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Sensitivity Analysis of Airborne Microwave Retrieval
of Stratiform Precipitation to the Melting Layer

Parameterization
Frank Silvio Marzano, Member, IEEE,and Peter Bauer

Abstract—A sensitivity analysis for airborne microwave passive
and active retrievals of hydrometeor profiles with respect to
melting-layer parameterizations is carried out using synthetic
data. The parameterizations of the melting layer include the effects
of snow density, particle size distributions of hydrometeors as well
as different permittivity models for mixed-phase particles. The
hydrometeor profiles are obtained from a two-dimensional cloud
ensemble model simulating a convective-stratiform rainfall event
over the East Mediterranean sea. The statistical analysis reveals
that the Maxwell–Garnett mixing formulas with water matrix and
ice inclusions may be chosen for graupel, while a new permittivity
model from Meneghini and Liao is suitable for snowflakes. A
new Bayesian inversion framework is set up for both airborne
microwave radiometric, radar, and combined radar-radiometer
retrievals of hydrometeor profiles. Using the cloud profiles as
control training data set, a numerical analysis was carried out by
testing the inversion algorithms on each melting model data set.
Results are discussed in terms of estimate sensitivity, defined as
the statistical deviation bounds of the retrieved profiles from the
control case ones. Relatively high values of estimate sensitivity to
the melting-layer parameterizations are found for all hydrometeor
species, especially for low snow-density and Maxwell–Gar-
nett dielectric model test cases. The need of including various
melting-layer characterizations within a comprehensive training
data set and its implications for model-based Bayesian retrieval
algorithms is finally argued and numerically tested.

Index Terms—Microwave radiometry and radar meteorology,
precipitation retrieval, radiative transfer modeling, spaceborne re-
mote sensing.

I. INTRODUCTION

T HE contribution of stratiform rainfall to total precipitation
amounts to 70% over the globe and up to 50% in the

tropics [1]. It may originate from nimbostratus clouds accom-
panying warm fronts or from stages of decaying convective
storms. It is rather uncommon to observe a pure stratiform
rainfall system. Stratiform precipitation is mostly embedded
in convective systems and particle melting itself may lead to
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local instabilities leading to convective overturning [2]. Surface
rainrates in a stratiform precipitation rarely exceed 15–20
mm/h. The main characteristics of stratiform precipitating
cloud is its comparably horizontal spatial homogeneity, with a
vertical cloud extent generally below 7–8 km, and its temporal
persistence depending on cloud system and local conditions.

Compared to convective precipitation, research on stratiform
rain has received little attention, especially from a mesoscale
cloud modeling point of view. Even though the description of its
microphysical and dynamical properties can be accomplished in
a much easier way, its lower disaster potential seems to raise
less interest in system diagnosis and predictability. However,
under certain circumstances the persistence of stratiform rain
may cause floods with significant damages [3].

A well known feature of stratiform rain is the melting layer
due to the descent of ice particles below the freezing level [4].
The melting layer, whose thickness is generally less than 1 km, is
often characterized by the so-called “bright band” corresponding
to a region of increased reflectivity. While research on the radar
bright band has been well documented and discussed [5]–[11],
the passive microwave signature of the melting layer is not
nearly as much investigated. Indeed, the complicated nature
of the passive microwave signature, which is determined by
surface emission and by absorption and multiple scattering of
hydrometeors of different type, composition, and size spectra,
is very often difficult to interpret unambiguously [12]. These
aspects emphasize the ill-conditioned nature of the precipitation
retrieval problem which should be approached by a detailed
investigation of the forward modeling. This analysis could also
suggest whicha priori information may be useful to constrain
the observable data set and improve the estimation accuracy.

In previous studies we addressed the problem of modeling
the microphysical and dielectric properties of the melting
layer, focusing on its impact on the simulation of microwave
radiometer and radar responses from space [13]–[15]. The
problem of the melting layer parameterization includes the
effects of snow density, particle size distributions, and dielectric
constants of mixed-phase particles. For this purpose, realistic
hydrometeor profiles were taken from a two-dimensional cloud
ensemble model simulating a convective-stratiform rainfall
event over the East Mediterranean sea [16], [17]. The useful
feature of this simulation was the availability of explicit particle
mass spectra from the model which significantly reduces the
number of free parameters. However, both particle size and
permittivity parameterizations resulted in relative brightness
temperature changes between 0–100K and reflectivity changes
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between 3 and 20 dBZ with respect to the control case [14],
[15]. Thus, the decision for a realistic model followed the
approach of excluding those parameterizations which provided
unobserved signatures. This led to a selection of configurations
of particle size distributions and permittivities which agreed
with in situ observations and whose signatures simultaneously
remained within realistic boundaries [14].

