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ABSTRACT
The importance of analyzing climate at high spatiotemporal resolution has been emphasized in the
recent Intergovernmental Panel on Climate Change (IPCC) report. Several high-resolution analyses of
global precipitation have recently been created to meet this need by combining high-quality passive
microwave estimates with frequently sampled geosynchronous infrared estimates. A new daily 0.258
analysis has been developed at the Cooperative Institute for Climate Studies (CICS), called the CICS
High-Resolution Optimally Interpolated Microwave Precipitation from Satellites (CHOMPS), which is
based only on passive microwave satellite estimates. The analysis was developed using all available
sensors and the most up-to-date common retrieval scheme. An important advantage of CHOMPS is,
therefore, its consistency. The microwave estimates from the different sensors at hourly time scales are
combined using optimum interpolation (OI), using estimates of the noise and spatial correlation scales
and standardized analysis weights. This technique reduces the random errors while still capturing the tails
of the distribution of precipitation and provides estimates of output error based on the noise-to-signal
ratio of the inputs. Hourly values are combined to produce a daily average and error estimate. Evaluation
of CHOMPS against surface-based observational data, such as the stage IV radar and the Tropical
Atmosphere Ocean (TAO)/Triangle Trans-Ocean Buoy Network (TRITON) gauges, indicates that
CHOMPS performs well, especially when compared to other high-resolution products. This analysis,
therefore, highlights OI as a feasible methodology for the creation of a high-resolution precipitation
product. The analysis begins in 1998 and has thus far been continued through 2007, making it a useful
dataset to examine intraseasonal variability. When the period of the data becomes long enough, it will
prove to be a useful dataset to study longer modes of climate variability.

1. Introduction
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The use of satellite information for climate datasets
has led to many important precipitation products, enabling essential contributions to the understanding of
the global energy and water balance. Satellite estimates of precipitation have been used with great success to complement the relatively sparse global rain
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gauge network by providing regional coverage and
high-temporal sampling from geostationary satellites,
and high-quality data with less frequent sampling from
low earth orbit sun-synchronous satellites. Though
passive microwave (PMW) estimates of precipitation
are generally considered superior to infrared (IR) estimates (e.g., McCollum et al. 2002; Ebert et al. 1996),
only IR sensors have been successfully placed on geostationary satellites and thus they maintain a considerable sampling advantage.
Several global blended precipitation products have
been created using the data from available sources
(IR, PMW, and rain gauge). The most commonly used
blended precipitation datasets are the Global Precipitation Climatology Project (GPCP; Huffman et al. 1997;
Adler et al. 2003) and the Climate Prediction Center
(CPC) Merged Analysis of Precipitation (CMAP; Xie
and Arkin 1996). These monthly products have a relatively coarse resolution (2.58) and have been used for a
variety of applications but perhaps most importantly for
studying global climate variability (e.g., Gu et al. 2007;
Smith et al. 2006) and for validating models (Trenberth
et al. 2007a; Dai 2006; Hoerling and Kumar 2002; Kang
et al. 2002). The obvious drawback of monthly 2.58
products is that they cannot resolve short-term anomalies that may contribute to longer-term drought or
flood conditions that might be particularly important in
the context of global warming (Trenberth et al. 2003,
2007b). In addition, higher-resolution precipitation products are crucial for studying the diurnal cycle and are
crucial for hydrologic modeling studies (Dai et al. 2007;
Joseph et al. 2000; Wood et al. 2002).
The need for higher spatiotemporal resolution in
global precipitation products led to two new GPCP
products: the pentad version (Xie et al. 2003) and the
one-degree daily version (1DD; Huffman et al. 2001).
These two products use similar inputs as the monthly
products with only a single microwave estimate used
from Special Sensor Microwave Imager (SSM/I). In the
last decade, several new microwave sensors have been
launched that have vastly improved the temporal sampling of the PMW record. The increased sampling has
enabled several higher-resolution precipitation products,
such as the Tropical Rainfall Measuring Mission
(TRMM) Multisatellite Precipitation Analysis (TMPA;
Huffman et al. 2007), the CPC morphing method
(CMORPH; Joyce et al. 2004), and the Precipitation
Estimation from Remotely Sensed Information using
Artificial Neural Networks (PERSIANN; Sorooshian
et al. 2000; Hsu et al. 1997). These data products combine the higher-quality estimates obtained from PMW
sensors with the frequent sampling of IR estimates to
create independent merged data. The TMPA uses PMW
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estimates where available, otherwise PMW-calibrated
IR estimates are used. This combination is then adjusted to match gauges over land. The TMPA is currently the only product that includes rain gauge data
and has a nominal temporal resolution of three hours. In
CMORPH, motion vectors are derived from IR observations, which are used to temporally interpolate
between successive microwave overpasses, thus filling
any spatial gaps in the PMW estimate. Finally, the
PERSIANN algorithm is a neural network that makes
precipitation estimates based on IR data. The neural
network is calibrated by the PMW data and an analysis
is produced. Sapiano and Arkin (2009) have a detailed
comparison of these data and show that they effectively
represent high-resolution precipitation.
Here we present a new high-resolution precipitation
analysis, the (Cooperative Institute for Climate Studies)
CICS High-Resolution Optimal Interpolation Microwave Precipitation from Satellites (CHOMPS). It is a
daily product developed using only passive microwave
satellite data and has a nominal resolution of 0.258. The
dataset is constrained to the period of 1998 onward
(the postTRMM period), with data up to 2007 used in
this study. The latitudinal extent of the final product is
equatorward of 608. Several different algorithm versions
for precipitation estimates existed in the various satellite input time series (Table 1), so one of the primary
aims of this study was to reprocess as much of the satellite
orbital data using consistent and up-to-date algorithms.
These estimates of precipitation from all available satellites are then combined using optimum interpolation
(OI), aiding in the reduction of random analysis errors. This analysis also highlights OI’s feasibility as a
methodology for the creation of a high-resolution precipitation product comparable to the other currently
available merged precipitation datasets. For climate
studies, abrupt changes caused by the inclusion of new
satellites with different algorithms may cause unrealistic
discontinuities in the data. Hence, we have created two
versions of CHOMPS to account for discontinuities due
to the addition of the Advanced Microwave Sounding
Unit (AMSU) sensors—CHOMPS without AMSU
(CHOMPS-noA and CHOMPS with AMSU (referred
to as CHOMPS)—which will be detailed in section 2a(2).
The reprocessing of all the input data by the latest algorithms and the use of OI in CHOMPS make it suited
for climate studies of detailed precipitation characteristics because of the use of the common microwave
algorithms and sensors.
This paper is organized as follows: Section 2 describes
the methodology used in the creation of our data. Results
of the validation of the data with surface-based precipitation estimates and intercomparison with both high- and
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TABLE 1. Description of the individual data sources and sensors that have been used in the creation of CHOMPS. The start and end
dates of the individual satellites and the approximate equatorial crossing times at launch and termination are given. The references
indicated are the most relevant that describe the algorithm and dataset used. The asterisk means that the SSM/I F15 22GHz channel has
been degraded by beacon activation.

