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Abstract—This paper develops a global precipitation rate re-
trieval algorithm for the Advanced Microwave Sounding Unit
(AMSU), which observes 23–191 GHz. The algorithm was trained
using a numerical weather prediction (NWP) model (MM5) for
106 globally distributed storms that predicted brightness temper-
atures consistent with those observed simultaneously by AMSU.
Neural networks were trained to retrieve hydrometeor water-
paths, peak vertical wind, and 15-min average surface precipita-
tion rates for rain and snow at 15-km resolution at all viewing
angles. Different estimators were trained for land and sea, where
surfaces classed as snow or ice were generally excluded from this
paper. Surface-sensitive channels were incorporated by using lin-
ear combinations [principal components (PCs)] of their brightness
temperatures that were observed to be relatively insensitive to the
surface, as determined by visual examination of global images
of each brightness temperature spectrum PC. This paper also
demonstrates that multiple scattering in high microwave albedo
clouds may help explain the observed consistency for a global set
of 122 storms between AMSU-observed 50–191-GHz brightness
temperature distributions and corresponding distributions pre-
dicted using a cloud-resolving mesoscale NWP model (MM5) and a
two-stream radiative transfer model that models icy hydrometeors
as spheres with frequency-dependent densities. The AMSU/MM5
retrieval algorithm developed in Part I of this paper is evaluated
in Part II on a separate paper.

Index Terms—Advanced Microwave Sounding Unit (AMSU),
microwave precipitation estimation, microwave radiative transfer,
precipitation.

I. INTRODUCTION

IN RECENT decades, the best global retrievals of pre-
cipitation have been provided by passive microwave spec-

trometers such as the Special Sensor Microwave/Imager [1]
aboard the Defense Meteorological Satellite Program satellites
and the passive Tropical Rainfall Measuring Mission (TRMM)
Microwave Imager [2] aboard the NASA TRMM satellite.
They and similar instruments use the cross-polarized coni-
cal scanning configuration first demonstrated by the Scanning
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Multichannel Microwave Radiometer [3]. Since 1998, these
conically scanned sensors have been supplemented by
cross-track scanning Advanced Microwave Sounding Units
(AMSU-A and AMSU-B) [4], [5] aboard the U.S. National
Oceanic and Atmospheric Administration NOAA-15, -16, -17,
and -18 satellites, which fly in additional orbits and view
the earth with swaths ∼2200 km wide [NOAA-18 replaced
AMSU-B with the similar microwave humidity sounder
(MHS)]. The NASA Aqua satellite carries the similar
AMSU/Humidity Sounder for Brazil (HSB) instrument. The
significant scheduled global coverage by AMSU instruments
makes its precipitation retrievals useful and arguably essential.

Two early AMSU-based surface precipitation rate retrieval
algorithms used neural networks trained with the National
Weather Service’s Next Generation Weather Radar (NEXRAD)
[6], [7]. The first one used only AMSU-B data 150–191 GHz,
and the second one utilized both AMSU-A and AMSU-B. Both
algorithms first detected precipitation over land and sea based
on ice-scattering signatures near 183 GHz and therefore missed
warm rain. Retrievals more polar than ∼ ±50◦ latitude were
less accurate because of the limited NEXRAD training regime.
An alternate physics-based approach (AMSU/NOAA) relies on
AMSU-B channels [8].

Development of accurate precipitation retrieval methods has
been impeded by lack of reliable global ground truth. For
example, rain gauges suffer from rain inhomogeneities, wind
effects, and limited global coverage, while most remote sensors
respond to precipitation aloft, not that reaching the ground.
Global radar coverage is sparse and is generally confounded
to some degree by the unknown and varying distributions of
hydrometeor habits, sizes, and altitudes. The most successful
remedy to date has used numerical weather prediction (NWP)
models and radiative transfer equations to simulate ground
truth, while physical, look-up, or statistical retrieval algorithms
are trained [9]–[11].

This paper presents the first AMSU retrieval algorithm
trained using NWP models (MM5) for real surfaces at all
scan angles. Novel methods introduced include use of prin-
cipal components (PCs) to reduce surface effects and neural-
network-based corrections of brightness temperatures to nadir.
It is also shown that high-order scattering is responsible for
the coldest pixels, thus increasing the importance of the total
scattering cross section relative to the phase function. Retrievals
using this algorithm and its future improvements are planned
for routine production for the research community based on
available AMSU-A/B instruments in orbit.

0196-2892/$25.00 © 2007 IEEE
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Fig. 1. Brightness temperature histograms (pixels per degree kelvin) for
channels near 50.3, 89, 150, 183 ± 7, 183 ± 3, and 183 ± 1 GHz, in order
of increasing opacity from left to right, for 122 storms using F (λ) from [12]
for (a) incidence angles less than 40◦ and (b) incidence angles greater than or
equal to 40◦. Only TB’s below 250 K are plotted, and for clarity, they are shifted
to the right by 0, 140, 260, 330, 390, and 450 K, respectively. The vertical lines
indicate 230 K.

Earlier AMSU/MM5 retrieval papers only simulated re-
trieved images and used simpler surface models while eval-
uating the sensitivity of predicted retrieval accuracies to
assumptions in the radiative transfer model (RTM) and MM5
[9], [12]. The validity of these retrievals depends on the fidelity
with which the brightness temperatures predicted by MM5
and the RTM match the full range of behavior observed by
AMSU around the globe. Fortunately, previous studies [12],
[13] have shown that a physics-based combination of a cloud-
resolving version (Goddard) of MM5 followed by a two-stream
RTM (TBSCAT) [13] using different scattering models (F (λ))
for snow and graupel yields United States National Center
for Environmental Prediction (NCEP)-initialized MM5 simu-
lated brightness temperature histograms and morphologies that
generally agree with those coincidentally observed by AMSU
over 122 global storms, even when the precipitating pixels are
segregated by precipitation type or latitude. An example of such
a comparison, discussed later, is shown in Fig. 1.