In this study, the simulation of the microwave radiometer
and radar responses from space has been set up in view of
possible applications to airborne and spaceborne observations.
In particular, we have considered the channel frequencies of
the advanced microwave precipitation radiometer (AMPR) and
airborne rain mapping radar (ARMAR), e.g. see [18]–[20].
These sensors were extensively employed during the Tropical
Ocean-Global Atmosphere Coupled Ocean-Atmosphere Re-
sponse Experiment (TOGA-COARE) in 1992–93 and more
recently during the Texas and Florida Underflights (TEFLUN)
in 1998. Both the TOGA-COARE and TEFLUN airborne
campaigns were preparatory and validation experiments,
respectively, for the Tropical Rainfall Measuring Mission
(TRMM). Aboard the TRMM platform launched in November
1997, the precipitation radar (PR) and the TRMM microwave
radiometer (TMI) make available the same set of frequencies
as ARMAR and AMPR (the 21.3-GHz channel is available
on TMI only), even though AMPR operates with a different
scanning geometry with respect to TMI [21].

A sensitivity analysis of spaceborne microwave passive
and active retrievals of hydrometeor profiles with respect to
the melting-layer parameterizations is carried out for under-
standing and quantifying the errors of the hydrometeor-profile
retrieval, when analyzing airborne and spaceborne microwave
measurements of stratiform rain events. Section II illustrates
the microphysical and permittivity models of the melting layer,
together with a statistical analysis of the synthetically gener-
ated data set representing airborne observations. Section III
describes the inversion technique based on Bayesian principles
for microwave radiometric, radar, and combined radar-ra-
diometer retrievals. Finally, by using the generated synthetic
data, Section IV discusses the numerical results in terms of
statistical deviations of the retrievals including and excluding
mixed-phase particle microphysical and optical properties.

II. CLOUD MODEL AND MELTING LAYER PARAMETERIZATIONS

This section summarizes the main characteristics of the em-
ployed cloud and radiative transfer models, relevant to the sen-
sitivity analysis presented later. For further details we refer to
the paper of Baueret al. [14] and Bauer and Marzano [15].

A. Cloud Model Properties and Microphysics

The mesoscale cloud model, used in this work, is a two-di-
mensional (2–D) cloud ensemble model developed by Khain
and Sednev [16], [17]. It is a nonhydrostatic equation system
of deep convection with a computational domain covering 16
km in the vertical with a resolution of 400 m, and a horizontal
size of 195 km with a resolution of 3 km. The microphysical
processes included are: activation of cloud condensation
(CCN) and ice nuclei; condensational growth and evaporation

of droplets; growth and sublimation of ice particles due to
accretion; freezing of drops, breakup of drops and snowflakes;
coalescence among drops, drops and ice particles, and among
ice particles; ice multiplication, riming of snow and melting of
ice. The latter does not include a prognostic budget for melting
particles so that a complete exchange of ice water to liquid
water in the layer below the freezing level (FL) is assumed.

For the snow density , the cloud model assumes a constant
value if 0.01 g cm . This value is relatively low for small and
moderately sized particles when compared to those reported in
literature. As an alternative, we have investigated the impact of
the snow density formula given by Klaassen [5]

(1)

where is in [g cm ], [cm] denotes the diameter of a
volume-equivalent spherical particle, and “min” indicates the
minimum operator. The impact of (1) is such that the density of
snow particles is consistently higher than 0.01 g cm. Since
the particle size distributions of the cloud model are calculated
over mass spectra, the density model determines the particle
size following , where [g] is the particle
mass. Thus, for a given mass distribution a lower density im-
plies bigger particles, and vice versa. For abbreviation, (1) has
been called high snow-density (HSD) assumption, as opposed
to the low snow-density (LSD) assumption of the original cloud
model framework.

The cloud model prescribes the particle mass distributions for
cloud condensation nuclei, water (raindrops and cloud droplets),
ice columns, plates and dendrites, snowflakes, graupel, and hail
in 33 intervals, respectively. From these, the particle size distri-
butions (PSD) are determined assuming all particles to be spher-
ical. To allow an evaluation of size distribution effects, all cal-
culations were repeated for inverse-exponential PSDs because
these are generally used for cloud models (e.g., [12]), which
provide prognostic hydrometeor water contents rather than size
spectra:

with (2)

Here, and denote the intercept (for )
and slope of , respectively, [cm] is the particle
diameter, [g cm ] the particle density, and [g cm ] is
the equivalent water content. has been assumed fixed, so
that affects only the slope. For comparison, the explicit size
spectra from the cloud model were integrated to obtainin
order to apply (2) and calculate the parameterized size spectra,
as described above. Throughout the rest of the paper, the explicit
particle size distributions are named EPSDs, while the param-
eterized ones are named PPSDs. As demonstrated in [14], the
overall effect of PPSD is the underestimation (overestimation) of
large (small) particle concentration. This impact will be apparent
when considering the corresponding microwave signatures.

