Individual data sources

Our merging algorithm is intended to permit the
combination of a raingauge-based analysis of precipi-
tation with a weighted average of satellite-derived IR-,
MW-scattering-, and MW-emission-based estimates
and numerical weather forecast model predictions. It is
used in this study to produce analyses of global
monthly precipitation on a 2.5° X 2.5° latitude—longi-
tude grid for an 18-month period from July 1987 to
December 1988. The individual data sources used in
this study are the GPCC gauge analysis [ supplemented
by the atoll gauge observations compiled by Morrissey
and Greene (1991) over the ocean], the GOES Precip-
itation Index (GPI) (Arkin and Meisner 1987), the
Grody MW-scattering index (Ferraro et al. 1994 ), the
Chang MW-emission estimates (Wilheit et al. 1991),
and the ECMWF precipitation predictions. Table 1 pre-
sents a brief description of the five types of data source.

The GPCC dataset consists of a 2.5° X 2.5° gridded
analysis of monthly precipitation created by statisti-
cally interpolating quality-controlled gauge observa-
tions from about 6700 stations worldwide (GPCC
1992; 1993). In addition to the analyzed value, the
number of gauges in each grid area is also available
and is used in this study as an indicator of the data
quality. As the GPCC analysis does not cover the
global oceanic areas, the atoll gauge rainfall dataset
edited by Morrissey and Greene (1991) is used to de-
fine the error structure of the individual satellite esti-
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TABLE 1. Individual data sources.

Category Technique Coverage
Gauge GPCCl/atoll Land-atoll
R GPI 40°S—-40°N
MW scattering Grody Global land—ocean
MW emission Chang Global ocean
Model ECMWF Global land—-ocean

mates and model predictions over the tropical Pacific
Ocean. The atoll gauge dataset comprises station ob-
servations of monthly precipitation from about 100
gauges located on small islands without high terrain.
Monthly mean precipitation for 2.5° X 2.5° latitude—
longitude areas is calculated for all grid areas with at
least one gauge. As shown in Fig. 1 of Xie and Arkin
(1995), the atoll gauges are mainly located in the west-
ern Pacific along a northwest to southeast axis extend-
ing from 10°N and 140°E across the equator to 20°S
and 140°W. The number of gauges in each grid area
varies from 1 to §, with an average of 2-3.

The IR-based GPI estimates climatic-scale precipi-
tation from the fractional coverage of clouds colder
than 235 K in geostationary imagery using an empirical
linear equation obtained from observations during the
GATE (Arkin 1979; Richards and Arkin 1981). The
GPI estimates used in this study have been produced
by the Global Precipitation Climatology Project
(GPCP) (Arkin and Xie 1994) based on eight obser-
vations each day where geostationary satellite data
were available and four each day from polar-orbiting
satellites elsewhere. The estimates are available from
40°S to 40°N over both land and ocean. Verification
over Japan, the United States, China, and the tropical
Pacific has shown that the GPI is able to estimate the
pattern of convective rainfall in the Tropics and, during
the warm season, in some midlatitude regions, with
only a small bias over the tropical ocean but with a
large positive bias over land (Janowiak 1992; Arkin
and Xie 1994; Arkin et al. 1994; Xie and Arkin 1995).

The Grody MW scattering-based estimates (Grody
1991; Ferraro et al. 1994) are derived from the scat-
tering signal of ice particles observed from the Special
Sensor Microwave/Imager (SSM/I) on the Defense
Meteorological Satellite Program (DMSP) satellites in
two steps. First, nonraining and indeterminate pixels
are eliminated by a variety of tests based on the data
from various channels. A scattering Index (SI) is then
computed from the brightness temperatures at 19V,
22V and 85V GHz channels and is converted into a
rain rate using an empirical relation derived from radar
data over Japan. The Grody estimates are available over
all land and oceanic areas for all seasons, although sur-
face snow or ice prevents successful estimation in parts
of the high latitudes. While the Grody estimates are
based on observations related more directly to the pre-
cipitation than those on which the GPI is based, they