Section II reviews the following necessary background:
1) the AMSU observations; 2) the physical basis linking
millimeter-wave spectra to surface precipitation rates; 3) the
MM5 configuration; 4) the characteristics of the storms studied;
5) the RTM and degree of scattering; and 6) the rationale
for matching total Mie scattering cross sections (rather than
backscattering) to exact calculations. Section III describes the
AMSU/MM5 algorithms for retrieving surface precipitation
rate, hydrometeor water-paths, and the peak vertical wind.
Part II of this paper [14] separately analyzes the predicted
retrieval performance relative to MM5 simulations and presents

TABLE I
CHARACTERISTIC OF AMSU-A/B ON NOAA-15, -16, AND -17

comparisons between retrievals based on real AMSU data and
the corresponding MM5 predictions. It also compares these re-
sults with other simultaneous AMSU and Advanced Microwave
Scanning Radiometer for Earth Observing System (AMSR-E)
retrievals and discusses possible future retrieval improvements.
MATLAB codes for these new AMSU precipitation rate, hy-
drometeor water-path, and peak vertical wind retrievals are
available from the authors upon request.

II. APPROACH TO DERIVING THE RETRIEVAL METHOD

A. AMSU Observations

The AMSUs on the operational satellites NOAA-15, -16,
-17, and -18 have been observing millimeter-wave spectral
images of Earth at 20 frequencies (19 on NOAA-18) since
May 1998. AMSU is composed of two units that observe
the frequencies and bandwidths shown in Table I. AMSU-A
observes 15 channels in the 53-GHz oxygen and 23-GHz water
vapor absorption bands, with a 50-km resolution near nadir, and
AMSU-B observes five channels near and below the 183-GHz
water vapor resonance with 15-km resolution near nadir [4], [5].

AMSU-A and AMSU-B scan cross-track ±48.33◦ and
±48.95◦ from nadir, respectively, mapping a ∼2200-km swath
beneath the spacecraft with 30 AMSU-A and 90 AMSU-B
views. Similar microwave sounding instruments include the
AMSU/HSB [15] on the NASA Aqua satellite and the future
Advanced Technology Microwave Sounder (ATMS) [16] that
will replace AMSU on future U.S. polar satellites. HSB resem-
bles AMSU-B but lacks the 89-GHz channel, and the spatial
resolution of the AMSU-A channels above 40 GHz is improved
to ∼33 km on ATMS, along with the addition of two channels.
Table I also lists the altitudes where each channel’s temperature
weighting function peaks, based on nadir views of the 1976
U.S. standard atmosphere over a nonreflecting surface. The
sensitivities for NOAA-15 range between 0.14 and 0.28 K for
AMSU-A channels 1–11 and 15, and 0.35–0.98 K, otherwise
[4], [5].

B. Physical Basis for Millimeter-Wave
Precipitation Retrievals

AMSU precipitation rates are primarily deduced from the
microwave signatures of vertical wind and absolute humidity
or from excessive absorption by water droplets seen as warm
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regions against a cold reflective ocean surface or as cold regions
seen against a hot land surface. Since rain absorption yields
both cold and warm signatures, separate algorithms are used
for land and sea. Vertical wind affects the scattering signatures
of icy hydrometeors by affecting their size distributions and
peak altitudes. Frequency- and size-dependent scattering from
icy hydrometeors of the cold cosmic background radiation
generally conveys most information.

The primary advantage of AMSU relative to sensors at longer
wavelengths is that scattering in the 50–200 GHz band is highly
dependent on ice particle size distribution and abundance, and
ice signature amplitudes can approach 200 K. Only large icy
hydrometeor characteristics of strong vertical wind and heavy
precipitation scatter strongly in the 54-GHz band, while smaller
hydrometeor characteristics of light precipitation still have
strong signatures near 150–200 GHz; an ordinary cloud ice is
too small to have much effect [9], [12]. Ice large enough to
affect AMSU is generally large enough to fall. Scattering by
water droplets has much less effect. Precipitation rates can be
retrieved by combining estimates of humidity and vertical wind
within neural-network estimators.

The absorption spectrum of water droplets smaller than a
millimeter is generally in the Rayleigh regime and is roughly
proportional to the square of the frequency for AMSU. These
absorption signatures are usually less than a few tens of degrees
and are generally unambiguous over ocean; over land, they
are often confounded with frequency-dependent variations in
surface emissivity. Over ocean, absorption by precipitation can
be distinguished from water vapor by using AMSU channels
near the 22.2- and 183-GHz water vapor resonances and in the
adjacent spectral windows.

The AMSU-A channels sense the temperature profile
by measuring thermal emission from oxygen at frequency-
dependent altitudes, e.g., the more opaque frequencies sense
temperatures near the top of the atmosphere. The altitudes
where scattering occurs can be estimated by observing the
strength of the scattering signature as a function of atmospheric
transparency—cell tops deep in the atmosphere can be observed
only at the most transparent frequencies. Cell top altitude is also
correlated with precipitation intensity.