As previously mentioned, the cloud model did not include
melting particle spectra due to its vertical resolution (400 m).
Therefore, Baueret al. in [14] introduced a sub-layer struc-
ture below the FL with a vertical resolution of 40 m employing
the melting model of Mitraet al. [22]. This allowed the recur-
sive computation of the meltwater mass fraction as a function
of fall distance below FL and particle size and density. Since
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Fig. 1. Vertical profiles of average (dashed), average plus standard deviation (solid), and maximum (dash-dotted) values of equivalent water contents (EWCs)
for each hydrometeor species, i.e., (a) water, (b) graupel, (c) snow, and (d) ice, derived from the cloud ensemble model simulation over the Eastern Mediterranean
Sea. Only profiles with columnar rain EWCs larger than 0.1 kg mand less than 3 kg m (stratiform rain profiles) have been selected.

both small and less dense particles melt fastest, medium sized
and moderately dense particles survive longest until complete
melting. Another issue related to the insertion of a substructure
was the conservation of particles fluxes at the layer boundaries.
This was ensured by accounting for the available frozen water
above and total rainwater below each layer [14]. It has to be
stressed that very similar results in terms of meltwater mass
fraction were obtained by employing a different melting layer
model, developed by Rutledge and Hobbs [23].

The employed cloud model simulation describes the evolution
of cloud patterns associated with coastal circulation in the
Eastern Mediterranean Sea during a rain event in the cold season.
The background wind induces a land-breeze type circulation.
The interaction of westerly wind and coastal circulation leads to
the formation of a convergence zone a few kilometers offshore
and to a persistent cloud formation at this location. The clouds
are transported by the wind toward the land. Precipitation
formation is determined by both drops (warm rain) and melting
ice particles. Thus a change of the microphysical structure from
shallow convective to stratiform takes place along the storm
trajectory. The freezing level was identified at 2.4 km, typical of
a comparably dry environment in that maritime region.

From the considered simulation, four time steps were
selected. For each time step, 67 hydrometeor profiles were
available, thus obtaining 268 cloud profiles as a total. The
four time steps correspond to the minutes 90, 120, 160, and
180 after the simulation starting time. These steps correspond

to mature stages of the storm and basically differ by rainfall
intensity and development in the stratiform region [16]. After
inserting the melting layer, the vertical resolution was finally
set up at 40 m between 1.6 and 2.4 km (FL height) and to 400
m elsewhere, thus resulting in 60 layers between 0 and 16 km
or 36 between 0 and 8 km. We limited our analysis to the first
8 km since all the cloud profiles throughout the chosen time
steps are confined to this atmospheric portion.

As an example of the hydrometeor profile database, Fig. 1
shows the vertical profiles of the mean values, the mean values
plus their standard deviations, and the maxima of the equivalent
water contents (EWCs) for each hydrometeor species, i.e., water
(rain cloud), graupel, snow, and ice. Only stratiform profiles
with columnar rain EWCs larger than 0.1 kg mand less than
3 kg m were selected to compute the statistics. The melting
layer is located below the FL between 2 and 2.4 km. Graupel and
snow are only present just above the FL due to the cloud model
assumptions. The peak of water content around 4 km [Fig. 1(a)]
is due to a concentration of supercooled cloud droplets above
the FL.

B. Permittivity Models and Radiative Transfer

Modeling the optical properties of mixed-phase particles is
usually carried out by application of the classical Maxwell–Gar-
nett or Bruggeman mixing formulas, which treat the mixture
as randomly distributed inclusions in a host material or as a
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symmetric mixture, respectively [24], [25]. The shortcoming of
these models is that they principally imply a zero-frequency ap-
proximation thus can neither be generally applied to all sizes
of particles and inclusions nor are independent of the distri-
bution of the materials inside the particle. However, they are
widely used in radar meteorology and thus the Maxwell–Gar-
nett approach will be used as a starting point in our study. Here,
we employ the Maxwell–Garnett formula (MG) of the first
order assuming ellipsoidal inclusions of ice–air mixture in a
water matrix as host material. MG fairly well represents a
water-coated particle, mostly suited for graupel at both very
early and late melting stages [26]. Vice versa, MGwould rep-
resent a Maxwell–Garnett mixing formula having an ice/air ma-
trix with water inclusions.

More recently, Meneghini and Liao developed new ap-
proaches to the problem for better representation of the particle
permittivity at all melting stages and for application to higher
frequencies [26]. The first method, published in 1996 and
indicated here by ML96, denotes a nonlinear interpolation
between Maxwell–Garnett models with either water or ice as
the host material and the other as the inclusion as a function of
the meltwater fraction.

A successive work of Meneghini and Liao, first appeared in
1997 and here denoted by ML97 [27], treats the particle per-
mittivity as a summation of the permittivities of randomly dis-
tributed cells of water and ice resulting in an effective permit-
tivity close to the average of the Maxwell–Garnett MGand
MG models. Both models involve a numerical Fast Fourier
Transfer method for the solution of the integral over the electric
fields of all particle cells.

As shown by Baueret al. [14], the different performances of
these models at early melting stages drive the optical properties
in each layer because, at later stages, many particles are either
already melted or too small to produce significant effects. At the
microwave frequencies relevant for precipitation retrieval (be-
tween 10 and 90 GHz), MG always gives the largest real and
imaginary parts of the complex permittivity, denoting the domi-
nance of the water matrix contribution; vice-versa, for MG.
ML96 follows MG for meltwater fractions below 40–50%
thus resulting in weak effects comparable to those of frozen par-
ticles; its effects become significant only for very large particles.
ML97 is consistently closer to MG than to MG and does not
change much with meltwater fraction. However, at early melting
stages ML97 gives higher permittivities than ML96, especially
at 37 GHz, so that larger effects on the brightness temperatures
of the melting layer can be expected.

