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Abstract—This paper addresses the following: 1) millimeter-
wave scattering by icy hydrometeors and 2) the consistency
between histograms of millimeter-wave atmospheric radiances
observed by satellite instruments [Advanced Microwave Sound-
ing Unit-A/B (AMSU-A/B)] and those predicted by a mesoscale
numerical weather prediction (NWP) model (MM5) in combi-
nation with a two-stream radiative transfer model (TBSCAT).
This observed consistency at 15-km resolution supports use of
MM5/TBSCAT as a useful simulation tool for designing and
assessing global millimeter-wave systems for remote sensing of
precipitation and related parameters at 50–200 GHz. MM5 was
initialized by National Center for Environmental Prediction NWP
analyses on a 1◦ grid approximately 5 h prior to each AMSU
transit and employed the Goddard explicit cloud physics model.
The scattering behavior of icy hydrometeors, including snow and
graupel, was assumed to be that of spheres having an ice density
F (λ) and the same average Mie scattering cross sections as
computed using a discrete-dipole approximation implemented by
DDSCAT for hexagonal plates and six-pointed rosettes, respec-
tively, which have typical dimensional ratios observed aloft. No
tuning beyond the stated assumptions was employed. The validity
of these approximations was tested by varying F (λ) for snow
and graupel so as to minimize discrepancies between AMSU and
MM5/TBSCAT radiance histograms over 122 global storms. Dif-
ferences between these two independent determinations of F (λ)
were less than ∼0.1 for both snow and graupel. Histograms
of radiances for AMSU and MM5/TBSCAT generally agree for
122 global storms and for subsets of convective, stratiform, snowy,
and nonglaciated precipitation.

Index Terms—Electromagnetic propagation, meteorology,
microwave radiometry, millimeter-wave propagation, millimeter-
wave radiometry, propagation, rain, remote sensing, scattering,
weather forecasting.

I. INTRODUCTION

G LOBAL monitoring of precipitation is important because
of its significant human consequences. However, the mul-

tiplicity of hydrometeor types and their small- and large-scale
spatial inhomogeneities make accurate measurements difficult.
For example, rain gauge measurements are significantly im-
paired by wind, poor global coverage, and the nonuniformity of
rain. Both ground-based radars and passive microwave satellite
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sensors sense precipitation aloft and are generally unable to
discern how much of that precipitation evaporates before im-
pact. Both are also sensitive to unknown local hydrometeor size,
form, and vertical velocity distributions, as are simple single-
frequency radars on satellites. The resulting lack of adequate
ground truth seriously complicates development and validation
of global precipitation sensing methods.

Fortunately, mesoscale and cloud-scale numerical weather
prediction (NWP) models such as the fifth-generation NCAR/
Penn State Mesoscale Model (MM5) [1] have evolved to the
point that they can provide substantially improved understand-
ing of retrieval errors and their origins, as demonstrated in a
preliminary way in this paper.

The general goals of this paper are therefore as follows:
1) to describe and evaluate a software testbed (NCEP/MM5/
TBSCAT/F (λ)) that should enable more detailed understand-
ing of the strengths and weaknesses of alternative millimeter-
wave-based precipitation and hydrometeor profile estimation
algorithms than can conventional ground-truth instruments;
2) to describe and evaluate a millimeter-wave radiative trans-
fer algorithm (TBSCAT/F (λ)) useful in such a testbed; and
3) to describe and evaluate a configuration of MM5 appropriate
for the same testbed.

Numerous references describe alternative radiative transfer
algorithms useful at millimeter wavelengths [2]–[4], and others
characterize MM5 modules that predict hydrometeor popula-
tions in explicit cloud models [5]–[7]. The principal contri-
bution of this paper is the demonstration that simple radiative
transfer assumptions and simple models for icy hydrometeors
are sufficient to match histograms of satellite-observed 50- to
190-GHz radiances to those based on coincident mesoscale
weather prediction models incorporating explicit cloud models.
Furthermore, we found that this match is sensitive to relatively
small departures from those assumptions, as discussed later.

Development of scattering models for various types of icy
hydrometeors is described in Section II. The initialization of
MM5 and computation of predicted radiances using a radiative
transfer program (TBSCAT) are then described in Section III.
Comparison of these predicted radiances with those observed
by the Advanced Microwave Sounding Unit (AMSU) [8], [9]
on the U.S. National Ocean and Atmospheric Administration
(NOAA)-15, -16, and -17 satellites is described in Section IV
together with an alternative characterization of scattering by
graupel and snow that maximizes agreement between his-
tograms of the predicted and AMSU-observed radiances.
Section V compares the satellite and MM5 radiance histograms
for a variety of precipitation types, showing that a single simple
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pair of ice factors F (λ) for graupel and snow results in reason-
able agreement between MM5 and AMSU at all ice-affected
frequencies and for essentially all precipitation types evaluated,
including convective, stratiform, snow, and unglaciated precip-
itation. Section VI then summarizes and concludes the paper.

II. ELECTROMAGNETIC MODELS FOR KNOWN ICE HABITS

Frozen hydrometeors usually assume habits resembling
hexagonal columns, hexagonal plates, or rosettes. Inasmuch
as evaluation of electromagnetic wave interactions with these
complex shapes is computationally expensive, icy hydromete-
ors were approximated by spheres that are mixtures of ice and
air having average densities F (λ) (0 < F < 1) that depend
on habit and wavelength λ. Hereafter, this density parameter
is called the ice factor F (λ). It is important to note that the
density F (λ) can be quite different from the density of the ice
itself (∼0.9 g/cm3) and different from the average ice density
within an envelop bounding the hydrometeor. That is, F (λ) is
defined as that density which yields the correct Mie scattering
cross section, as explained below, and can differ from common
perceptions, as discussed further in Section III-B.

Liu [10] and Bauer et al. [11] have utilized this spherical ap-
proximation to hydrometeors at millimeter wavelengths, which
simplifies computations because spherical hydrometeors are
readily characterized by Mie scattering. For a sphere of given
mass, F (λ) determines its volume; therefore, the effective size
distribution for a given set of spheres becomes a function of
wavelength in this approximation.