In combination with AMSU-A temperature profile informa-
tion, the AMSU-B channels are sensitive to the middle and
lower tropospheric humidity profiles. Strong convective cell
tops are evident since they only rise to visibility in the most
opaque channels near 183 GHz. AMSU-A channels 1–5 (below
54 GHz) and AMSU-B channels 1–2 (89 and 150 GHz) are
affected by the surface and are called window channels.

An accurate retrieval of surface precipitation rate remains
difficult because it is primarily inferred from radiometric signa-
tures of hydrometeors aloft that may evaporate or significantly
shift location before reaching the surface, perhaps 5–20 min
later. These problems are more severe for convective precipita-
tion than for stratiform, which is more stable.

C. Mesoscale Model

The fifth-generation United States National Center for At-
mospheric Research (NCAR)/Penn State Mesoscale Model

(MM5) is a nonhydrostatic primitive-equation limited-area
nested-grid model with a terrain-following vertical coordinate
[17]. NCEP 1◦ 6-h global final analysis fields extending to
10 mbar [18] were used to initialize the MM5 experiments used
in this paper. Three cocentered MM5 domains with 34 terrain-
following levels and 45-, 15-, and 5-km resolutions for domains
1, 2, and 3, respectively, were used; planetary boundary layer
parameterization for the medium-range forecast model was
used for all three [19]. The implicit Kain–Fritsch 2 model
[20] and the explicit Goddard model [21] were used to treat
precipitation for domains 1 and 2. Only the explicit Goddard
model was used for domain 3, which has a sufficiently high res-
olution such that precipitation could be treated explicitly. The
reasons for choosing this configuration were described earlier
in more detail [12], and others could be used; for example,
the explicit Reisner model yielded similar results. Although
averaging over multiple imperfect models is preferable to using
just one, validating each with AMSU radiance observations
would demand enormous computer resources; MM5 has the
additional advantage that it is well documented and tested.
The good agreement between the MM5-modeled and AMSU-
observed radiances for each of several precipitation types is
encouraging [9], [12].

The Goddard model uses a parameterized Kessler-type two-
category liquid water scheme that includes cloud water and rain,
and a three-ice-phase scheme for hail/graupel, snow, and cloud
ice [21]. The Goddard model assumes hydrometeor size distri-
butions to be inverse-exponential functions of diameter (D)

N(D) = No exp(−λD) (1)

where N(D) [cm−4] is the number of drops per cubic
centimeter, per centimeter of diameter D. The intercept values
No = N(0) for rain, snow, and graupel are assumed to be
0.08, 0.04, and 0.04 cm−4, respectively. By assumption, the
decay rate λ = (πρNo/ρoq)0.25, where the assumed densities
for rain, snow, and graupel are 1, 0.1, and 0.4 g · cm−3,
respectively. The mass mixing ratio q (in kilograms per
kilogram) is given by MM5 for each species as a function
of the altitude, and ρo is the local air density. All cloud ice
is assumed in the Goddard model to have a single diameter
D = 2 × 10−3 cm and a density of 0.917 g · cm−3.

To minimize computer time, the brightness temperatures
analyzed in Section II were based on the 15-km resolution
MM5 domain 2 output, whereas the brightness temperatures
and MM5 predictions used in the retrieval studies discussed in
Section III were based on the 5-km resolution domain 3 MM5/
RTM output. Surface precipitation rates, hydrometeor water-
paths, and peak vertical wind at resolutions other than 5 km
were similarly generated by convolving the 5-km values
with Gaussian functions having the desired full width at half
maximum (FWHM). Surface precipitation rates (in millimeters
per hour) were defined as four times the difference between the
total accumulated surface precipitation (in millimeters) at the
time of interest and that at 15 min earlier. Hydrometeor water-
paths were defined as the total instantaneous water-equivalent
mass in a column at an instant of time, in units of millimeters.
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TABLE II
NUMBERS OF 5-km MM5 PRECIPITATING PIXELS

(IN THOUSANDS) BY CATEGORY

D. Globally Representative Storms

The 106 global storms analyzed for this paper are a random
subset of the 122 MM5 storms that were earlier shown to
have simulated brightness temperatures statistically consistent
with coincident observations by AMSU instruments aboard
NOAA-15, -16, and -17 satellites [12]; the reduction from 122
to 106 was necessary due to lack of data storage capacity. Each
storm has 190 × 190 picture elements (in pixels) spaced on a
rectangular 5-km grid. The total number of 5-km MM5 pixels
is 106 × 190 × 190 > 3.8 M, of which over 1.75 M pixels
were found to be precipitating with nonzero rainwater or snow
at 1000 mbar. This percentage of precipitating pixels is high
because only stormy regions were sampled.

Table II shows the number of precipitating 5-km MM5 pixels
in various categories for the 106 storms. The storms are well
distributed seasonally and in latitude. Pure snow is the only
category with a marginal representation (34 000 pixels). Based
on empirical examination of representative MM5 storms, a
pixel was defined as convective if the 15-km MM5 peak vertical
wind exceeded 0.45 m/s; otherwise, the pixel was defined as
stratiform. MM5 5-km pixels having only rain and no snow at
1000 mbar were defined as rain-only pixels. Similarly, pixels
having only snow and no rain at 1000 mbar were defined as
snow-only pixels. Pixels having both MM5 rain and snow at
1000 mbar were called mixed rain and snow. For the 15-km
pixels, the same definitions were used, where all nine 5-km
pixels were considered. A 15-km pixel was classified as
nonglaciated rain if its MM5 integrated rainwater was over
0.1 mm and TB(183 ± 7 GHz) ≥ 250 K, which was found to
indicate that a very little ice was aloft. These criteria used to
classify precipitation types differ from those used when com-
paring brightness temperature histograms, as required when
the AMSU data are analyzed [12]. Classification based on
brightness temperatures is used here for result analysis, not for
selecting retrieval variations.