Data
source
SSM/I

AMSU

TMI
AMSR

Satellite
F-11
F-13
F-14
F-15
N-15
N-16
N-17
N-18
METOP-A
TRMM
Aqua

Sensor
type

Start
date

End date

Imager

Dec 1991
May 1995
Jun 1997
Mar 1999
Jan 2000
Oct 2000
Aug 2002
Jun 2005
Dec 2006
Dec 1997
Jun 2002

Jun 2000
Current
Sep 2008
*Aug 2006
Current
Current
Current
Current
Current
Current
Current

Sounder

Imager
Imager

Equator crossing
time at launch (a.m.)

Equator crossing
time currently or at
termination (a.m.)

5:00
5:30
8:30
9:30
7:30
2:00
10:00
2:00
9:50

7:00
6:30
4:30
7:00
5:00
5:00
10:00
1:30
9:40

lower-resolution precipitation products are included in
section 3. Conclusions are presented in section 4.

2. Methodology for the creation of CHOMPS
Four satellite precipitation estimates are used in our
analysis: 1) the SSM/I, with at least two satellites in orbit
at all times; 2) the AMSU-B, on the National Oceanic
and Atmospheric Administration’s (NOAA) operational
satellites; 3) the Advanced Microwave Scanning Radiometer (AMSR) on Aqua [AMSR for Earth Observing
System (AMSR-E)]; and 4) the TRMM Microwave
Imager (TMI). The complete set of satellite observations, their periods of operation, the sensors on the various satellites, the algorithms used, and the equatorial
cross times of these satellites at launch are shown in
Table 1. These estimates are averaged into 0.258 spatial
and 1-h temporal bins. These binned data are used to
compute analysis statistics and are then merged using
OI to form the precipitation analysis and will be discussed in section 2b.
Each retrieval algorithm for the various sensors [section 2a(2)] has its own set of ‘‘screens’’ for anomalous
surfaces, such as snow and ice. However, despite the
best efforts to perfect such algorithms, these methods
still do not work in every situation (Ferraro et al. 1998).
Thus, after each daily rain field is generated, a common
snow–ice mask is applied to the final product. Oceanic
ice estimates from the NOAA daily 0.258 OI sea surface
temperature analysis dataset (see Reynolds et al. 2007
for details) were merged with weekly 18 Northern
Hemisphere snow data from the Rutgers Global Snow
Laboratory data (Robinson and Frei 2000), where the
same snow data was used for each day in a week. Areas

Precessing
1:30

1:30

Reference
Kummerow et al. (2001)

Vila et al. (2007)

Wilheit et al. (2003)
Kummerow et al. (2001)

with elevation greater than 3 km were also masked as
well as the whole of the Antarctic, where a fixed land
mask was used. Finally, the 0.258 daily mask is enlarged
by 0.258 over the ice–snow edge to avoid contamination
issues.

a. Discussion of biases and algorithms
A potential problem with creating merged products
from satellites is bias between inputs. Possible sources
of biases in merged products are 1) lack of appropriate
diurnal sampling; 2) discontinuities caused by changes
in algorithms; and 3) algorithms that do not properly
interpret atmospheric properties while estimating precipitation. This analysis is designed to minimize these
potential biases, as discussed below.

1) DIURNAL SAMPLING
The diurnal cycle of precipitation can cause a bias
when comparing satellite observations from different
local times. This can be a problem when all data are
weighted equally in a daily analysis, and/or when a limited number of satellite inputs are used, creating a systematic sampling error as long as the diurnal cycle is
undersampled. The present analysis minimizes this bias
by using a large number of passive-microwave satellite
inputs, to better resolve the diurnal cycle. It can be seen
from Table 1 that the complete set of satellites sample
much of the diurnal cycle. In particular, the NOAA-16
and Aqua satellites operate near 2 a.m.–p.m. and provide vital temporal information that was previously
missing with the SSM/I satellite series, providing the
opportunity for at least one observation in every 3-h
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period. Therefore, after year 2000 there are a sufficient
number of satellites to minimize time-of-day bias in a
daily analysis, with roughly, four to eight hours defined
since 2000. Daily analyses prior to then could be biased
relative to later analyses as a result of less complete
diurnal-cycle sampling. The lack of diurnal-cycle sampling is the major obstacle to extending the analysis to
earlier years. Also, in our analysis, the introduction of
new satellite platforms, the long-term drift of existing
satellites, all prevent the daily diurnal values from being
sampled at the same time every day. Time-of-day uncertainty is included in the sampling error estimate for
the daily estimates and will be further discussed in the
section 2b.