In any case, the effect of permittivity model choice on the op-
tical properties has to be viewed in conjunction with particle size
distribution and snow density, which may lead to a cancellation
of the net effect by opposite tendencies of the various contribu-
tions. As an example, the large permittivity of the MGmodel
may be suppressed when applied to small and dense particles.

For the radiative transfer calculations, an Eddington-type
model was used [28]. Atmospheric absorption was derived
from the Liebe model [29], while the optical parameters of
spherical hydrometeors were computed by the Mie theory. The
nonsphericity of particles, even though relevant for space ob-
servations at high frequencies, were considered a second-order

effect in this study. We have limited our analysis to an ocean
surface because in the case of land backgrounds, the melting
layer effects are almost completely obscured by the warm
emissivity of land [14].

To simulate passive microwave brightness temperatures
( s), we chose the AMPR frequencies at 10.6, 19.3, 37.0,
and 85.5 GHz with both vertical () and horizontal polar-
izations. Attenuated radar reflectivity factors (s), hereinafter
called simply reflectivities, were computed at 13.8 GHz thus at
the same frequency of ARMAR (and PR). Multiple scattering
effects were neglected, but the double-way cumulative path
attenuation (CPA) and the finite layer-thickness weighting was
taken into account, as illustrated by Marzanoet al. [20]. Both

and synthetic measurements were assumed at nadir view
in this work. Note that, since our atmospheric model cannot
introduce depolarization, the and ‘s are equal even
over a specular ocean background.

III. B AYESIAN RETRIEVAL ALGORITHM

The retrieval technique, used in this work, is based on a
Bayesian approach and has been already successfully applied
to data from both spaceborne and airborne sensors [30]–[33].
The retrieval algorithm can be trained with a cloud-radiation
database such as described in the previous section. The use of
a cloud-radiation database is equivalent to the introduction of
ana priori constraint to the inverse solution. This is the reason
why a realistic and sufficiently detailed database is needed to
avoid biasing the precipitation estimates when applying the
inversion algorithm to real data.

Here we want to discuss some modifications to the Bayesian
retrieval algorithm, which have been recently proposed for an-
alyzing both radiometric and radar data [20]. A vector notation
was chosen for brevity. Each hydrometeor profile is represented
by a geophysical vector [g cm ], consisting of EWCs for
each hydrometeor species within each homogeneous layer. The
vector [kg m ] represents the columnar EWC of each hy-
drometeor species. The simulated multi-frequency dual-polar-
ization brightness temperatures are indicated by a vector[K]
and the attenuated multi-gate reflectivity by a vector[dBZ].
Each th element of represents the equivalent reflectivity rela-
tive to the th layer (i.e., range gate) reduced by the two-way path
attenuation. The one-way path integrated attenuation (PIA), that
is CPA from the surface to the platform, is indicated by[dB].
The corresponding , , and measurements are indicated
by , , and , respectively. Considering four hydrome-
teor species (water, snow, graupel, and ice) in 36 layers, in gen-
eral the dimensions of, , and are 144, 8 (that is, 4 in this
study: see Section II-B), and 36, respectively. Notice that many
elements of are actually zero or close to zero (see Fig. 1).

A. Microwave Radiometer

Several approaches can be used within a Bayesian framework
to derive a hydrometeor-profile content estimator [34]. An easy
and effective way is based on the maximuma posterioriprob-
ability (MAP) criterion, which is schematically recalled here-
inafter. If the total radiometric error vector repre-
sents the difference between measuredand simulated from
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Fig. 2. Microwave signatures of the control case for the sensitivity analysis, i.e., assuming a low snow density and cloud-model explicit particle size distribution
with no melting particles (LSD-EPSD-NoMelt). (a) 85-GHz versus 10-GHz brightness temperature(T ); (b) 37-GHz versus 19-GHzT ; (c) cumulative nadir
1-way path integrated attenuation (PIA) at 13.8 GHz; (d) and vertical profile of attenuated nadir reflectivity at 13.8 GHz. Profiles with columnar rain EWCs larger
than 0.1 kg m have been considered. Large symbols refer to profiles with columnar rain EWCs greater than 3 kg m(convective rain profiles).

a given profile , we can assume that is due to both the instru-
mental noise and modeling error. A possible choice is to assume
a multivariate Gaussian probability density function (PDF) both
for the error with a zero mean and a covariance matrix ,
and for the hydrometeor vectorwith a mean vector and a
covariance matrix [31], [20].

In our case the estimate of the covariance(potentially a
144 144 element matrix) is almost impossible due to the low
number of available profiles (only 268). A way to overcome
this problem would have been to reduce the number of layers
[20], but this would have contrasted with the fine resolution
needed to characterize the melting layer itself. An alternative
possibility is to relax thea priori information represented by

, and substitute it with its integral, that is the vectorof the
columnar EWCs.