E. Radiative Transfer and Simulated Brightness Temperatures

A two-stream variant (forward and backward propagations
at a single angle) of P. W. Rosenkranz’s efficient radiative
transfer algorithm TBSCAT [13] was used to compute AMSU
brightness temperatures based on MM5 profiles and Mie scat-
tering. It incorporated improved transmittance models [22],
[23] and the complex permittivities for water and ice given by
[24] and [25], respectively. Land emissivities were assumed
to be uniformly distributed over the typical range 0.91–0.97

[26], and sea surface emissivity was computed using FASTEM
[27], which incorporates geometric optics, Bragg scattering,
and foam effects.

Surussavadee and Staelin [9], [12] have shown agreement
with AMSU brightness temperature distributions for 122 storms
by modeling icy hydrometeors as homogeneous spheres hav-
ing wavelength- and habit-dependent densities F (λ) and to-
tal Mie scattering cross sections identical to those computed
for equal-mass snow, graupel, and cloud-ice habits using the
discrete-dipole electromagnetic program DDSCAT6.1 [28].
The wavelength-dependent densities F (λ) were used to com-
pute the size distributions for rain, snow, and graupel using (1)
and to compute scattering and absorption using the Mie approx-
imation. The DDSCAT computations assumed that all cloud
ice was spherical, all snow was hexagonal plates, all graupel
was symmetric six-pointed rosettes, and all liquid hydrometeors
were spherical [12]. Rosettes and hexagonal plates match the
observed spectrum well, unlike columnar and spherical ice
models which were also tested.

Fig. 1 compares histograms of MM5-simulated and AMSU-
observed data for incidence angles 0◦–40◦ and 40◦–59.2◦

[Fig. 1(a) and (b), respectively]. Systematic discrepancies up
to ∼20 K are evident near 200 K for the three 183-GHz
channels at scan angles less than 40◦, and for the coldest one
percent of pixels at greater scan angles. These discrepancies
are qualitatively consistent with our use of planar rather than
3-D cloud models. First, most cold pixels are convective cells
that rise high above the surrounding cloud cover and, due to
their columnar or hemispherical shape, reflect some radiation
from lower clouds into the beam when the cells are viewed at
large scan angles. Planar cloud models reflect radiation only
from space and therefore, for the highest cells, predict colder
temperatures at extreme angles, as shown in Fig. 1(b).

Second, the 183-GHz discrepancies in Fig. 1(a) vanish for
the coldest pixels because those cell tops are located so far
above the water vapor that any errors in the predicted water
vapor profiles or cell-top ice content would have little effect.
Third, Fig. 1(b) shows that the discrepancies that peak near
200 K vanish at large scan angles, probably because water
vapor absorption above the cell tops then roughly doubles
and obscures the tops. Therefore, the remaining discrepancy
between the observed and modeled histograms near 200 K
can be explained if MM5 is not thrusting ice (graupel/snow)
sufficiently high at the cell top, even 0.5–1 km could make a
significant difference. This effect is observable only because
the scale height of water vapor is so small (about 2 km) that
small changes in ice altitude can significantly alter albedo if the
microwave optical depth of the cell top is 0.5–1. An alternate
hypothesis is that the NCEP initializations yielded, perhaps,
40% too much humidity at the cell tops, but simulations under
this assumption alone did not remove the discrepancy entirely.

The assumption of two-stream Mie scattering deserves dis-
cussion. First, the MM5 and AMSU radiance histograms match
well when two-stream Mie scattering [9], [12] is assumed, as
shown in Fig. 1(a) and (b). One possible partial explanation
for reasonable agreement at almost all viewing angles, despite
the two-stream approximation, is that, even at extreme satellite
scan angles, those convective cells that scatter most strongly are
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viewed roughly normal to their tall puffy cloud surface. Another
partial explanation for good agreement using the two-stream
approximation, defended later in this paper, is that strongly
scattering clouds scatter each microwave photon several times
in random directions, reducing the importance of direction for
the scattering component. High-order scattering also makes
the angular distribution (phase function) of Mie scattering
less important than the total scattering cross section, which
was matched here to DDSCAT calculations by defining F (λ)
separately for each hydrometeor shape.

The simulated radiance data used to develop these precipi-
tation retrievals were based on unadjusted MM5 domain 3 data
on a square 5-km grid. These brightness temperatures computed
at appropriate zenith angles were convolved with Gaussian
functions having FWHM of 15 and 50 km for AMSU-B
and AMSU-A observations, respectively. This yields simu-
lated brightness temperatures for AMSU-A and AMSU-B at
appropriate resolutions on the 5-km grid. Blurring at 15-km
resolution was postponed until the final radiances were com-
puted because brightness temperatures computed for nadir us-
ing a 15-km blurred version of the MM5 fields were found
to differ from these results up to 10 K at 89.9 GHz for one
representative storm (due to nonlinearities).