The density F was then used to determine an effective
complex electric permittivity ε of each sphere using an ice–air
mixing model in which ice inclusions are distributed within
an air matrix [12], [13]. As explained further below, to find
F (λ), the average electromagnetic scattering cross section of
each ice habit was computed using the Discrete Dipole Approx-
imation program (DDSCAT6.1) [14], and equated to the Mie
scattering cross section of an equal-mass sphere having the ice
factor F (λ).

A. DDSCAT6.1

The discrete dipole approximation represents the target by
a dense finite array of polarizable points. It can approximate
electromagnetic extinction, scattering, and absorption by arbi-
trary geometries with dimensions smaller than a few wave-
lengths [14].

B. Ice Models

The ice models studied include spheres, hexagonal columns,
hexagonal plates, and bullet rosettes having the densities and
shapes of observed ice habits [15]–[17]. Bullet rosettes here
comprise three long orthogonal hexagonal columns joined at
their centers to form a three-dimensional (3-D) orthogonal
cross. These model densities and shapes are listed in Table I,
where S and L are the small and large dimensions, respectively.
The shapes and dimensions are also illustrated in Fig. 3. The
hydrometeor lengths varied from 0.2 to 5 mm. Snow was
modeled as hexagonal plates, and graupel was modeled as six-
point bullet rosettes. Cloud ice and all liquid hydrometeors,

TABLE I
OBSERVED ICE HABIT DIMENSIONS AND DENSITIES

Fig. 1. Method for using DDSCAT to yield ice factors F (λ) for graupel
and snow.

including rainwater and cloud liquid water, were ultimately
modeled as spheres.

C. Ice Factors of Spheres Best Imitating Snow and Graupel

Fig. 1 illustrates the method used to find F (λ) for spheres
having the same mass and the same Mie scattering cross
sections as hexagonal plates (snow) and rosettes (graupel)
computed by DDSCAT. The scattering and absorption cross
sections computed using DDSCAT6.1 were averaged over
125 target orientations of the ice models; some orientations
were redundant, depending on hydrometeor geometry. To sim-
plify the DDSCAT computations, ice temperatures of −15 ◦C
were assumed because the permittivity of cold ice is a weak
function of temperature. Inasmuch as the absorption cross
sections for ice were much smaller than the scattering cross
sections, they did not influence F (λ). Although functions of
the angular scattering behavior other than the average scat-
tering cross section could have been matched between Mie
and DDSCAT, this simplification worked well, as shown in
Sections IV and V and Fig. 9(a). This is not entirely unexpected
because the average permittivity over all habit orientations
would be spherically symmetric.

D. Results

Fig. 2 illustrates the sensitivity of the computed scatter-
ing cross sections to both F (λ) and particle size L for the
representative cases of hexagonal plates at 89.9 GHz and
rosettes at 183 ± 7 GHz. Thus, the illustrated scattering cross
sections of hexagonal plates and equal-mass spheres are equal
if F (λ) = 0.2 ± 0.02. Fig. 2 also reveals the important fact that
F (λ) is largely independent of particle size L for hexagonal
plates and rosettes, so assumptions in MM5/TBSCAT about
hydrometeor size distributions do not impact F (λ), although
they do impact the computed scattering itself. Although hexag-
onal columns exhibit some dependence on L, they appear to
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Fig. 2. Scattering cross sections and backscattering fractions as a function
of particle length L for (a) hexagonal plates at 89.9 GHz and (b) rosettes at
183 ± 7 GHz, both compared with those of equal-mass spheres having three
different values for F (λ). Scattering cross sections (left scale) increase with
length; backscattering fractions (right scale) decline.

Fig. 3. Values for F (λ) that match the scattering cross sections of spheres (◦),
hexagonal columns (�), hexagonal plates (♦), and rosettes (+) found using
DDSCAT and the corresponding best fit linear approximations (solid lines).
Best fit values for Fopt(λ) for snow (∗) and graupel (×) found from
MM5/AMSU comparisons and the corresponding best fit linear approximations
(dashed lines).

be less influential in controlling emission spectra, as discussed
in Section IV-B. Fig. 2 also shows the backscattering fraction
β for hexagonal plates, rosettes, and spheres for specific cases.
In a two-stream radiative transfer model, β is the fraction of
the scattered energy directed backward. For both snow and
graupel, β decays monotonically with length, although for
graupel, the decay for equal-mass spheres is more rapid, poten-
tially leading to TBSCAT overestimates of graupel brightness
temperatures. One possible implication of this is addressed
in Section VI.

Such estimates for F (λ) for all AMSU frequencies are
plotted in Fig. 3 for spheres, columns, plates, and rosettes.
Those for hexagonal plates (snow) and rosettes (graupel) are fit
to a minimum-square-error straight-line function of λ. Table II
presents equations for the best fit ice factors F (λ) for snow,
graupel, and cloud ice (spheres), as derived from DDSCAT.

TABLE II
ICE FACTORS FOR SNOW, GRAUPEL, AND CLOUD ICE BASED ON DDSCAT

Fig. 4. Examples of unacceptable forecast/AMSU differences. Brightness
temperatures at 183 ± 7 GHz. (a) TB observed by AMSU October 7, 2002,
04:20 UTC. (b) TB predicted by NCEP/MM5 for (a). (c) TB observed by
AMSU July 2, 2002, 04:38 UTC. (d) TB predicted by NCEP/MM5 for (c).

These expressions lose some validity above 200 GHz because
F (λ) becomes size dependent and because expressions for
permittivity become less certain. The formulas in Table II
are generally consistent with the findings of Liu [10] that,
at the longer millimeter wavelengths, lower density (softer)
ice spheres match DDSCAT computations better. The weak
dependence of F (λ) upon hydrometeor size distribution below
200 GHz reduces any incentive to make F (λ) size or altitude
dependent. Although F (λ) for graupel is less than for snow
for a given length L, implying that graupel might scatter less,
this effect is compensated by the tendency for graupel to be
larger and to have water paths several times greater; stronger
scattering by graupel relative to snow is evident later in the
simulated brightness images of Figs. 4 and 6.