In previous works it was shown that the hydrometeor
columnar EWCs are asymmetrically distributed [33]. Indeed,
this hypothesis was verified here as well. Using numerical
histograms derived from the simulation outputs considered in
this work, it resulted that the maxima of water, snow, graupel,
and ice columnar EWCs were 0.4, 0.7, 0.1, and 0.1 kg m,
respectively, while the skewness (asymmetry) factor were 1.2,
0.4, 1.4, and 1.1, respectively. Notice that, since the skewness
factor is the difference between the mean and modal values of
the considered variate, normalized to its standard deviation,
a zero skewness represents a symmetrical distribution. A

statistical test indicated that the best-fitting PDF ofis the
log-normal one. Thus, the random vectorial variable, defined
as

(3)

follows a multivariate Gaussian PDF. Expression (3) is such that
the elements of are given by the natural logarithm of the corre-
sponding values of, that is by the integral of the hydrometeor
EWCs between the heights and .

Therefore, the modified MAP estimation offrom a radio-
metric measurement is given by maximizing the conditional
probability density function . By simple calculations
based on the Bayes rule, this maximization corresponds to the
minimization of the followingradiometer modifieddiscriminant
function with respect to

(4)

where the superscript “” indicates a transposed array, and
(with its inverse ) are the mean vector and the auto-co-

variance matrix of , respectively. In our case, and have
dimension 4 1 and 4 4, respectively. If the measurement
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Fig. 3. Differences of simulated nadir 85-GHz versus 10-GHzT s with respect to the control case ones (see Fig. 2) for four model combinations, i.e., low snow
density and cloud-model explicit particle size distribution (LSD-EPSD), low snow density and parameterized particle size distribution (LSD-PDSP), high snow
density and explicit particle size distribution (HSD-EPSD), and high snow density and parameterized particle size distribution (HSD-PDSP). Symbols indicate
permittivity model: no melting (x, NoMelt) and Maxwell–Garnett water matrix and air/ice inclusions (+, MGwi) in subplots (a)–(d), Meneghini–Liao-96 model
(o, ML96) and Meneghini–Liao-97 model (}, ML97) in subplots (e)–(h). As in Fig. 2, large symbols refer to convective profiles.

noise and the modeling errors are reasonably assumed to be in-
dependent, then the covariance can be decomposed as

(5)

where the covariances and are relative to the
instrumental random noise and to the forward modeling errors,
respectively.

The training data set is built by a collection of simulations,
while the test one is associated to a set of synthetic or experi-
mental data . The term in (4) expresses the functional
dependence ofon through the radiative transfer model, while

reminds expression (3). The terms related to the determi-
nant of and , as well as , were omitted in (4) being
constant in this framework [31]. The radiometric errorswere
assumed to be uncorrelated among the different channels having
the same variance , so that from (5) the total error covariance
becomes , with the identity matrix. Here the total
variance was set to 4 K for all channels.

B. Combined Microwave Radiometer and Radar

The extension of the MAP criterion in (4) to the radar case is
relatively easy, if we treat the radar reflectivities in the same way

as the brightness temperatures [20]. Ifis the reflectivity error
within a range gate, it is reasonable to assume that range-gate er-
rors are uncorrelated and Gaussian distributed with zero mean
and covariance (e.g., this is particularly true if many sam-
ples are averaged within a gate). As already mentioned, the error

should include the modeling error as well, that
is analogously to (5) .

An interesting upgrade of the MAP estimator is the introduc-
tion of PIA as a further constraint. As an example, the so-called
surface reference technique (SRT) estimates the path-integrated
attenuation A from radar measurements assuming that, on a
horizontal scale, any variability of the ocean surface backscat-
tering cross-section due to surface wind, foam coverage, and
raindrop impact is negligible compared to total PIA variability
[36]. Thus, the total one-way path-integrated attenuation A can
be derived relying on the difference between the radar near-sur-
face measured echo in rain and rain-free regions [20].

Again, we assume that the PIA error is Gaussian-dis-
tributed with zero mean and variance together with uncor-
relation between and . By applying the Bayes theorem to

and under the same assumptions valid for (4),
the estimate of from measured reflectivity and path-in-
tegrated attenuation is derived by minimizing the following
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(a) (b)

(c) (d)

Fig. 4. Average differences of cumulative one-way cumulative path attenuation (CPA) at 13.8 GHz, computed at nadir from the cloud top, with respect tothe
control case ones [see Fig. 2] for (a) LSD-EPSD, (b) LSD-PDSP, (c) HSD-EPSD, and (d) HSD-PDSP and all permittivity models. As in Fig. 1, only stratiform
profiles have been considered.

radar modifieddiscriminant function with
respect to

(6)

where is the simulated PIA associated to the hydrom-
eteor profile . Note that the introduction of path-attenu-
ation measurements in (6) resembles the constraint of the
Hitschfeld–Bordan inverse solution derived from the radar
equation in an attenuating medium, widely used in spaceborne
radar remote sensing [36], [37]. The specification of the
covariance is relatively easy if its form is diagonal such
that the reflectivity-error standard deviation within a range gate
is proportional to the measured reflectivity (with a constant
equal to the inverse of the square root of the averaged sample
number for square-law detectors) [20].