Small average biases of 0.71, 0.63, −3.25, and −0.65 K were
found for 122 representative storms [12] between coincident
simulated and observed brightness temperatures for AMSU-A
channels 5–8, respectively, on NOAA-15, -16, and -17 satellites
between July 2002 and July 2003. These biases were corrected
and could partly be due to AMSU calibration errors, MM5
initialization errors, MM5 prediction errors, or radio frequency
interference. Biases for other channels are minimal. AMSU-A
channels 9–14 provide little information about precipitation
and were not used. At 89 GHz, only the 15-km resolution
AMSU-B data were used. More accurate biases dependent on
satellite and time could be found, but such corrections are
generally small compared to typical precipitation signatures.
A Gaussian random noise of 0.4 and 1.0 K rms was added
to the simulated brightness temperatures for all AMSU-A and
AMSU-B channels, respectively, which is generally consistent
with the measured values [4], [5]. Additional receiver noise
was not added to represent model noise (true versus simulated
spectrum) because the unknown model noise is overwhelmed
by uncertainties in the relation between the spectrum and
rain rate.

F. MM5 Snow/Graupel Adjustment

It was found in [12] that the DDSCAT and AMSU brightness
temperature histograms match well for 122 global storms if
we assume Mie scattering from spheres having the same total
scattering cross sections as those computed by DDSCAT for
rosette-shaped graupel and planar hexagonal snow. However,
the backscattering fractions of the resulting Mie spheres are
typically half those of graupel having a rosette shape, as com-
puted using DDSCAT6.1. The backscattering fraction is defined
as that fraction of single-scattered energy that is scattered
rearward into 2 π steradians. This difference in backscattering
raises the question of whether the density F (λ) of icy Mie

Fig. 2. B/(A + B) (in percent) as a function of the simulated brightness
temperatures, where A is the fraction of scattered photons that scatter only once
and B is the fraction that scatters more than once. Data at 183 ± 3 and 183 ±
7 GHz were shifted right by 20 and 60 K, respectively, where vertical lines
indicate 240 K. Only pixels for which more than one percent of the radiation
was scattered are plotted.

spheres should be adjusted so that their total scattering cross
sections or their backscattering fractions match those deter-
mined using DDSCAT.

This hypothesis was tested using brightness temperature
histograms, for which the densities of icy Mie spheres, i.e.,
F (λ), were increased to 0.125, 0.4, 1, 1, 1, and 1 at 50.3, 89,
150, 183 ± 7, 183 ± 3, and 183 ± 1 GHz, respectively, so that
their backscattering fractions match those for rosettes deter-
mined using DDSCAT. The resulting agreement in brightness
temperature histograms for 122 global storms was so degraded
by the increased backscattering by graupel, even when snow
was substituted for half of it. That clearly shows that the
total scattering cross section is most relevant here, and the
present MM5 production ratios of snow to graupel are probably
correct. The discrepancies between AMSU and MM5 degraded
to 50–80 K for brightness temperatures below ∼170 K.

An alternative explanation why the total scattering cross
section controls brightness more than the backscattering ratio
is that millimeter-wave photons scatter many times in many
directions before exiting those low-brightness regions where
scattering is important, and therefore, the “backward” direction
becomes increasingly isotropic. This hypothesis was tested in
part by computing the degree of multiple scattering in each
pixel using the successive-order radiative transfer method [29],
which explicitly accounts for each scattering event. Fig. 2
shows for each pixel, as a function of its brightness temperature
at nadir, the fraction of the scattered radiation (B/(A + B))
emerging from the top of the atmosphere that was scattered
more than once, where A is the single-scattered energy and B
is the higher order scattered energy; these data are for a winter
frontal system over France at 1003 UTC on January 2, 2003.
At brightness temperatures below ∼240 K, over half of all scat-
tered energy was scattered more than once, and below ∼220 K
of most photons scatter several times. It is these pixels below
220 K that dominate the brightness histogram matches. Only
pixels for which more than 1% of the radiation was scattered
are plotted. The peak discrepancy in brightness temperature
between this two-stream successive-order scattering algorithm
and TBSCAT is 1.3 K at 183 ± 7 GHz over the winter frontal
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system. However, the successive-order method involves much
more computation than TBSCAT.

III. RETRIEVAL ALGORITHMS

A. General Approach

Since the relationship between precipitation and satellite
brightness temperatures is nonlinear and imperfectly known,
the retrievals here employ neural networks trained with NCEP-
initialized MM5 simulations of 106 representative storms and
their corresponding brightness temperatures simulated using
TBSCAT and the F (λ) approximation at AMSU frequen-
cies. Only storms with simulated morphologies that match
simultaneous AMSU observations near 183 ± 7 GHz were
used. The global nature of these storms used for training
addresses the principal weakness in statistical methods trained
with ground radar or other nonglobal data. The validity of
these simulated storms is supported by their general agreement
with brightness temperature histograms of concurrent AMSU
observations [12].

Precipitation retrievals over sea ice or snow-covered land are
difficult because those channels penetrating to the surface have
difficulty distinguishing snow or ice on the ground from icy
hydrometeors aloft. Even the normally opaque channel near
183 ± 1 GHz can sense the surface when the air is sufficiently
dry. Furthermore, the microwave emissivity spectrum of snow
and ice on the ground exhibits many degrees of freedom that
overlap those degrees exhibited by precipitation. To explore this
issue, brightness temperatures were simulated using emissivity
spectra retrieved from AMSU/HSB aboard the Aqua satellite
for seven full days between August 30, 2002, and February 4,
2003, one day per month [30]. PC analysis of the brightness
temperature perturbations induced by precipitation over these
surfaces revealed that the scores of most perturbation PCs were
contaminated by contributions from snow or ice on the ground
that could sometimes create false detections. The score of a PC
is the vector dot product of that PC and the data for a particular
pixel. Because of such difficulties with surface complexity
and the possibility of undetected atmospheric transparency that
could produce false snowfall detections, this paper focuses only
on precipitation retrievals over snow-free land and ice-free sea,
although precipitation retrievals over land with snow and sea ice
can reveal snowstorms in humid atmospheres, as shown later in
Part II of this paper [14, Figs. 2 and 4].