III. COMPUTATION OF MM5/TBSCAT
PREDICTED RADIANCES

The generation of microwave brightness temperature im-
ages from NWP models had several steps. First, U.S.
National Center for Environmental Prediction (NCEP) analy-
ses at ∼110-km resolution were interpolated to times 4–6 h
prior to passage of the satellites over storm systems and were
then used to initialize MM5 at the outermost domain (45-km
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Fig. 5. One hundred twenty-two representative storm systems. The numbers
1–12 stand for January–December, and 14 indicates largely unglaciated cases.

resolution). The atmospheric states predicted by MM5 at the
time of satellite transit were input to the radiative transfer
program TBSCAT [2] in its two-stream formulation to simulate
AMSU millimeter-wave brightness temperatures (TB) using
the F (λ) values presented in Table II.

A. Representative Storm Systems

To span a wide range of precipitation types and rates, 255
globally representative storm systems July 2002–June 2003
were selected by examining AMSU data. These storms included
20 for each month plus 15 that were not glaciated (e.g., warm
rain). Unglaciated pixels are defined here as those with mi-
crowave ice signatures too weak to be flagged as precipitation
[18], but for which more than 0.25 mm of cloud liquid water
is retrieved [19]. These satellite passes typically overlap with
MM5 storm systems over an area ∼2200 km × 2200 km.

One challenge in initializing MM5 with low spatial-
resolution data is that the morphology of the MM5 forecast
can sometimes differ significantly from the reality sensed by
satellite, as illustrated by two extreme examples in Fig. 4. The
dominant discrepancies between AMSU observations and colo-
cated 4–6 h MM5 forecasts are in the positions and character of
precipitation rather than in radiance values. For example, the
concentrated convection shown in Fig. 4(b) resulted directly
from a strong feature in the initial NCEP field, as did the
oversized typhoon eye shown in Fig. 4(d). Such obvious mor-
phological discrepancies, as well as storms embracing either
pole or very high mountains, led to deletion of approximately
half the initial set of 255 storms, leaving 122 storms for further
study. Discrepancies in radiance values were not used as a
deletion criterion. Analysis of the causes of morphological
disagreements between MM5 and AMSU could be informative,
but was beyond the scope of this study.

Fig. 5 shows the locations and months of 122 representa-
tive storm systems that agree morphologically with coincident
AMSU observations and were chosen for this study from the
initial set of 255. The numbers 1–12 indicate the months of
the storms, January through December, and the number 14
indicates the predominantly nonglaciated storms.

TABLE III
NUMBERS OF MM5 PRECIPITATING PIXELS (IN THOUSANDS)

IN VARIOUS PRECIPITATION CATEGORIES

TABLE IV
MM5 DOMAIN CONFIGURATIONS

These storm systems were chosen to be diverse and glob-
ally representative in terms of location, time of year, and
precipitation type and rate. Typhoon Pongsona over Guam on
December 8, 2002 at 16:25 UTC and Hurricane Isidore over
the Gulf of Mexico on September 22, 2002 at 16:42 UTC are
included. Table III presents the numbers of precipitating 15-km
MM5 pixels in various categories for the 122 chosen storms.
Over 640 000 precipitating 15-km MM5 pixels were studied,
where a pixel is designated as precipitating if MM5 rainwater
or snow at 1000 mbar is nonzero. The categories were defined
using AMSU and MM5 data as explained later in Section V-B2.
The most underrepresented category is perhaps pure snow.
For purposes of analyzing AMSU observations of snow in
Section V-B2, pure snow (no mixed rain) was defined as pre-
cipitation for which the MM5 surface temperatures were below
266 K, and only 3200 pixels satisfied these criteria. That these
pure-snow criteria are too strict is indicated by the fact that there
are 44 000 MM5 rain-free precipitating pixels.

B. MM5 Model

MM5 [1] is the fifth-generation NCAR/Penn State Mesoscale
Model used for NWP research and mesoscale modeling ap-
plications. It is a nonhydrostatic 3-D limited-area primitive-
equation nested grid model with a terrain-following vertical
coordinate. NOAA NCEP global atmospheric analyses from
the National Center for Atmospheric Research (NCAR) were
used for temporal and spatial boundary conditions in this study.
These analyses have 1◦ resolution at 0Z, 6Z, 12Z, and 18Z for
pressure levels extending to 10 mbar. MM5 employs nested
grids or domains, where the outermost grids have reduced
resolution, as listed in Table IV along with domain sizes and
time steps. All domains are cocentered and have 34 terrain-
following levels. Planetary boundary layer parameterization
for the Medium-Range Forecast Model [20] was used for all
three domains.

Although the positions of MM5-predicted 15-km scale con-
vective cells are meaningful only on the ∼100-km scales of
the NCEP initialization data, the statistics of their predicted
microwave emission on a 15-km scale are shown here to be
generally consistent with satellite observations for ice habits
observed aloft.
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MM5 offers seven implicit schemes and eight explicit
schemes for treating precipitation [1], and one of each is
chosen for each domain. The explicit and implicit schemes treat
resolved and unresolved precipitation, respectively, where un-
resolved precipitation is characterized by the aggregate nature
and effects of precipitation averaged over a region that could,
for example, include multiple independent convective cells.
Kain–Fritsch has been shown to perform best among implicit
schemes [21], and a newer version, Kain–Fritsch 2 (KF2) [22],
was used in this study for the lower resolution grids—domain-1
and domain-2. The implicit output of Kain–Fritsch 2 does not
include the hydrometeor profiles needed to compute brightness
temperatures, although it does forecast surface precipitation
rates. Inasmuch as the domain-3 5-km grid size is so small, no
implicit scheme is needed there, and only the explicit scheme is
used [1].