2) THE RAINFALL

ALGORITHMS

One of the fundamental principles behind the creation of CHOMPS was to use consistent algorithms for
the entire time series of passive microwave imagers
(e.g., AMSR-E, SSM/I, and TMI) and sounders (AMSU
and the Microwave Humidity Sounder; Table 1). Thus,
no ‘‘adjustment’’ is needed to account for algorithm
changes throughout the period of record, as is now
required by virtually all other blended precipitation
analyses. To account for possible differences due to the
passive imager and sounder algorithms, two versions of
CHOMPS have been created: CHOMPS-noA extends
from 1998 to 2007, while CHOMPS extends from 2000
to 2007.
For the microwave imagers, the most current version
of the Goddard Profiling Algorithm (GPROF) was used
to reprocess the entire SSM/I time series. For TMI and
AMSR-E, this version is currently used by the National
Aeronautics and Space Administration’s (NASA) data
centers from which the data is obtained. Descriptions of
GPROF used here can be found in Kummerow et al.
(2001), Wilheit et al. (2003), and McCollum and Ferraro
(2003, 2005). Residual differences between the different
imager data products can then be assumed to be because of satellite calibration differences and satellite
observation times.
GPROF uses a large a priori database of atmospheric
profiles and brightness temperatures (Tb) at satellite
observation frequencies, constructed using the output
of two cloud-resolving models and a one-dimensional
radiative transfer model. The algorithm uses a Bayesian
inversion approach to derive instantaneous rain rate
and rainfall profiles by a weighted summation of all the
profiles in the database. The weight is determined by
how close each Tb vector in the database resembles the
observed vector. Because the physical principles remain the same, GPROF can be run for any microwave
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imager by adjusting the radiative transfer calculations
to match a sensor’s measurement frequency and footprint size.
For the AMSU data, the most recent NOAA operational AMSU-B algorithm developed by Vila et al.
(2007) was applied to the entire time series. Because
AMSU has ‘‘sounding’’ channels and uses frequencies
above 89 GHz, GPROF was not considered an option
because of large uncertainties in the radiative transfer
calculations in scattering atmospheres. For the AMSU
algorithm, Zhao and Weng (2002) took advantage of
the highly scattering nature of 89- and 150-GHz radiances from the AMSU-B sensor and retrieved ice water
path (IWP) using scattering parameters measured at
these two channels. The derived IWP is then converted
into the surface rainfall rate through an IWP and rainfall
rate relationship developed from cloud model results
(Weng et al. 2003). This rain rate product is operationally generated at National Environmental Satellite,
Data, and Information Service (NESDIS) of NOAA.
Vila et al. (2007) added an emission-based component
to this rainfall algorithm to account for oceanic rain
systems that have little or no ice in them.

3) COMPARISON OF COLLOCATED DATA
To evaluate bias in instrument and algorithms, a
comparison was performed of the different sensor estimates collocated at the same hour and in the same 0.258
square. Comparisons were done for 2003–06, when
there is large overlap between several sensors that allows for meaningful comparisons (Fig. 1). Since SSM/I is
the longest record and has a fairly dense number of
samples globally, simultaneous differences from SSM/I
estimates were used to evaluate relative instrument and
algorithm bias. For all comparisons, snow and ice
masking is applied. Simultaneous matchups are averaged over 3-month running periods for 58 boxes. This
averaging reduces random noise while retaining systematic differences. Some seasonal variation of the differences was found, but all simultaneous differences are
very small, so here we concentrate on average differences during 2003–06.
The mean SSM/I and SSM/I–AMSU instrument bias
(top and middle panel of Fig. 1, respectively) shows that
the instrument bias is small compared to the mean
values over most regions. Regions with large bias are at
high latitudes or high altitudes and may be related to
incomplete masking of snow and ice. Outside of high
latitudes and regions with very low rainfall, absolute
differences are typically about 20% of the mean values.
Seasonal variations in the simultaneous differences
are even smaller. Comparison to TRMM during 2003–06
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FIG. 1. Comparison of collocated data: (top) SSM/I simultaneous sampling mean with
AMSU, (middle) the simultaneous sampling differences with AMSU, and (bottom) TRMM
(mm day21). These have been averaged over 3-month running periods for 58 boxes to reduce
the random noise while retaining systematic features.

shows similar small biases in regions where TRMM is
defined, roughly 388S and 388N (bottom panel of Fig. 1).
There is much less sampling for AMSR-E and fewer
simultaneous matchups, making the differences much
noisier (not shown). However, differences are still much

smaller than the mean SSM/I at those locations. The
AMSR-E differences also do not have any apparent
spatial pattern, with some of the few tropical differences
positive and others negative. This further suggests that
differences are due more to incomplete noise filtering
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than to systematic instrument differences. There are
several reasons why precipitation estimates may have
small simultaneous differences between AMSU, TRMM,
and SSM/I. They are all based on passive-microwave
estimates, and the microwave radiances were reprocessed using consistent algorithms, removing possible
algorithm biases. The small differences also suggest that
satellite calibration bias is not a problem with these reprocessed data. Because the simultaneous bias between
different satellite estimates is relatively small compared
to the mean, we do not perform any additional adjustments to the hourly data.

VOLUME 10

1) CHOICE OF WEIGHTS FOR THE SENSOR
ESTIMATES

The method used to estimate noise–signal variance is
similar to that of Reynolds and Smith (1994), except
that they used spatial correlations, whereas the 1-h lag
autocorrelation r1 is used here. The autocorrelation is
computed directly for regions with frequent overpasses
and indirectly using 2- or 3-h lag autocorrelations in
regions with less frequent overpasses. To estimate the
1-h lag autocorrelation from longer lags, we assume the
relationship
rd 5 rd1 ,