The AMSU/MM5 retrieval algorithm first checks whether
the data are valid; retrievals were not performed for invalid
pixels. An AMSU footprint will be flagged as invalid if:
1) any brightness temperature for that pixel is less than 50 K or
greater than 400 K; 2) AMSU-A channel 5 (53.6 GHz) senses
less than 242 K, implying that the atmosphere is so cold and dry
that precipitation is unlikely and that even 183 ± 1 GHz may
sense the surface and yield false detections of precipitation; or
3) the surface altitude is above 2 km for |θlat| < 60◦ or above
1.5 km for 60◦ ≤ |θlat| < 70◦, or above 0.5 km elsewhere; these
high-altitude surfaces can be snow covered and are sensed more
strongly. These three cases (bad data, too dry, and too high) are
identified with flag values of 1, 2, and 4, respectively, where

Fig. 3. (a) Architecture for surface classification and for estimation of bright-
ness temperatures that would have been seen at nadir. Block diagrams for
retrieval algorithms for (b) ocean and (c) land. A1 and B1 signify channel 1 for
AMSU-A and AMSU-B, respectively. ∆T4 is the spatially local perturbation
in AMSU-A channel 4 brightness due to precipitation. PCs are principal
components, θzenith is the zenith angle, and Tsurface is the climatological
surface temperature [34].

each case has its own flag. A fourth flag assumes a value of
eight for sea ice or land with snow and is zero otherwise. The
sum of these four flag values is designated as the “return code.”
AMSU-observed pixels were classified as snow-free land, land
with snow, seawater, or sea ice using the surface classification
algorithm [31], which is a modified version of [32].

The first retrieval step, shown in Fig. 3(a), is to correct small
biases, typically less than 1 K, in a few temperature channels
and then to correct the brightness temperatures to values that
would have been seen at nadir [33]. Next, PC scores of the
window channel brightness temperatures that were found to
be insensitive to surface and view-angle effects are computed,
as are brightness perturbations due to icy hydrometeors. Fi-
nally, these values are input to neural networks that estimate
a single output parameter such as surface precipitation rate.
This architecture is shown in Fig. 3 and is elaborated in the
following sections. Separate neural networks are used over land
and sea, based on pixel longitude and latitude. The precipitation
algorithms also execute over snow or sea ice, but with a strong
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risk of false alarms. The same neural-network architecture was
used for surface precipitation rate, hydrometeor water-path, and
peak vertical wind retrievals.

All neural networks have three layers with 10, 5, and 1
neurons, respectively, where the first two layers employ tangent
sigmoid operators and the final layer is linear. Limited experi-
mentation with network architectures did not reveal significant
opportunities for improvement, probably because the 10-5-1
networks were slightly more complex than needed, but were
simple relative to the information available in the extensive
training data. The Levenberg–Marquardt [35] training algo-
rithm was used, and the net weights were initialized using the
Nguyen–Widrow method [36]. For each network and task, the
best of ten networks was used.

Each neural network was trained using 244 224 5-km MM5
pixels (half for training and one quarter for each of testing
and validation) and separately evaluated using 234 154 other
pixels, where the closest distance between any training and final
evaluating pixel was ∼14 km. These were subsamples taken
from the set of 106 MM5 storms, each of which has 190 × 190
5-km pixels.

B. Corrections of Brightness Temperatures to Nadir

Brightness temperatures over ocean at large zenith angles
are typically warmer for window channels and cooler for
opaque channels. Such differences in angular dependence
can confuse simple estimators. To permit simpler estima-
tors to be used, the first step in the AMSU retrieval algo-
rithm employs neural-network estimators that correct these
angle-dependent brightness temperatures to nadir by using
one estimator per channel, serving both land and sea. The
training data included brightness temperatures simulated for
106 MM5 storms at nadir and at all satellite zenith an-
gles. To estimate brightness temperatures at nadir for AMSU-
A, the inputs to the neural networks were the secant of
the satellite zenith angle and the MM5-simulated brightness
temperatures for AMSU-A channels 1–8 (23.8–55.5 GHz).
To estimate brightness temperatures at nadir for AMSU-B, the
inputs to the neural networks were MM5-simulated brightness
temperatures for AMSU-B channels 1–5 and the secant of the
satellite zenith angle. In both cases, the target was the MM5-
simulated brightness temperature at nadir for the same pixel.
The same diverse surface models were used, as described in
Section II-E. Because the corrections were trained in model
space without horizontal spatial offsets, atmospheric inhomo-
geneities introduced no errors.

The MM5-simulated performance validates this approach
to nadir correction since the rms discrepancy for the worst
channel other than 89 GHz is only 1.0 K when averaging over
zenith angles less than 50◦ and 1.57 K for zenith angles greater
than 50◦. These discrepancies are probably small because the
large number of neural-network inputs captures atmospheric
profiles quite well, simplifying angle correction, and brightness
temperatures vary approximately linearly with the secant of
the zenith angle. The rms discrepancies for angles beyond 50◦

are only 0.33–0.56 K for the opaque AMSU-A channels 3–8.
Because most precipitation signatures exceed 10◦ and are large

Fig. 4. Ocean PCs for ascending orbits of AMSU aboard NOAA-16 on
July 26, 2002. (a) SEA PC# 1. (b) SEA PC# 2. (c) SEA PC# 6. The three
images each map 50–90◦ E, 50◦ S–10◦ N.