Only three explicit schemes available to us—Goddard [5],
Reisner 2 [6], and Schultz [7]—have complete sets of frozen
hydrometeor types. These three options were tested while keep-
ing other options identical. Whereas Goddard and Reisner 2
agreed well with coincident satellite observations, Schultz gen-
erally predicted too little precipitation coverage and intensity, as
illustrated in Fig. 6 for a representative storm. Note the general
agreement between AMSU observations and MM5 predictions,
although the detailed positions of convective cells differ some-
what due to coarse initialization and the role of chaos. Inasmuch
as Reisner 2 required 17% more computer time than Goddard,
Goddard was used in this study. Goddard microphysics in-
cludes a parameterized Kessler-type two-category liquid water
scheme, including cloud water and rain, and parameterized
three-category ice-phase schemes [23], including cloud ice,
snow, and hail/graupel.

Hydrometeors are assumed in the Goddard model [5] to
have size distributions that are inverse-exponential functions of
diameter D as

N(D) = No exp(−λD) (1)

where N(D) [cm−4] is the number of drops per cubic cen-
timeter 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 ρ is the density for rain, snow,
and graupel, and q is the mass mixing ratio given by MM5
for each species as a function of altitude; ρo is the density of
moist air. All cloud ice is assumed to have a single diameter
D = 2 × 10−3 cm and a density of 0.917 g/cm3. The same
expression (1) was used when computing brightness tempera-
tures, but with ρ = F (λ), as given in Table II. The dependence
of N(D) upon ρ shifts the size distribution for graupel to
larger D values than for snow because of graupel’s lower
values for F (λ). If the densities used within MM5/Goddard
are used in the N(D) expression instead of F (λ), then the
radiance histograms presented later shift only very slightly;
these Goddard densities are 1, 0.1, and 0.4 g/cm3 for rain, snow,
and graupel, respectively.

Because the available global initialization data from NCEP
was on a ∼110-km grid, MM5 required ∼4 h or more to
generate realistic 15-km resolution precipitation profiles. Each
satellite overpass occurred between 4 and 6 h after MM5

Fig. 6. Brightness temperatures (in kelvin) at 150 GHz for AMSU and three
explicit physics schemes for a storm system viewed June 22, 2003 at 05:55
UTC. (a) AMSU-B. (b) Goddard. (c) Reisner 2. (d) Schultz.

initialization. Predictions further than 6 h become less reliable
at the 15-km scale. The output data used in the forward radiance
program was interpolated to 42 equally spaced pressure levels,
10–1000 mbar.

C. TBSCAT

AMSU-A and AMSU-B radiances were simulated by using
a forward radiance program, TBSCAT, in its two-stream Mie
scattering approximation. TBSCAT was developed and pro-
vided by P. W. Rosenkranz (personal communication) based on
his radiative transfer algorithm [2], improvements on standard
millimeter-wave atmospheric transmittance models [24], [25],
and the complex permittivities for water and ice given by
[26] and [27], respectively. To simulate brightness temperatures
using TBSCAT, all hydrometeors were assumed to be spherical
and homogeneous [28], [29] with size distributions that are
inverse-exponential functions of diameter as given in (1), where
F (λ) for each ice species was used in place of the density ρ.
Because F (λ) is generally not dependent upon hydrometeor
diameters below 200 GHz, F (λ) was made independent of
altitude or size distribution functions.

The surface emissivity for ocean was computed using
FASTEM [30], where the sea surface temperature and wind
at 10 m were provided by MM5. This program includes the
effects of geometric optics, Bragg scattering, and foam cov-
erage. Inasmuch as there was no prior knowledge of land
emissivity, it was assumed to be uniformly distributed randomly
between 0.91 and 0.97, which are typical values [31]. The
atmosphere is sufficiently opaque at these frequencies that
surface emissivity errors are usually secondary except over
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Fig. 7. Comparison of MM5 183.3 ± 7 GHz brightness temperatures at
15-km resolution with those simulated by filtering MM5 5-km resolution output
with a 15-km Gaussian filter. The histograms present the numbers of samples
within each 1-K interval.

dry snow (e.g., the coldest pixels in Fig. 15(a) at 89 and
150 GHz) and over water misclassified as land (e.g., a few
pixels along the Amazon river; see Fig. 15(b) at 89 GHz and
Fig. 17 at 89 and 150 GHz). Furthermore, although random
land emissivities within the assumed range noticeably alter
the simulated brightness for individual pixels, such random
shuffling does not alter the brightness histograms much.

Inasmuch as computing MM5 forecasts with 5-km resolution
over the full swath width observed by satellites would have been
prohibitively time consuming, only the 15-km MM5 domain-
2 output was utilized, although the inner ∼1000-km domain-3
block had 5-km resolution. To validate MM5 domain-2 outputs
at 15-km resolution, brightness temperatures for AMSU chan-
nels above 85 GHz simulated by using MM5 domain-2 outputs
(15-km resolution) were compared with those simulated by
using MM5 domain-3 outputs (5-km resolution) for 24 test
cases, where the 5-km resolution brightness temperatures were
first smoothed using a Gaussian filter with a full-width at half-
maximum (FWHM) resolution of 15 km. A sample histogram
comparison is shown in Fig. 7, which exhibits good agreement.
Based on this agreement and the excessive computer time that
would have been required for TBSCAT simulations at 5-km
resolution over comparable global areas, all MM5 comparisons
with satellite data were performed using MM5 domain-2 out-
puts at 15-km resolution.

To simulate AMSU-A radiances, a Gaussian filter with
50-km FWHM resolution was used to smooth 15-km resolution
MM5 radiances. Radiances were computed using TBSCAT
at the appropriate incidence angle and assuming constant
50-km resolution without compensating for blurring at extreme
scan angles.

IV. COMPARISON OF MM5/TBSCAT
AND AMSU RADIANCES

The radiance-simulation algorithm NCEP/MM5/TBSCAT/
F (λ) has no discretionary parameters other than the choice of
this particular combination of routines and physical models.
The validity of the resulting radiance simulations was evaluated
by comparing these simulations to AMSU observations in two
ways. First, the AMSU radiance histograms were compared
to those generated using NCEP/MM5/TBSCAT/F (λ) for the
same global set of 122 storms. Section IV presents a pre-
liminary comparison, and Section V presents comparisons for
specific types of precipitation. Second, the MM5/TBSCAT/
F (λ)-simulated radiance histograms were made to approximate

Fig. 8. Satellite radiances near (a) 50.3 GHz and (b) 52.8 GHz. Precipitation
appears colder (darker), similar to the limb effects seen in (b).

those observed by AMSU by adjusting F (λ) for each of snow
and graupel to see how well these empirically optimized val-
ues of F (λ) agreed with those derived in Section II-D using
DDSCAT.