In this work, the proportionality constant between the reflec-
tivity-error standard deviation and the measuredhas been
set to 0.1 (corresponding to 100 independent samples averaged
within a range gate). The standard deviation of the one-way
total PIA error has been assumed to be 0.25 dB due to the low
values of available PIAs in stratiform rain. A numerical test in-
dicated an increase of precipitation profile retrieval accuracy up
to 20% in terms of vertically-averaged root mean square error,
when using the constraint in (6).

The extension of (4) and (6) to combined radar and ra-
diometer measurements can be accomplished by simply
assuming that the errors of reflectivity, brightness temperature,
and path attenuation data are statistically independent (or
uncorrelated if Gaussian distributed). By applying again the
Bayes theorem to , the combined estimate of

is obtained from the minimization of the followingcombined
modified discriminant function , with
respect to

(7)

The meaning of each term in (7) has been already explained
before. Finally, the assumption of a Gaussian PDF forand ,
but also for , and errors, might be easily removed by using
more convenient analytical PDFs.

It is worth mentioning that (7) can be directly applied only
if the radar and radiometer viewing angles are the same and ac-
quire data from the same atmospheric scenario. This is generally
the case for airborne campaigns such as TOGA-COARE, where
AMPR and ARMAR collected almost coincident measurements
at nadir. In case of TRMM, the different scanning geometry be-
tween TMI and PR prevents a direct application of (7), and some
data preprocessing or extension of the retrieval method should
be carried out [37], [20].



82 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 39, NO. 1, JANUARY 2001

(a) (b)

(c) (d)

Fig. 5. As in Fig. 3, but for vertical profiles of attenuated nadir reflectivity at 13.8 GHz.

IV. SENSITIVITY ANALYSIS

At this stage of the work, it may be convenient to summarize
the various degrees of freedom chosen in the simulation and
considered in this retrieval sensitivity analysis.

• For the snow density: high (HSD) and low (LSD) values.
• For the particle size distribution: explicit (EPSD) and pa-

rameterized (PPSD) spectra.
• For the permittivity of mixed-phase particles:

Maxwell–Garnett (MG ) and Meneghini–Liao (ML96,
ML97) models. We deal also with a no-melting case
(NoMelt), which corresponds to the absence of any
mixed-phase permittivity model within the melting layer,
i.e., frozen particles are completely melted below the FL.

By permutation of snow densities and PSDs, we have four
combinations for which we can show the differences among the
various permittivity models in terms of s and profiles, and
their effect on hydrometeor-content profile estimate.

As said, the main goal of this study is to evaluate the sensitivity
of retrieved hydrometeor profiles to the melting layer modeling
perturbations. The problem of our investigation translates as fol-
lows. Suppose an application of a model-based retrieval algo-
rithm (which was trained with the outputs of cloud model simula-
tions) to a stratiform rain event observed from space at high spa-
tial resolution (say 3 km) over ocean. Since the training database
does not include any melting layer parameterization, we wonder
how large the expected estimation error would be and how sen-
sitive our estimate would be to the melting layer parameteriza-

tionasa functionofsensorcombination. InSection IV-D,wewill
draw some conclusions from this analysis, extending the estima-
tion technique to a more general application.

This sensitivity is evaluated by defining a control case
whose s and s represent the training synthetic data
for all other test cases based on melting parameterizations,
outlined in Section II-B. This control case is given by the
cloud original model framework, that is in our notation by the
LSD-EPSD-NoMelt case. Fig. 2 summarizes the characteristics
of the control training case in terms of signatures of 10-GHz,
19-GHz, 37-GHz, and 85-GHz , together with the profiles
of the average minus and plus the standard deviation ofand

at 13.8 GHz. Only profiles with columnar rain EWCs larger
than 0.1 kg m were considered. The large symbols in the
subplots refer to profiles that were classified as convective,
having columnar rain EWCs above 3 kg m. Observations are
supposed at nadir over ocean.

The no-melting assumption is recognizable by the step curve
of around the freezing level due to the discontinuous change
of particle phase from liquid to ice. The average values of total
PIA, i.e., in (6) and (7), are less than a few dB, as expected
for stratiform rain. Note that the fairly good correlation between
the two channels at 37-GHz and 19-GHz is typical of stratiform
precipitation, and has been also experimentally observed [20].
The relatively low values of simulated high frequencys for
clear-air conditions (e.g., about 210 K at 85 GHz as opposed to
about 240 K for TOGA-COARE) are due to the dry environment
of the considered East-Mediterranean maritime region.
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Fig. 6. Vertical profiles of root mean square (RMS) errors for rain (a) graupel, (b) snow, (c) ice, and (d) EWC estimates obtained by performing a self-test on
the control case LSD-EPSD-NoMelt at nadir over ocean. The solid curves refer to the use of radiometer data only (AMPR like: 10.6, 19.3, 37.0, and 85 GHz
channels), the dash-dotted curves to radar data (ARMAR like: 36 range-gated reflectivities between 0 and 8 km plus total PIA at 13.8 GHz), while the dashed
curves to combined radiometer plus radar data (AMPR+ARMAR like). As in Fig. 1, only stratiform profiles have been considered.