TABLE III
NORMALIZED SURFACE-INSENSITIVE EIGENVECTORS

compared to these residual nadir correction errors, the retrieval
performance evaluated using those pixels having zenith angles
greater than 50◦ was found to be comparable to that averaged
over all angles.

C. Precipitation Retrieval Algorithm for Ocean

Fig. 3(b) shows the precipitation retrieval algorithm used
over an ocean. To reduce any residual dependence of brightness
temperatures upon a viewing angle and dependence upon sur-
face properties, only those PCs of the brightness temperature
spectrum that exhibited the least dependence were preserved.
The PCs were computed for the estimated nadir brightness
temperature spectra of all AMSU-B channels and AMSU-A
channels 1–8 that were classified as ice-free ocean and had no
low-quality flags (out-of-range, too dry, too high, or snow/ice
surface, as described in Section III-A). The PCs were computed
for the entire orbits containing the 122 analyzed storms, sig-
nificantly expanding the original database. The resulting first
PC was strongly affected by surface roughness, the second-to-
fifth PCs exhibited little surface sensitivity, and the rest either
exhibited residual angle-dependent brightness temperatures or
were noisy, as shown in Fig. 4, where only footprints classified
as ice-free ocean and having no low-quality flags are plotted.
The second-to-fifth PCs, designated SEA PC# 2–5, and their
eigenvectors are shown in Table III; an interpretation follows
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Fig. 5. Land PCs for AMSU aboard NOAA-16 on July 26, 2002. (a) LAND
PC# 1. (b) LAND PC# 2. (c) LAND PC# 3. (d) LAND PC# 5. The four images
each map 55–75◦ W, 35◦ S–10◦ N.

the table. Figs. 4 and 5 reveal no sharp boundaries that suggest
that further classification of pixels prior to computing PCs
would improve retrievals.

The inputs to the precipitation-retrieval neural networks in-
cluded the following: SEA PC# 2–5, five estimated bright-
ness perturbations ∆T due to icy hydrometeors for AMSU-A
channels 4–8 computed from estimated nadir brightness tem-
peratures, and the secant of the zenith angle. The perturbations
were estimated using the spatial filtering method described by
[7]; they are the difference between simulated AMSU-A icy
signatures at locations detected using 183 ± 7 GHz data and
brightness temperatures determined by Laplacian interpolation
of AMSU-A brightness temperatures surrounding the icy patch.
The 183 ± 3 GHz data are used in place of 183 ± 7 GHz
data when the atmosphere is very cold and dry, as inferred
when AMSU-A channel 5 (53.6 GHz) registers less than 248 K.
These perturbations could be sharpened to a 15-km resolution
using the technique described by [7], but the original 50-km
perturbations were found in this paper to be slightly better
correlated with 15-km surface precipitation rates than were the
15-km sharpened perturbations, presumably due to mismatches
between locations of icy hydrometeors aloft and precipitation
near the surface. This result is in contrast with that of [7]
because their estimator was trained with NEXRAD, which
responds to hydrometeors aloft more nearly colocated with
those sensed radiometrically. The neural-network estimates of
AMSU-A nadir brightness temperatures at 50-km resolution
were interpolated to AMSU-B footprints.

D. Precipitation Retrieval Algorithm for Land

Fig. 3(c) shows the precipitation retrieval algorithm used
over land. Since window channels, including AMSU-A
channels 1–5 and AMSU-B channels 1, 2, and 5, are strongly
affected by land surfaces in complex ways, it is beneficial
to attenuate these effects before providing the data to the
neural network. PCs for AMSU-A channels 1–5 and AMSU-B
channels 1, 2, and 5 were computed for estimated nadir bright-
ness temperature spectra classified as snow-free land without

low-quality flags (described in Section III-A); the test ensemble
was 122 satellite orbits spanning a year. Only the second
PC, LAND PC# 2, was reasonably insensitive to the surface,
whereas the others exhibited residual angle-dependent bright-
ness temperatures or were surface sensitive or noisy, as shown
in Fig. 5, which plots only footprints classified as snow-free
land without low-quality flags. The eigenvector for this surface-
insensitive PC is also shown in Table III and is interpreted in the
text following the table.

The inputs used to train the neural networks include the
following: LAND PC# 2, estimated nadir brightness tempera-
tures for AMSU-B channels 3 and 4, and five estimated bright-
ness perturbations ∆T due to icy hydrometeors for AMSU-A
channels 4–8 computed from estimated nadir brightness
temperatures.

The physical significance of the PCs can be partly surmised
from their dominant entries, shown in bold font in Table III.
The first PC SEA PC#2 primarily cancels the surface effects
observed by AMSU-A channels 1 and 2 (23.8 and 31.4 GHz)
against those evident in AMSU-B channels 2 and 5 (150 and
183 ± 7 GHz), while responding strongly to water vapor;
water vapor warms A1 and A2 while cooling B2–B5, which
is consistent with their opposite signs. SEA PC#3 also cancels
AMSU-A and AMSU-B window channels while responding
to a different combination of water vapor and rainwater. SEA
PC#4 cancels the water vapor and surface effects in AMSU-A
and AMSU-B channel 1, and SEA PC#5 responds strongly to
liquid water while canceling surface effects in channel 1 against
channel 2 for both AMSU-A and AMSU-B. LAND PC#2 also
cancels the surface effects seen by AMSU-A against those
seen in AMSU-B while reinforcing sensitivity to both rainwater
and humidity. Although it is difficult to determine exactly
what information survives the cancellations, these independent
sources of nearly surface-blind information clearly facilitate
precipitation estimates.