A. AMSU

The AMSU aboard the NOAA-15, -16, and -17 satellites is
composed of two units, namely: 1) AMSU-A and 2) AMSU-B.
AMSU-A is a 15-channel total-power microwave radiometer
including four window channels with frequencies centered at
23.8, 31.4, 50.3, and 89.0 GHz and 11 more channels in the
54-GHz oxygen absorption band [8]. AMSU-B is a five-channel
total-power microwave radiometer with frequencies centered
at 89, 150, 183.31 ± 1, 183.31 ± 3, and 183.31 ± 7 GHz.
AMSU-B is primarily used for humidity sounding [9]. Bright-
ness temperatures are measured at 50- and 15-km nominal
resolutions at nadir by AMSU-A and AMSU-B, respectively,
yielding 30 and 90 fields of view in each scan line.

Because the ice factor F (λ) is a weak function of λ, it
suffices to evaluate F at only one representative frequency in
the 54-GHz band—that frequency with the best ice signature
relative to surface “noise.” The strongest ice signatures in
the 54-GHz band appear in the most transparent channels at
50.3 and 52.8 GHz. The other channels in this band sound levels
above some or all of the ice aloft. Fig. 8(b) shows that the
52.8-GHz channel of AMSU-A exhibits limb effects at larger
scan angles that resemble the signatures from ice aloft, whereas
the 50.3-GHz channel [Fig. 8(a)] distinguishes precipitation
much more clearly. Therefore, only the 50.3-GHz channel was
analyzed in this band.

The surface effects for the window channels, including
AMSU-A channels 1–4 and AMSU-B channels 1 and 2, were
diminished by evaluating only pixels over land at those frequen-
cies, thus reducing the effects of highly reflective water surfaces
that mimic icy signatures. For example, the AMSU and MM5
land/sea flags excluded from the radiance histograms most of
the Amazon River pixels visible in the top part of Fig. 8(a). Low
radiances in these channels produced by highly reflective high-
altitude snow were largely avoided by excluding pixels having
both |lat| > 60◦ and terrain elevation above 500 m. Because icy
hydrometeor signatures generally do not contribute to bright-
ness temperatures above ∼260 K, histogram inconsistencies
there are generally insensitive to F (λ).

Subject to the restrictions noted above, the radiance his-
tograms in Fig. 9(a) suggest that good agreement was obtained
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Fig. 9. Brightness temperature histograms (in 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 (a) F (λ) and
(b) F (λ) + 0.05. Only TB’s below 250 K are plotted. For clarity, the absolute
TB’s were shifted to the right by 0, 140, 260, 330, 390, and 450 K, respectively.

between MM5-simulated and satellite-observed radiances over
122 representative storm systems that contain over 185 580
AMSU-A (23–90 GHz) and 1 674 964 AMSU-B (88–191 GHz)
footprints. In the figure, the AMSU channels are arranged in or-
der of increasing opacity: 50.3, 89, 150, 183 ± 7, 183 ± 3, and
183 ± 1 GHz; the 89-GHz data were observed by AMSU-B.
The high sensitivity of this comparison to the ice factor F (λ)
used in TBSCAT is indicated in Fig. 9(b), for which F (λ) was
increased by 0.05 at all frequencies for both snow and graupel;
the effects of the small cloud ice particles are not evident in
these histograms. The small differences between Fig. 9(a) and
(b) at certain wavelengths suggest that ice effects near 50.3 GHz
are also small and that the 183 ± 1 GHz weighting function
peaks above most ice aloft. The largest differences between
AMSU and MM5 in Fig. 9(a) (at 150 GHz) are small compared
with those induced when the ice factor is increased slightly
[Fig. 9(b)].

Histograms like those in Fig. 9 are used extensively in
this paper. Their main purpose is to illustrate the differences
between AMSU and MM5 brightnesses, not their absolute val-
ues, which are included with stated offsets. These differences
between AMSU and MM5 histograms are generally smaller
than those induced by minor adjustments of the model itself,
as Fig. 9(b) illustrates.

B. Best Fit Ice Factors for Snow and Graupel

To help validate the values of F (λ) found for snow and grau-
pel using DDSCAT, F (λ) for these two species was also found
empirically by minimizing at each frequency separately the
difference between radiance histograms produced by AMSU
and NCEP/MM5/TBSCAT/F (λ) for 122 storms. Inasmuch as
cloud ice particles are generally too small to affect millimeter-
wave brightness temperatures, the value for F (λ) in Table II

Fig. 10. Method for comparing AMSU observations with MM5/TBSCAT
radiance predictions to yield best fit ice factors Fopt(λ) for graupel and snow.

was used instead. The error metric for the difference between
two histograms is defined as

E =
n∑

i=1

[
(NSATi

− NMM5i
)2

(NSATi
+ NMM5i

)2

]
(2)

where each bin i corresponds to a brightness temperature, and
NSATi

and NMM5i
are, respectively, the number of satellite-

observed radiance pixels and MM5-simulated radiance pixels
falling in radiance bin i for all 122 storms. The denominator
normalizes the histogram, increasing the relative contribution
to E of the coldest ice-sensitive pixels relative to the far more
numerous brighter pixels unaffected by ice. The algorithm used
to find the values F (λ) that minimize E is presented in Fig. 10.

The resulting values of Fopt(λ) for snow and graupel are
presented in Fig. 3 and are fit to straight lines that minimize
mean square error on a linear scale. The best fit straight line to
F (λ) for snow differs from that for hexagonal plates, as com-
puted using DDSCAT, no more than 0.096 out of 0.38 (25%),
this worst case being at 200 GHz. The best fit line for graupel
differs from that computed for rosettes no more than 0.015 out
of 0.19 (8%). The F values for hexagonal columns and spheres
deduced from DDSCAT differ so greatly from the graupel and
snow values found from the MM5/AMSU comparisons that
these ice habits are unlikely to be major contributors to AMSU
observations, as expected.