b. Optimum interpolation
OI is a method for interpolating irregular data to
a regular grid. It is optimum in the sense that if the
random errors and covariances associated with the data
are known, then the method yields the interpolation
value with the lowest possible error. In reality these
statistics are only approximately known, so the method
is approximately optimal. The OI minimizes random
and sampling errors, but it does not adjust or minimize
systematic data errors. As discussed in the section 2a,
instrument biases for this study are small and most uncertainty is from sampling errors, which we minimize by
using multiple satellites over the period when denser
temporal sampling is available. An advantage of using
an OI is that the mean statistical properties of individual
data inputs are accounted for in the estimate. Those
inputs that tend to have greater random errors are
weighted less when multiple inputs are available. In
addition, the individual inputs are accounted for by the
spatial covariance estimates. An additional advantage
is an error estimate that describes the reliability of
the analysis from data with the given mean statistical
properties. The disadvantage is the need to estimate the
mean statistical properties. Here, we estimate those
properties as discussed below.
The OI computes an interpolated value at a given
point from a weighted sum of the data used for interpolation. The weights are chosen to minimize the error
of the analysis. Data that are far from the interpolation
point or data that have large random errors associated
with them are given smaller weights, while closer and
more reliable data are given larger weights. The 0.258
gridded data from the various sensors are first optimally
combined using estimates of the relative random error
of each source estimated using the temporal autocorrelation of the data. Then the spatial interpolation of the
data is done for every hourly time step. This yields an
intermediate hourly analysis that is averaged to create
the 0.258 daily precipitation analysis.

(1)

where d is the lag. There are enough overpasses of up to
a 3-h lag to compute many correlations for the year, but
there are still many gaps. Therefore, median smoothing
is applied to 1-h lag estimates over zonal bands 108 of
latitude wide. The higher correlations are found at the
low latitudes, and the lower correlations are at high
latitudes. However, equatorward of 408 latitude, there is
almost no change in the zonal correlations.
If we assume that an autoregressive model gives a
reasonable first order estimate of the signal variance at
1-h lags, then the satellite precipitation at time t 1 1 may
be estimated by
P(t 1 1) 5 r1 P(t) 1 «.

(2)

The part of the satellite precipitation P, that is not fit by
the model is assumed to be noise, or the random error
for the satellite estimate. For simplicity we assume that
the noise variance associated with each satellite does
not change in time, allowing the total satellite variance
at time t 1 1 to be separated into signal and noise
components,
s2P(t11) 5 r21 sP2 (t) 1 h«2 i.

(3)

The first term on the right-hand side of Eq. (3) is the
signal variance, and the second is the noise variance.
For short lags, we may also assume that s2P(t11) 5
s2P(t) 5 s2P , which allows the noise variance to be expressed in terms of the autocorrelation and the variance. This allows us to write the noise/signal variance
ratio (or interchangeably called the error estimate) as
h2 5

1  r21
r21

.

(4)

Of course, the autocorrelation model, Eq. (2), gives only
a crude approximation of the precipitation at time t 1 1.
In reality, much of what is called noise here is actually
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signal but not the signal that is derived from the model
and is the unbiased random error in the data. Therefore,
Eq. (4) can only give a rough estimate of the noise/signal
variance ratio. Here, what is most important is to have
the relative noise/signal variance associated with the
different satellites, so that they may be combined in an
analysis. This rough estimate should be sufficient for
the statistical analysis done here. Because these noise–
signal estimates that do not change much spatially or
over the year, we average them between 608S and 608N
and annually. Averaging is done separately over both
ocean and land. The relative noise/signal error variance
ratio estimated for each type indicates that AMSU is least
noisy, while the others are equally reliable (Table 2).
In addition, ocean values are less noisy than land values.
Before the hourly data are spatially interpolated, the
different satellite data at 0.258 grid cell for the hour are
merged into one value. The merging is a type of optimal
average (OA) at a point [see, e.g., Smith et al. (1994) for
details]. Here, the 0.258 grid cell is considered to be
equivalent to a point. An OA computes an average by a
weighted sum of data within an area and is very similar
to the OI described below. The OA of hourly data at
each point is defined as
NS

Pa 5

å
wsi Psi .
i51

(5)

Here, wsi is the weight, Psi is the observation for sensor i,
and NS is the number of sensors merged using OA.
Because we are averaging at a point with normalized
weights, the optimal averaging weights are defined as
simply
0

wsi 5

NS

11

1 @
1A
.
h2i j51 h2j

å

(6)

2) SPATIAL INTERPOLATION
The merged hourly precipitation data are spatially
interpolated to the 0.258 grid using OI. The OI analysis
at each point is a weighted mean of the observations
that influence the point, where the weights are chosen so
that the error of the analysis is minimized. Since the
analysis statistics are only approximately known, the
analysis is only approximately optimal. There are different ways that an OI can be applied. The OI used here
is similar to the analysis used by Reynolds and Smith
(1994) but with some important differences. Besides the
noise of the merged data from Eq. (4), the spatial correlations over the analysis region is needed. The correlation but not the covariance is used here, because we

TABLE 2. Relative noise/signal error variance ratios over land
and ocean for the given satellite precipitation estimates, measured
using autocorrelations for each type using hourly gridded data
from 2003. Values have been rounded to the nearest half to remove small differences.

Land
Ocean

AMSU

SSM/I

AMSR-E

TRMM

1.5
1.0

2.5
1.5

2.5
1.5

2.5
1.5

are using data from a limited spatial region where the
variance can be assumed to be approximately constant.
The correlation length scale defines the resolution of
the precipitation analysis. Since precipitation events can
have small space scales and since the goal is to produce a
high-resolution analysis, we wish to use minimum scales
that will produce reliable analyses. Because these data
are on a 0.258 grid, the spatial scale cannot be less than
0.258, or roughly 25 km. Also, we want to use information from some neighboring grid cells to reduce analysis
noise and to fill in the analysis more. Thus, we assign
isotropic spatial scales of 50 km. Gaussian functions are
used to estimate correlations with this fixed spatial
scale. In addition, we normalize the OI weights, so that
there is no damping of the analysis. Normalization of
weights ensures that the sum of all the weights is one,
which prevents analysis damping.
In the OI of Reynolds and Smith (1994), data increments from a first guess are analyzed, with damping of
the analysis to zero when there are few data. In that
analysis, the first guess is only modified if there are
enough data for an OI analysis, and the modification is
damped toward zero if there are few data for analysis.
Here, the OI is performed on the precipitation totals.
Since we do not want to damp these values when data
are sparse, we normalize the OI weights, which makes
the sum of the OI weights one so that there is no
damping of the analysis.
The area over which data are used also affects the
resolution of the analysis. Choosing data from too large
a region will smooth the analysis. In addition, a meaningful analysis requires at least two observations, which
we require in our OI. To perform the analysis at a grid
cell, we first use all the data within a region of 61 grid
box in zonal and meridional directions. If there are at
least two defined values found, then an analysis is performed. This typically occurs in regions with sufficient
satellite sampling and provides the greatest spatial resolution. In regions with less complete satellite sampling,
we slightly expand the search area for data, which effectively reduces spatial resolution. We do this to fill
what would otherwise be gaps between well-sampled
regions. In those cases the search area is first expanded
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to 62 grid boxes. This process is continued until we find
at least two observations, or until the region is larger
than 64 grid boxes (618 spatially). If there are not at
least two merged observations within 18 of the grid cell,
then no analysis is computed for that cell for that hour.
This limited expansion of the search area when needed
is a compromise to allow a more spatially complete
analysis while limiting spatial smoothing.