A. Microwave Signatures of Melting Layer

The sensitivity of the hydrometeor profile retrievals to the
melting layer parameterizations will basically depend on the dif-
ference between the microwave signatures of the control case,
illustrated in Fig. 2, and those derived from each parameteriza-
tion (test case). Let us analyze these signatures first.

Fig. 3 shows the differences, with respect to the control
case, of 85-GHz s versus 10-GHz s for the four possible
combinations, i.e., LSD-EPSD, LSD-PPSD, HSD-EPSD, and
HSD-PPSD, and different permittivity models, i.e., NoMelt
and MG in subplots (a)–(d), while ML96 and ML97 in
subplots (e)–(h). As in Fig. 2, the large symbols refer to profiles
classified as convective. Notice the different axis scales of
each panel, chosen to emphasize the model comparisons. The
NoMelt case will produce no differences for the LSD-EPSD
test, but possible deviations for all other tests due to the changes
of snow density and PSD assumptions.

The effect of melting particles on s is weak at 85 GHz with
average differences less than about 15 K. For MGand LSD
cases, these differences are mainly positive up to 30 K since LSD
prescribes large frozen particles which in a melting stage act
radiometrically as big raindrops. For HSD and all permittivity
models, the difference at 85GHz is essentiallynegative due to the
decrease of smaller particle emission which does not compensate
for the scattering effects (producing lowers) [14].

At 10 GHz, large deviations occur when MGis compared
with the no-melting control case. For the MGmodel, the
10-GHz s increase by up to 120 K for the LSD case and
both EPSD and PPSD. For the EPSD test case, MGproduces
relative increases of about 25 K at 10 GHz. The EPSD
case gives rise to higher 10-GHz s (about 20 K) than PPSD
ones, because the latter generally tends to underestimate the
number of large particles. As predicted, ML96 does not have a
great impact ( 20 K at 10 GHz), while ML97 can show higher
differences, especially at 85 GHz and 37 GHz (not shown).

Interestingly, the convective profiles (large symbols) are al-
most insensitive to the permittivity model, but fairly dependent
on PSD especially at 10 GHz. Generally speaking, in the case
of a convective regime, the extinction due to a larger graupel
amount tends to mask the melting layer contribution. For HSD-
PPSD, the underestimation (with respect to the control case) of
graupel scattering above the FL and of rain and melting-particle
emission below the FL gives rise to a significant net effect on
10-GHz difference.

Path attenuation at 13.8 GHz plays an import role for the re-
trieval performance. By neglecting it, large instabilities of the
inversion algorithm can be expected for both convective and
stratiform precipitation [36]. Fig. 4 shows the average differ-
ence of the one-way cumulative path attenuation with respect
to the control case ones for the LSD-EPSD, LSD-PPSD, HSD-
EPSD, and HSD- PPSD combinations. The comparison among
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Fig. 7. Radiometric estimation sensitivity as defined by (9) for (a) rain, (b) graupel, (c) snow, and (d) ice for LSD-EPSD and all permittivity models.The solid
curves refer to the lower sensitivity bound (average minus standard deviation of the error) and dashed curves refer to upper bound (average plus standard deviation
of the error). As in Fig. 1, only stratiform profiles have been considered.

NoMelt, MG , ML96, and ML97 models is carried out for
stratiform-rain profiles only. In Fig. 5 the average difference of
the nadir attenuated reflectivities with respect to the control case
ones is shown for the same model configuration as in Fig. 4.

As expected, the peaks ofs are more pronounced around the
melting layer, producing the typical bright band. The largest
variability is below the FL, where the effect of path attenuation
is more relevant, that is, on average up to about 3 dB for MG
and LSD cases and less than 0.5 dB for HSD cases. This also ex-
plains the high negative differences in attenuateds below the
FL for LSD and MG cases. Considering the PPSD choices,
Z profiles show differences larger than EPSD ones, being that
CPA is generally double. Again, the MG model denotes its
strong impact in the LSD cases both in terms ofand vari-
ability giving rise to bright bands with maxima up 55 dB. The
positive differences of above the FL level are basically due to
a reduced cumulative path attenuation due to smaller particles as
a consequence of PPSD or HSD assumptions. When using the
ML96 model, the melting layer reveals a bright band relatively
less than the ML97 one.

In summary, from this statistical analysis, the assumption of
MG for large and less dense snow particles seems unrea-
sonable because it produces changes, which are too high.
From the numerical simulations of radar reflectivities, it results
that the ML96 model does not produce significant bright bands.
When reasonable model configurations are sought, MGmay
be chosen for small and high dense particles (such as graupel)

and ML97 for large tenuous particles (such as snowflakes). The
fact that the ML96 model agrees fairly well with numerical sim-
ulations of particle electrical properties [26] may also suggest
that the role played by the melting-layer model in determining
the meltwater volume fraction below the FL might be crucial.
Indeed, as mentioned in Section II-B, we tried another model
without obtaining significant differences.