V. TESTS OF ICE FACTOR VALIDITY

To test the validity of the values for F (λ) given by the
DDSCAT experiment results, brightness temperatures were
computed using MM5/TBSCAT/F (λ) for 122 storms. The TB

histograms in Fig. 9 suggest that the DDSCAT values of F (λ)
are usually within ∼0.1 of those providing optimum agreement.
This global agreement was then tested further by separating the
data into different latitude bands and precipitation types. Note
that part of the discrepancy between histograms considered
below could be due to misclassification of precipitation type.

A. Histogram Comparisons for Different Latitude Bands

The 122 storm systems were divided into three different
latitude bands, namely: 1) |lat| ≤ 25; 2) 25 < |lat| ≤ 55; and
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Fig. 11. Brightness temperature histograms (in 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. (a) |lat| ≤ 25. (b) 25 <
|lat| ≤ 55. (c) 55 < |lat| ≤ 83. Only TB’s below 250 K are plotted. For clarity,
the absolute TB’s were shifted to the right by 0, 140, 260, 330, 390, and 450 K,
respectively.

3) 55 < |lat| ≤ 83. Each latitude band continues to show good
agreement at all frequencies, as illustrated in Fig. 11. The worst
discrepancy, somewhat less than that due to a modest ice factor
increment of 0.05 (see Fig. 9), occurs at 89 GHz in the tropics,
where MM5/TBSCAT/F (λ) produces too many cold pixels.
This residual discrepancy could originate from: 1) any of the
radiative transfer approximations; 2) excessively concentrated
convection arising from the initial NCEP fields, as suggested
in Fig. 4(b); or 3) excessive convective strength and graupel
production by MM5. Radiative transfer approximations include
use of the following: F (λ) for Mie spheres, a two-stream scat-
tering model, the assumed hydrometeor form factors, and the
method of fitting F (λ) to total DDSCAT scattering cross sec-
tion rather than to some other angular scattering function. Fur-
ther extensive comparisons of models and observations would
be required to evaluate these alternative explanations. The
mismatches for the ∼100 coldest pixels in Fig. 11(c) at 183 ± 3
and 183 ± 1 GHz are generally not due to MM5 or radiative
transfer flaws, but to extremely dry air that was not anticipated
by NCEP/MM5 and that exposes highly reflective dry snow.

B. Histogram Comparisons for Various Precipitation Types

To further test these results, the precipitating pixels in the
122 storm systems were categorized as convective, stratiform,

snow storm, and nonglaciated. The same radiance algorithm
was used for classifying both AMSU and MM5 pixels, al-
though this categorization selected different pixels for AMSU
and MM5 data because their convective cells were located
differently. Inasmuch as our purpose here is only to support
histogram comparisons that might reveal weaknesses in the
observed global consistency of MM5/TBSCAT/F (λ)/AMSU
comparisons, perfect separation by precipitation type is not
required.
1) Convective Versus Stratiform Precipitation: The esti-

mated peak vertical wind (wpeak) for each pixel was used
to distinguish convective from stratiform precipitation. Pixels
were flagged as convective when the estimated peak vertical
wind exceeded 0.45 m/s. Higher wind threshold values would
be more appropriate for spatial resolutions of 5 km or less,
as opposed to the 15-km resolution velocities used here. The
0.45-m/s threshold was that value which balanced and min-
imized the errors when dividing pixels into convective and
stratiform classes using the neural network described below.

Fifteen percent of the MM5-simulated radiances and corre-
sponding vertical winds were used as statistical ground truth
to train a neural network to estimate peak layer vertical wind
by using AMSU-B observations at the three frequencies near
183 GHz, which have ice signatures strongly correlated with
vertical wind speed. The MM5 peak vertical wind was nega-
tively correlated with brightness temperatures at 150, 183 ± 7,
183 ± 3, and 183 ± 1 GHz with correlation coefficients
of −0.2, −0.53, −0.43, and −0.25, respectively, for the test
ensemble of storms. These correlation coefficients were less
than 0.08 for the other AMSU channels. Different neural net-
work configurations were tested for their ability to estimate
peak vertical wind. The best configuration employed three
layers comprising 10, 5, and 1 neurons. Tan-sigmoid trans-
fer functions were used for neurons in the first two layers,
and a linear transfer function was used at the output. The
Levenberg–Marquardt [32] training algorithm has been shown
to be efficient [33] and was used. To facilitate convergence of
the neural net weights during training, the weights of the neural
net were initialized by using the Nguyen–Widrow method [34].

Fig. 12(a) plots every fifth pixel of estimated MM5 peak
vertical wind wpeak versus MM5 truth. This estimator
misclassifies 25% and 26.6% of MM5 stratiform and
convective pixels, respectively. Fig. 12(b) exhibits general
agreement between histograms for wpeak estimated by using
AMSU and MM5-simulated radiances, with AMSU sensing
roughly twice as many “convective” pixels, presumably due
to the larger sizes of AMSU-sensed cirrus anvils relative to
the convective columns below. Based on this classification,
Fig. 13 exhibits good agreement between MM5/TBSCAT and
AMSU brightness temperature histograms for both convective
and stratiform precipitations. The small differences between
simulated and observed radiances in the stratiform case could
be due to surface effects, small values for F (λ, stratiform),
or weak MM5 stratiform hydrometeor production; these
differences are again smaller than those associated with an ice
factor increment of 0.05.
2) Snow Versus Rain: All precipitating pixels in the set of

122 storms were divided into rain and snow categories using
MM5 surface temperature as the predictor and the hydro-
meteor state at the MM5 1000-mbar level as the criterion,
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Fig. 12. Performance of the peak vertical wind (wpeak) estimator. (a) Every
fifth pixel of estimated wpeak versus MM5 truth. (b) Histogram comparisons
over 100 linear-scale bins of MM5- and satellite-estimated wpeak values.