3) COMPUTATION OF DAILY VALUES
The hourly OI defines an intermediate product. Not
all hours are defined because of incomplete diurnal
sampling but typically there are four to eight hours defined since 2000, which allows most of the diurnal cycle to
be resolved for that period. Although not a focus of this
study, in the future this intermediate hourly product can
help better understand the diurnal cycle. The error estimate produced by the OI is the analysis noise/signal
variance ratio estimate, which has a maximum value of
one. Although this estimate does not account for possible bias errors in the satellite instruments or algorithms, it does account for sampling-bias errors, which
are discussed below.
Using three or four satellites, most quarter-degree
regions are sampled for 6–12 h day21. However, in some
regions and at some times, sampling may be lower. To
avoid producing unstable estimates for these regions,
we require that at least 4 h day21 be filled to produce a
daily average. The average is computed using the n out
of 24 h sampled as follows:
n

1
AD 5
A 5 hAH i.
n H51 H

å

(7)

n

1
E2 5 hE2H i/n.
n2 k51 H

å

1  ra
,
1 1 (n  1)ra

(8)

Here, E2H is the hourly OI error variance. The sampling
error for the daily average is computed following the
method of Jones et al. (1997). They show that for spatial
averaging over a region, the normalized sampling error
can be estimated by

(9)

where ra is the average point-to-point correlation within
the area and n is the number of observations. This is
similar to the error estimation of a daily average, except
that instead of an area average, we compute a time average of n hours and need the average correlation between hours of the day.
In using Eq. (9), we assume that the spatial sampling
error for each 0.258 square is zero, and the only sampling error that occurs is due to incomplete sampling
throughout the day—which is approximately true because of the dense satellite sampling. Of course, measurements of the average correlation between hours can
be affected by incomplete spatial sampling of the 0.258
squares. Error estimates such as Eq. (9) can be used
with spatial or temporal dimension correlations, or with
combined spatial–temporal correlations (e.g., Cressie
and Huang 1999).
A problem with the normalized error estimate from
Eq. (9) is what happens at the limits of daily sampling.
For instance, when all the hours in a day are sampled,
there is no sampling error for the day. This estimate
becomes small but not zero for n 5 24, using reasonable
estimates of average correlation, ra . For example, using
an average correlation of 0.25 yields a normalized error
of about 0.1 when 24 h are sampled. Therefore, we
modify Eq. (9) so that the normalized sampling error is
1 for n 5 0 and is zero at n 5 24, the limits of daily
sampling.
Equation (9) is modified to take the form
E2S,D 5 aE2S,J 1 b.

Here, AH is the hourly average defined by the merged
hourly OI, and the angle brackets denote averaging
over the available values.
Normalized error estimates for the daily averages are
computed using the number of hours sampled per day,
an estimate of the hour-to-hour average correlation,
and the hourly error estimates from the OI. The normalized random error estimate is estimated from the
normalized OI error of each hour. The daily normalized
random error is
E2R,D 5

E2S,J 5

VOLUME 10

(10)

By setting the limits E2S,D(n 5 0) 5 1 and E2S,D(n 5 N) 5 0,
the two adjustment constants a, b are calculated. Algebraic manipulation gives the modified normalized error
estimate
E2S,D(n) 5






1  ra
1
M
.
M1
1 1 (n  1)ra

(11)

Here, M 5 E2S,J(n 5 N), the unmodified estimate with all
N 5 24 hours sampled.
As discussed above, we measured the 1-h lag autocorrelations of the satellite precipitation from different
sensors. Typical values are about r1 5 0.75. Using this
value, the correlation between any two hours of the day
can be estimated by rd 5 rd1 , where d is the absolute lag
between hours, from 1 to 24. This allows us to compute
the average correlation between hours of the day. For
r1 5 0.75, the computed average correlation between
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TABLE 3. Normalized sampling error estimates for n hours of
the day sampled, using the unmodified Eq. (9) and the modified
Eq. (11). The average correlation used is ra 5 0.22. Also given is
the random error factor, 1/n for n . 0, which is proportional to
random error variance. For n 5 0, there is no random error.
N
E2S, J
E2S, D
1/n

0

1
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2

3

4

6

8

10

12

18

24

1.00 0.78 0.64 0.54 0.47 0.37 0.31 0.26 0.23 0.16 0.13
1.00 0.75 0.59 0.47 0.39 0.28 0.20 0.15 0.11 0.04 0.00
— 1.00 0.50 0.33 0.25 0.16 0.12 0.10 0.08 0.05 0.04

larger than the sampling error variance, which rapidly
reduces because this error is uncorrelated. Random
error never reduces to exactly zero as the sampling error
does; however, for most sampling situations with n $ 4,
the sampling error is larger.
The error computed for the daily values is the combined normalized daily random and sampling error variance as follows:
E2D 5 E2R,D 1 E2S,D .

hours of the day is ra 5 0.22. To show how the modification affects the sampling error estimate, normalized
values are computed using an average correlation of
0.22, for sampling 0–24 h (Table 3). For low n values,
there is little difference between the two estimates
and for n 5 3, both give a sampling error of about half
the variance. For n 5 8 or more, the differences grow
larger.
Table 3 also shows the reduction in random error
variance with additional sampling. Note that for the
satellites being combined, the average hourly noise-tosignal variance is close to 1. Therefore, the value will be
close to the computed normalized random error variance. For low n, the random error can be as large as or

(12)

For sampling of a minimum of 4 h day21, this yields a
normalized total error variance of about 0.64, or a normalized standard error of about 0.80. For sampling of
10 h day21, the normalized standard error drops to
about 0.50. Thus, even when much of the day is sampled,
there is considerable uncertainty in the daily estimates
because precipitation has short time scales. Typical
sampling with the merged data is 8–12 h day21 (Fig. 2).