The nature of the neural-network estimator can also be
determined by correlating each network input channel with the
output. This revealed that all input channels sounding below a
15-km altitude were utilized in estimating surface precipitation
rates, but AMSU-A channels 4–8 (52.8–55.5 GHz) were gener-
ally the most important below 60 GHz and AMSU-B channel 5
(183 ± 7 GHz) was generally the most important above
60 GHz. Moreover, the relative importance and use of the
channels by the network shifts from one precipitation type to
another.

The correlation coefficients between MM5 precipitation pa-
rameters and both the simulated SEA PC#2 and LAND PC#2
coefficients exceed 0.5 for rain rate, maximum layer vertical
wind, and the water paths for rainwater, snow, graupel, and
cloud ice. The correlation coefficients for SEA PC#5 exceed
0.5 only for snow, while those for ∆T4−∆T7 exceed 0.5 for all
parameters except the water paths for cloud water and cloud ice.
Over land, the results are similar, except that the correlation co-
efficients for ∆T versus cloud ice also generally exceed 0.5, as
do all coefficients for 183 ± 3 GHz, and most for 183 ± 1 GHz.
One exception is cloud water, which is correlated only
∼20%–30% with each neural-network input. The maximum
correlation coefficients for the surface precipitation rate are
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0.61 for SEA PC#2 over ocean and 0.65 for ∆T4 and ∆T5
over land.

These correlation coefficients are more sensitive to high
parameter values than low ones because the parameters vary
over two to three orders of magnitude. If, instead, we correlate
log10[X + 0.01], where X is the parameter of interest, then
correlations for small parameter values are better represented in
the outcome. In this case, the maximum correlation coefficients
for surface precipitation rate rise slightly to 0.66 for SEA PC#2
and 0.65 for LAND PC#2. At lower precipitation rates, almost
all correlation coefficients for ∆T drop below 0.5 because large
∆T values occur only at the highest rain rates. More details are
provided in [33].

These correlations arise partly from the physics of radia-
tive transfer that links the observations to precipitation and
partly from statistical relations between other physically sensed
species and precipitation. For example, conical microwave
scanners using window channels sense rainwater path R rather
accurately, and we find that the correlation coefficient between
R and the surface precipitation rate is 0.90–0.93 for our MM5
simulations. In contrast, AMSU senses best the sum of snow,
graupel, and rainwater paths, for which the coefficient is only
0.78–0.84 [33]. The final precipitation rate accuracy also de-
pends, of course, on the accuracies of the estimates for R and
other parameters and on nonlinearities employed in the retrieval
algorithm.

The sensitivity of retrieval accuracy to the training model
can be estimated from brightness histograms like those in
Fig. 1. If the model, which has both NWP and radiative transfer
components, produces brightnesses biased relative to satellite
observations, then there will be a corresponding bias in the
retrievals. For the training set used here, Fig. 1 shows that these
biases are on the order of a few degrees, which can be compared
to the nominal hundred-degree dynamic range of most observed
channels. The largest biases are those of Fig. 1(b) at high view
angles for the very coldest pixels; they represent about 20% of
the brightness dynamic range and should therefore introduce
corresponding underestimates in the very highest precipitation
rates. It is possible for model errors to modify brightnesses
without biasing their histogram, but the general agreement
found between MM5/TBSCAT-modeled and observed bright-
ness histograms for each of several precipitation types and
locations [12] suggests that such model errors are modest and
their effects should be largely included within the retrieval
errors estimated for the training/testing/validation cases that
were evaluated [9]. Evaluations of this MM5/Goddard retrieval
algorithm using simulations based on non-MM5/Goddard
cloud-resolving and RTMs would yield increased retrieval
errors due to introduced radiance biases between simula-
tions and observations. Sensitivity of these results to as-
sumptions within the MM5/Goddard and the RTM has been
analyzed [9].

IV. SUMMARY AND CONCLUSION

Part I of this paper has defined MM5-based algorithms
that use AMSU data 50–191 GHz to retrieve surface pre-
cipitation rates, hydrometeor water paths, and peak vertical

wind over both land and sea for most types of precipitation
encountered globally. The algorithm performance is analyzed in
Part II [14].

A key to the algorithm is the excellent agreement between
MM5-predicted and AMSU-observed brightness temperatures.
Even the residual discrepancies between AMSU and MM5
brightness temperature histograms, as shown in Fig. 1, appear
to have simple explanations. At grazing view angles, it appears
necessary to model strong convective cells as towers that scatter
some radiation into the beam, and it seems likely that our
MM5 simulations may need to thrust cell-top ice 0.5–1 km
higher and/or reduce the initial humidity above the cell tops.
The MM5 initializations contained no hydrometeors. Support
for the assumption that strong convective towers scatter nearly
isotropically is shown in Fig. 2, which showed that most mi-
crowave photons from the coldest pixels have scattered several
times. Unless alternate models yield still better agreement with
AMSU brightness observations and little discrepancy remains,
there is a limited incentive to adopt them for algorithm training
purposes.

Novel elements in the algorithm include the use of MM5
and neural networks to correct all observed radiances to nadir
before processing them and the use of surface-independent PCs
(Figs. 4 and 5) computed for the more transparent bands to min-
imize surface effects before using that data in the retrievals. The
use of spatial filtering [7] to compute perturbation amplitudes
in the 54-GHz band was also helpful. Algorithm performance
is separately evaluated in Part II of this paper.
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