Fig. 13. Brightness temperature histograms (in pixels per degree kelvin) for
AMSU and MM5 channels near 50.3, 89, 150, 183 ± 7, 183 ± 3, and 183 ±
1 GHz, in order of increasing opacity from left to right. (a) Convective pixels.
(b) Stratiform pixels. Only TB’s below 240 K are plotted. For clarity, the
absolute TB’s were shifted to the right by 0, 160, 270, 400, 510, and 580 K,
respectively, for (a), and 0, 60, 90, 110, 130, and 160 K, respectively, for (b).

as illustrated in Fig. 14. To reduce the risk of pixel misclas-
sification, only those with MM5 surface temperatures below
266 K were designated “snow,” and only those above 294 K
were designated “rain.” Based on this classification, Fig. 15
exhibits good agreement between MM5/TBSCAT and AMSU
brightness temperature histograms for both rain and snow. The
substantial discrepancies at 89 and 150 GHz are most likely
due to our simplified assumption that land surface emissivities
range randomly between 0.91 and 0.97, whereas the emissivity
of dry fallen snow can drop below 0.8 to produce the histograms
presented in Fig. 15(a). Under this hypothesis, the observed

Fig. 14. Histograms (in pixels per degree kelvin) for MM5 surface rain and
snow classifications, as a function of MM5-predicted surface temperature.

Fig. 15. Brightness temperature histograms (in pixels per degree kelvin) for
AMSU and MM5 channels near 50.3, 89, 150, 183 ± 7, 183 ± 3, and 183 ±
1 GHz, in order of increasing opacity from left to right. (a) Snowing pixels.
(b) Raining pixels. Only TB’s below 260 K are plotted. For clarity, the absolute
TB’s were shifted to the right by 0, 80, 150, 190, 230, and 270 K, respectively,
for (a), and 0, 140, 260, 350, 410, and 480 K, respectively, for (b).

histogram agreement at 50.3 and 183 ± 7 GHz could result if
the fallen snow were sufficiently shallow that it could still be
penetrated at 50 GHz, and if the humidity were sufficiently high
that 183 ± 7 GHz retained some limited opacity. Inasmuch as
snow was defined as those few pixels where the MM5 surface
temperature was below 266 K, these results could be due to only
∼1600 shallow-snow pixels out of ∼3000 and less than one-
tenth of a single MM5 image. The alternative hypothesis that
falling snow has an unexpectedly high albedo near 89–150 GHz
is not readily reconciled with the noticeably higher brightness
temperatures seen at 183 ± 7 GHz, a frequency that normally
penetrates at least to the upper levels of any snowstorm so as
to be similarly affected. Thus, validating dry snowfall observa-
tions requires knowledge of the surface emissivity spectrum for
those channels that sense it, where this spectrum may depend
on snow depth, temperature, and history [35].
3) Nonglaciated Rain: A pixel was classified as non-

glaciated rain if TB (183 ± 7 GHz) ≥ 250 K, and over 0.1-mm
integrated rainwater W were retrieved. The neural network
used for estimating W was trained using 15% of the MM5
simulations for 122 storms; the inputs were brightness tem-
peratures at all five AMSU frequencies above 85 GHz. Tests
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Fig. 16. Performance of the integrated rainwater (W ) estimator. (a) Estimated
W versus MM5 truth. (b) Histogram comparisons over 100 linear-scale bins of
MM5- and satellite-estimated W values.

Fig. 17. Brightness temperature histograms (in pixels per degree kelvin) for
AMSU and MM5 channels observing nonglaciated rain near 50.3, 89, 150,
183 ± 7, 183 ± 3, and 183 ± 1 GHz, in order of increasing opacity from
left to right. Only TB’s below 260 K are plotted. For clarity, the absolute TB’s
were shifted to the right by 0, 60, 110, 145, 190, and 240 K, respectively.

of various network architectures led to the same architecture
found for estimating vertical winds. Every 50th estimate of the
rainwater W is plotted versus the corresponding “true” MM5
value in Fig. 16(a), and (b) exhibits general agreement between
histograms for W values estimated by using AMSU and
MM5-simulated radiances. Utilizing this classification scheme,
Fig. 17 exhibits good agreement between MM5 and observed
AMSU brightness temperature histograms for nonglaciated rain
(e.g., warm rain). The limited brightness range shown for
183 ± 7 GHz is due to the definition used here for nonglaciated
precipitation—TB must be equal or greater than 250 K, and
only TB’s below 260 K are plotted. Those few pixels that
AMSU observed at 89 and 150 GHz with brightness tempera-
tures of ∼220 K, about 10◦ below MM5 predictions, may have
been glaciated despite having been classified otherwise, or may
backscatter more efficiently than expected.

C. Sensitivity to Errors in MM5 and F (λ)

To determine the sensitivity of observed brightness temper-
atures to the MM5 convective cloud models, the amounts of

Fig. 18. Brightness temperature histograms (in pixels per degree kelvin) for
AMSU and MM5 channels near 50.3, 89, 150, 183 ± 7, 183 ± 3, and 183 ±
1 GHz, in order of increasing opacity from left to right, using 1.25 times the
amount of MM5-predicted snow, graupel, and cloud ice. Only TB’s below
250 K are plotted. For clarity, the absolute TB’s were shifted to the right by
0, 140, 260, 330, 390, and 450 K, respectively.

snow, graupel, and cloud ice were arbitrarily increased by 25%
to yield the brightness temperature histograms presented in
Fig. 18. The resulting discrepancies associated with the reduced
MM5 radiances are comparable to the consequences of increas-
ing F (λ) by 0.05, as shown in Fig. 9(b). The discrepancies
in Fig. 18 are largest for those channels most sensitive to ice
aloft (89–183 ± 7 GHz), whereas 50 GHz responds well only
to the very largest hydrometeors, and water vapor partially
shields the two most opaque 183-GHz channels from most
hydrometeors at lower altitudes. Interestingly, the increase in
MM5 ice production has closed the small gap between AMSU
and MM5 183 ± 1 GHz radiances, as shown in Fig. 9(a).
Thus, the icy hydrometeor production of the Goddard explicit
cloud model in MM5 appears to be generally consistent with
AMSU observations within perhaps 10% to 15%, assuming the
TBSCAT/F (λ) model is correct.