4) ANALYSES USING REDUCED

SAMPLING

The sensitivity of daily analyses was tested for the
inclusion of a different number of satellites. Testing was
done using data for 2006, for which there are a total of
nine satellites: AMSR-E, TRMM, three SSM/I, and four

FIG. 2. Average number of h day21 sampled for January 2003 for individual satellites and the
merged data from all four satellites.
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FIG. 3. Zonal averages of the all-satellite control mean and
standard deviation.

AMSU sensors. The test analyses are compared to the
control analysis using all satellites. Zonal averages of
the control run mean and standard deviation (Fig. 3)
indicate high tropical values for the mean and standard
deviation. The large standard deviation is partly due to
the annual cycle not being removed from these data.
Test analyses are then computed using 1) only SSM/I;
2) only AMSU satellites; 3) a combination of SSMI
and AMSU satellites; and 4) a combination of SSM/I,
AMSU, and AMSR-E satellites. These tests show the
influence of each satellite type on the analysis. Zonal
average comparisons are used to summarize the results
(Fig. 4). Problems occur when SSM/I satellites alone are
used. Here, the correlation drops off greatly at mid-tohigh latitudes, the bias is highest, and the root-meansquare difference (RMSD) is more than half the standard deviation. For these comparisons, the RMSD does
not include bias error, only random differences. Since
the satellite instruments show small bias for common
areas and hours, as discussed above, most bias in these
tests occurs because of time-of-day sampling differences. The OI tends to reduce this bias by smoothing
the individual estimates and giving lower weights to
estimates with larger random errors. When using only
AMSU satellites, comparisons are much better because
AMSU has an additional satellite for the test year.
Combining SSM/I and AMSU gives improvements over
either alone. Those two types have nearly perfect correlation and almost no bias compared to the control.
Because those two types account for seven of the nine
satellites, this is not surprising. Adding AMSR-E reduces errors a slight amount, but there are still tropical
RMSD errors due to the absence of TRMM.
These comparisons indicate that the absence of
AMSR-E does not have a major influence on analyses
produced before its availability. However, analyses
produced before AMSU becomes available can have
both systematic and random deviations from the later,
better sampled analyses. Differences for the SSM/I-only
analysis are especially high at high latitudes. This mo-

FIG. 4. Zonal average comparisons to the control analysis using
(top) correlation, (middle) test-control bias, and (bottom) nonbias
RMSD.

tivated us to produce two analyses, one for the longer
period that does not use AMSU and another that does
use AMSU when it became available in 2000. This gives
users interested in variations beginning in 1998 a more
homogeneous analysis over the entire analysis period.
Users who don’t need 1998–99 analyses can use the
higher-quality analysis that includes AMSU. Error estimates are available for both the no-AMSU analysis
and the full analysis to help guide users.

3. Comparison of CHOMPS with gauges, radar,
and merged satellite products
Evaluation of the two products—CHOMPS and
CHOMPS-noA—is done by comparing them with two
surface-based precipitation estimates: one is the groundbased stage IV data (Lin and Mitchell 2005), which is
primarily based on Next Generation Weather Radar
(NEXRAD) measurements merged with hourly gauge
reports with manual quality control; the other is the
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oceanic gauge dataset, the Tropical Atmosphere Ocean/
Triangle Trans-Ocean Buoy Network (TAO/TRITON;
Hayes et al. 1991). The two CHOMPS products are also
compared with CMORPH, TMPA, a merged microwave product used in the creation of CMORPH called
microwave combination (MWCOMB), and the GPCP
1DD daily data. Among these merged precipitation
products used for comparison, TMPA is the only product that applies gauge corrections.
Table 4 shows bias, correlation, and RMSD of the
CHOMPS, CMORPH, and TMPA evaluated against the
stage IV data (Lin and Mitchell 2005). Figure 5 shows
maps of the correlations and biases. This analysis is
similar to that of Tian et al. (2007) and Gottschalck et al.
(2005), who compared the TMPA and CMORPH with
the stage IV dataset. Over the United States, CHOMPS
has a similar correlation pattern as CMORPH and
TMPA, with higher values in the southeast and lowest
values over the Rockies. Table 4 shows the mean U.S.
correlation is around 0.6 for CMORPH and TMPA and
is slightly lower for CHOMPS (0.57). The mean U.S.
correlation for the CHOMPS-noA estimates is far
lower at 0.43, which shows that AMSU provides considerable skill here. TMPA has the smallest bias over
the United States as a result of the monthly gauge
correction applied to this dataset. Both CMORPH and
CHOMPS have similar mean bias over the whole
United States.
The TAO/TRITON buoy network (Serra et al. 2001)
is used to evaluate the CHOMPS precipitation data
products over the open ocean. There are 27 tropical
Pacific locations covering 2002–07, used for this comparison. Two adjustments are applied before daily averaging. The first is to correct low levels of positive and
negative noise in the data due to instrumental errors.
Negative values are easily removed, but positive errors
are more difficult with which to deal. A simple threshold
technique suggested by G. J. Huffman and J. Lehman
(2006, unpublished manuscript) that was applied to
these data to remove very small values that are likely
due to noise. The second correction is for gauge undercatch. Serra et al. (2001) found that wind-induced
undercatch was the only major source of undercatch and
suggested a correction based on Koschmieder (1934)
that was calibrated over midlatitude land. It is clear that
some correction is required, but it is unclear whether the
Koschmieder (1934) correction is too much or too little.
The correction is applied, but some results are also
shown for the uncorrected data. With buoys, there is
also the potential for high errors due to wave action and
sea spray, although Serra et al. (2001) reported that such
errors were low in this case and no adjustment is used
for these comparisons.

TABLE 4. Daily percentage bias, RMSD, and correlation of the
OI (with and without the AMSU data), CMORPH, and TMPA
compared with the stage IV gauge–radar dataset from 1 Jan 2002
to 31 Dec 2007. Note that CMORPH starts on 7 Dec 2002 and has
a shorter comparison period. Units for RMSD are in millimeters
per hour. Bias is given as a percentage of the value for the validation data (stage IV).

CHOMPS
CHOMPS-noA
CMORPH
TMPA

Bias

RMSD

Correlation

43.1
42.3
41.9
10.3

0.252
0.315
0.230
0.199

0.57
0.43
0.61
0.60

Table 5 shows mean results from the comparison of
CHOMPS, CMORPH, and TMPA with the TAO buoys.
CHOMPS has the lowest RMSD and the highest correlation, although CMORPH and TMPA give similar
comparisons. All the products yield lower oceanic precipitation than the buoys, although CHOMPS has the
lowest bias. The CHOMPS-noA gives the closest estimate, suggesting that AMSU may underestimate tropical precipitation. Interestingly, the CHOMPS-noA
data gives only marginally lower correlations than the
CHOMPS. This suggests that the addition of AMSU
provides only a minor advantage in the tropical oceans,
which is in contrast with higher latitudes, where it is has
a larger effect. The advantages of including AMSU are
clear over the United States. The CHOMPS-noA is
based on imagers, which are generally more reliable over
the ocean where the emission technique is used. A caveat
in this comparison is that all the precipitation products
represent an area average of the 0.2583 0.258 grid box,
while the buoys themselves can be treated only as point
measurements. Thus, it is not surprising that the low
bias is noted. However, it is important to realize that
CHOMPS has the lowest bias, probably because of the
technique used in creating the data.
To facilitate regional comparisons of precipitation
and identify similarities and differences among the
various estimates, we select several land and oceanic
regions. Monsoon regions provide a major water resource to much of the world’s population. The ITCZ
and the extratropical storm tracks in the Atlantic and
Pacific Oceans are important precipitation regions with
great variability. The regions chosen for comparison are
indicated in Fig. 6, whose background provides the
summer and winter climatology for CHOMPS. The
dominant features—such as the seasonal movement of
the intertropical convergence zones, the extratropical
storm tracks, and the dry zones in the eastern and
subtropical oceans—corresponding to the downward
branches of the Walker and Hadley cells are all well
captured.
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FIG. 5. Daily (left) bias (mm day21) and (right) correlation of (top to bottom) CHOMPS,
CMORPH, and TMPA compared with the stage IV gauge–radar dataset from 1 Jan 2002 to
31 Dec 2007. Note that CMORPH starts on 7 Dec 2002 and has a shorter comparison period.
Bias is given as a percentage of the value for the validation data (stage IV).

Taylor diagrams (Taylor 2001, Fig. 7) provide a succinct framework for comparing the correlation, relative
variance, and the centered RMSD between the reference dataset (in this case, CHOMPS) and the individual
precipitation estimates. The reference data is at a unit
distance from the origin along the x axis. The ratio of
the normalized standard deviation indicates the relative
amplitude of the other estimates with our reference

estimate and is the radial distance from the origin. The
correlation ranges from zero along an upward vertical line to unity along a line pointing to the right. The
linear distance between the reference estimate and the
other estimate point is proportional to the root-meansquare (RMS) estimate error with bias removed. Most
estimates for the monsoon regions are correlated
with CHOMPS, with a value greater than 0.9. In the
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TABLE 5. Daily RMSD, percentage biases, and correlation of
the OI (with and without the AMSU data), CMORPH, and TMPA
compared with the TAO/TRITON buoy gauges between 7 Dec
2002 and 31 Dec 2007. Units for RMSD are millimeters per hour.
Bias is given as a percentage of the value for the validation data
(TAO/TRITON buoy gauges), and separate values are given for
the buoy gauges with and without a gauge undercatch correction.
Bias
Bias
RMSD (corrected) (uncorrected) Correlation
CHOMPS
CHOMPS-noA
CMORPH
TMPA
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10.8
10.9
11.0
11.1

231.0
218.4
248.6
244.0

212.6
3.1
234.6
228.7

0.66
0.62
0.64
0.62

monsoonal and the oceanic regions chosen, the variability of CHOMPS-noA is always lesser than CHOMPS.
GPCP 1DD and TMPA in general have larger variability than CHOMPS in all monsoonal regions.
CMORPH and MWCOMB estimates have similar relationship in the correlation, standard deviation, and error

estimate with CHOMPS. For the oceanic regions chosen, all GPCP 1DD estimates have very high variability,
lower correlation, and larger RMSD from CHOMPS.
This is particularly the case over the North and South
Atlantic and Pacific basins. A detailed comparison (not
shown here) indicates that these differences are caused
by winter differences. TMPA has a lower RMS difference in the equatorial oceans.
Figure 8 shows bias and correlations of CHOMPS
with CMORPH and TMPA. Correlations between
CHOMPS and CMORPH are generally high, apart
from areas with low rainfall, such as regions corresponding to the downward branches of the Walker cell.
There are slightly lower correlations with TMPA over
ocean and far lower correlations over land, particularly
in the midlatitudes. Since the TMPA is gauge corrected
over land, comparison of the CHOMPS with TMPA
shows areas where CHOMPS overestimates with respect to the gauges. The disagreement is large, with
overestimation as high as double the gauge estimates