The high sensitivity of such histograms to changes in F (λ)
were illustrated earlier in Fig. 9(b). Unfortunately, due to the
spatial offsets and morphological differences between MM5-
predicted and AMSU-sensed precipitation, same-storm bright-
ness histograms for precipitation types of interest constitute
the most robust comparison metric available. Only simulated
comparisons such as those illustrated in Figs. 9(b) and 18
and others presented in [36] yield discrepancy probability
distributions as a function of given parameters. The results in
[36] corroborate the relatively high sensitivity of brightness
histograms to altered MM5 and radiative transfer assumptions.
They also demonstrate the considerable hydrometeor water path
retrieval capabilities of millimeter-wave sensors and the strong
correlation of virga effects (∼0.5 correlation coefficient) with
surface precipitation rate retrieval errors.

VI. SUMMARY AND CONCLUSION

A method has been demonstrated for generating millimeter-
wave brightness temperature spectra for precipitating regions
that approximate well those observed by AMSU on polar-
orbiting satellites viewing the same events at frequencies
50–190 GHz. A two-stream TBSCAT generates these spectra
using the temperature, humidity, and hydrometeor profiles pre-
dicted by a mesoscale MM5 incorporating an explicit cloud
model (Goddard). Only histograms of brightness temperatures
can be matched because 4 h is generally required for MM5 to
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create small realistic precipitation features from 1◦ initialization
data, and their locations and intensities have a random element
that precludes perfect coregistration with satellite observations.
These brightness temperature histograms generally matched
well near 50, 89, 150, and 183 GHz for all types of precip-
itation tested, including convective, stratiform, cold snowfall,
unglaciated, tropical, and snow-free rain.

Inasmuch as millimeter-wave scattering phenomena and ex-
plicit cloud models are complex, the general agreement be-
tween these two sets of brightness histograms for AMSU and
MM5 in five frequency bands and for multiple categories of
precipitation is somewhat unexpected. This is particularly so
because only Mie scattering from spheres with ice densities
F (λ) was assumed, where F (λ) was chosen to match the total
scattering cross section deduced from DDSCAT for hexagonal
plates and rosettes, the two habits found to dominate the spec-
trum. Improvements in MM5 and its initialization, and in the
radiative transfer algorithm, would presumably further increase
this agreement. Study of residual disagreements could be re-
warding; preliminary examination suggests that weaknesses in
the NCEP initialization field are often involved.

The sensitivity to assumptions of the link between NWP
initialization data and predicted millimeter-wave spectra was
tested in three ways using the observed spread between AMSU
and MM5 brightness histograms. First, the ice factor was in-
creased by 0.05, i.e., 5% of its dynamic range, and the resulting
histogram spread exceeded that observed in essentially all
comparisons. Next, the ice production by MM5 was increased
at all altitudes by 25% with a similar result. Finally, F (λ) for
snow and graupel was independently determined by minimizing
empirically the histogram spread for a 122-storm global data
set, leading in most cases to values within ∼0.1 of those
determined using DDSCAT. Thus, the histogram comparison
technique provides a reasonably sensitive metric for evaluat-
ing alternative means for generating realistic millimeter-wave
spectra.

The reasons why relatively simple radiative transfer assump-
tions work so well might include the following. First, using
principal component analysis of MM5/TBSCAT millimeter-
wave spectra for 122 storms, we found that the normal-
ized variances of the first three principal components of the
hydrometeor-induced perturbations of AMSU-A channels 1–8
and AMSU-B channels 1–5 are 95.72, 3.16, and 0.67, respec-
tively, where the hydrometeor-induced perturbations are the
differences in brightness temperatures simulated using normal
MM5 outputs and those simulated by setting all MM5 icy
hydrometeors to zero. This means that over 99.5% of all vari-
ance in icy-hydrometeor-induced perturbations 50–190 GHz
was explained by only three degrees of freedom, consistent, for
example, with dominance of the spectrum by cell-top altitude
and the abundances of snow and graupel. Second, the angular
scattering properties of hydrometeors might deviate from our
assumptions, and yet, small adjustments in abundances might
plausibly compensate for any errors in snow or graupel albedo
or for errors resulting from the two-stream approximation in
TBSCAT; such abundance adjustments presumably are less
than ∼25%, as suggested in Fig. 18. Larger abundance adjust-
ments would be allowed if graupel production were traded for
snow production. For example, replacing half the graupel with
a roughly equal mass of snow would not change brightness

temperatures much, as suggested in [36, Fig. 6]. Such substi-
tution could occur simultaneously with an increase in F (λ) for
graupel that would narrow the gap in β between DDSCAT and
Mie scattering shown in Fig. 2(b); optimization of such model
adjustments is a future challenge.

Finally, it may be that the average scattering behavior over
any ensemble of icy hydrometeor shapes, sizes, and orientations
approximates the scattering behavior of a spherically symmetric
dilute object having an electric permittivity distribution in
space that declines with radius. An ensemble of homogeneous
dilute spheres having inverse-exponential size distributions, as
assumed in our model, would also have a spherically symmetric
dilute permittivity that declines with radius, and perhaps two
such models for hydrometeors and spheres would be observa-
tionally similar.

Because there may be small residual errors in the MM5/
TBASCAT/F (λ) model presented here, any use of it for
training operational precipitation retrieval algorithms should be
tuned against traditional precipitation measurements; such tun-
ing is beyond the scope of this paper. The immediate application
of these results might therefore be to simulation and evaluation
of alternative precipitation observation and retrieval concepts,
for which any residual errors in the model are less critical. Our
preliminary studies have shown that the precipitation retrieval
accuracies predicted using this model are relatively insensitive
to the values of F (λ) chosen, assuming F (λ) is in the broad
range suggested here [36]. Finally, we have found that extend-
ing DDSCAT above 200 GHz leads to F (λ) values that are
more dependent on the size distribution, warranting caution in
their use. This work is continuing.
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