FIG. 6. The 2000–07 climatology (mm day21) for CHOMPS: (top) DJF and (bottom) JJA. The
rectangular boxes show regions used in the Taylor diagram in Fig. 7.
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FIG. 7. Taylor diagrams for (top) monsoonal and (bottom) oceanic regions indicated in Fig. 6 for 2003–07. Points indicated by 1 refer to the
CHOMPS-noA, 2 to TMPA, 3 to CMORPH, 4 to MWCOMB, and 5 to
GPCP 1DD. (bottom) Colors represent the given regions for monsoon and
oceanic precipitation. Note that the Taylor diagram for the oceanic regions
has the maximum normalized standard deviation of .2.25, whereas the
monsoon region is slightly .1.5. Taylor diagrams have the ratio of the
normalized standard deviation as the radial distance from the origin, decreasing correlation as the counterclockwise angle from the x axis. The
RMSD without bias is the linear distance between the reference (CHOMPS)
and the other estimate points.
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FIG. 8. Daily (left) bias (mm day21) and (right) correlation of the CHOMPS with CMORPH
and TMPA from 1 Jan 2002 to 31 Dec 2007. Note that CMORPH starts on 7 Dec 2002 and has a
shorter comparison period. Bias is given as a percentage of the value for the CMORPH or
TMPA.

over parts of Africa and the United States and underestimation by as much as a half over northern Europe.
Although biases are large, they are common to all uncorrected PMW estimates (see Sapiano et al. 2008 for
examples). The TMPA is not gauge adjusted over the
ocean and an intriguing—but difficult to interpret—
pattern exists in the bias, with large areas of positive and
negative biases. CHOMPS has generally lower precipitation values over land areas than CMORPH. Over
oceans, CHOMPS and CMORPH have similar means,
and CHOMPS with AMSU has slightly higher values
over the subtropical high pressure zones and high latitude oceans.
High-resolution precipitation analyses are typically
not intended for use in climate studies, because of their
shorter length and that they are typically not designed
for climate studies. Figure 9 shows Hovmöller plots of
the zonal anomalies of the two versions of CHOMPS,
along with the monthly GPCP version 2 and the TMPA
estimates all regridded onto the 2.58 monthly grid to
facilitate comparison with the GPCP. All the precipitation products compare well in the tropics, equatorward
of 208. Tropical interannual variations are noticeable in
all the estimates. CHOMPS compares well with GPCP,
even in the extratropics. There are small discrepancies
in the extratropics among the different data products.

GPCP time series compares fairly well with CHOMPS
in most regions.

4. Summary
Here, we present the methodology and validation of
CHOMPS, a high-resolution (0.258 spatial and daily
temporal) precipitation dataset created using all available PMW imagers. All the PMW imagers (SSM/I,
AMSR-E, and TRMM) use the latest GPROF algorithm. The improved AMSU rainfall algorithm, with
more realistic rainfall distribution in the tropics and with
increased lighter rainfall in the midlatitudes, was used to
produce the AMSU rainfall estimates used in the of
new dataset. The use of consistent algorithms precludes
the need for bias corrections due to changes in algorithms, as evidenced by comparisons of spatially and
temporally collocated satellite estimates, which confirm
that the biases due to algorithm and satellite differences
are minimal. By using up to 10 satellite inputs, the
diurnal bias is minimized (especially since 2000) and
uncertainty is reduced. The algorithmic homogeneity
highly recommends this product for use in climate studies. The use of OI in combining the 0.258 hourly products from the individual sensors aids in the reduction of
nonsystematic errors. The analysis weights have been
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FIG. 9. Hovmöller plot of the zonal anomaly of precipitation (mm day21) for (top) CHOMPS
with and without AMSU, and (bottom) the GPCP and TMPA.

chosen so that the magnitude of the analysis is not
damped when the data are sparse. An intermediate of
the OI product is the merged hourly precipitation,
which is averaged to create the daily precipitation estimate when there is sufficient sampling. Estimated errors
have been calculated at the hourly and daily time scales.
Two versions of CHOMPS have been produced to
take into account discontinuities that might arise to as a
result of the inclusion of the AMSU. Both these versions,
CHOMPS and CHOMPS-noA, have been evaluated
against surface measurements and compared with other

high-resolution products. Comparisons with stage IV
data indicate that CHOMPS has similar correlation
and bias patterns as CMORPH and TMPA over the
United States, though CMORPH in general has slightly
higher correlations and TMPA has a much lower bias.
On an average, CHOMPS-noA shows the highest bias
and lowest correlations over the United States with
stage IV radar, possibly indicating the importance of the
inclusion of AMSU over land. Comparisons with the
TAO/TRITON network indicate that CHOMPS compares best with the lower RMSD and percentage bias
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and higher correlations when compared to CMORPH
and TMPA.
Taylor diagram comparisons of the two versions of
CHOMPS with GPCP-1DD, TMPA, CMORPH, and
MWCOMB over monsoon regions and oceanic regions
have been performed. Intercomparison of these products indicates that CHOMPS-noA has lower variability
than CHOMPS. Both versions of CHOMPS are comparable with TMPA, CMORPH, and GPCP-1DD, with
the greatest differences appearing with GPCP-1DD
over extratropical oceans. CHOMPS compares well in
all monsoonal regions with all the high-resolution products. Global patterns of correlations and bias comparisons with the high-resolution products indicate that
CHOMPS is comparable to the other products and has
more bias with respect to TMPA over land. These comparisons also indicate that CHOMPS produces more
precipitation in the regions that correspond to the downward branches of the Walker cell, which have lower
rainfall amounts.
The results of these comparisons indicate that
CHOMPS in general is comparable to the other highresolution products like CMORPH and TMPA. In addition, because an hourly quarter-degree product is also
available as an intermediate product, future development of a 0.258 precipitation dataset with a resolved
diurnal cycle averaged with at least 5-day time scales is
possible. Data products like these will be of use in climate studies. They will help resolve the diurnal cycle of
intraseasonal oscillations and also aid in understanding
the diurnal cycle associated with low-level jets.
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