B. Passive Retrieval

Let us introduce a measurable quantity to evaluate the results
of the sensitivity analysis. If the control case (i.e., LSD-EPSD-
NoMelt) is assumed to be the training set for the considered in-
version algorithms, all other combinations of melting layer pa-
rameterizations represent test cases, i.e., synthetic measurements
that refer to a particular condition of the melting layer. From each
of the test sets, we can estimate hydrometeor profilesby ap-
plying the Bayesian algorithms described in Section III for single
and combined sensors as given in (4), (6), and (7), respectively.
For each given profile of the control data set, the estimation
deviation vector (i.e., error profile) is given by

(8)

An estimate sensitivity , which measures the statistical
bounds of the estimation deviation vector , may be intro-
duced as follows:

(9)
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Fig. 8. As in Fig. 7, but for the LSD-PDSP test data set.

where and are the mean and standard deviation vec-
tors of , computed over the available hydrometeor profiles of
the training data set. Indeed, the estimate sensitivity can be inter-
preted as a retrieval error indicator considering also that the test
data set is independent from the training one. To avoid ambigu-
ities and solely interpret melting particle signatures, the convec-
tive profiles (as defined in Section IV-A, see Fig. 2), as well as the
clear-air profiles, were excluded from the retrieval analysis.

A preliminary self test of proposed retrieval algorithms can
give an idea of the expected accuracies. Fig. 6 shows the root
mean square (RMS) errors for the retrieval of water, graupel,
snow, and ice profiles, obtained by performing a self test on
the control case LSD-EPSD-NoMelt at nadir over ocean. The
solid curves refer to the use of radiometer data only (AMPR
like), while the dash-dotted curves to radar data only (ARMAR
like). The dashed curves apply to radiometer plus radar data
(AMPR ARMAR like) which will be discussed in the next sec-
tion. We recall that the measurement vectorhas dimension
4 (i.e., using 10.6, 19.3, 37.0, and 85 GHz), since theand
signatures are equal at nadir.

Since it is a self test, the errors of Fig. 6 represent an opti-
mistic evaluation, in other words, a lower bound of the expected
RMS errors. Nevertheless, these results show that the RMS er-
rors are less than 0.1 g m(less than 30% in terms of fractional
percentage error), being higher for water and graupel profiles.
It is interesting to point out that, if the convective profiles have
been taken into account, the RMS errors would have increased
up to 0.2 g m , especially in the rain and cloud liquid layers.

A first plot of is given in Fig. 7, which illustrates the
radiometric estimate sensitivity of rain, graupel, snow, and ice
equivalent water contents for the LSD-EPSD test case, when
using the No-melting, MG , ML96, and ML97 permittivity
models. Note the different-axis scale for panel (a).

The highest estimate sensitivity is produced for rain and
graupel (overestimation up to 0.75 and 0.4 g m, respectively)
for the MG case, followed by ML97, as a consequence of the
large differences in the space, as observed in Figs. 3 and 5.
The sensitivity in the melting layer increases with the distance
from the FL for rain profiling. The anomalous sensitivity curve
for snow retrieval, with a tendency to underestimate below
4.5 km and to overestimate above 4.5 km, is likely due to the
retrieval algorithm trying to find an unusual combination of
rain and nonmelting ice profiles (which explain the increased
emission and spectral response due to melting). By comparing
Fig. 7 with Fig. 6, it is worth mentioning that the estimate
sensitivity can be ten times higher than RMS errors for all
hydrometeor profile retrieval. If we take into account the pos-
sible contamination of convective profiles, that is we include
the latter into the training and the test data set, the resulting
sensitivity can be up 30 times worse than the self test RMS
errors. Notice that the combination of MG with LSD was
already identified to be fairly unrealistic in the previous section.

Fig. 8 draws a picture similar to Fig. 7 for the LSD-PPSD test
case. Even though PPSDs tend to reduce the concentration of
large particles, the results are not too much different for MG
due to its general exaggeration of the melting layer emission for
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Fig. 9. As in Fig. 7, but for the HSD-EPSD test data set.

large particles with low densities. However, the ML97 case is
rather sensitive to the particle spectra model so that, for rela-
tively small particles (i.e., PPSD case), the retrieval sensitivity
is reduced by a factor of 2 below the FL. On the contrary, the
change of PSD shows a little effect on the ML96 sensitivity.

The results change when the LSD assumption is replaced by
the HSD one, as shown in Fig. 9. Here, smaller particles with
higher densities reduce the excess scattering and extinction in
the melting layer and therefore, diminish the impact of the per-
mittivity models. The sensitivities are even reduced for rain-
water when MG is applied, with a minor effect on the other
hydrometeor species. The fact that 85-GHzvalues are basi-
cally less than the control case ones (see Fig. 2) is responsible
for the modification of the snow sensitivity curve when com-
pared to those of Figs. 7 and 8.

Finally, from Fig. 10 when PPSDs are used together with
HSD assumption, the lower concentration of larger particles fur-
ther reduces the differences between the permittivity models. In
this case, the anomalous behavior due to the MGmodel is no
more observed even for rain and graupel profiles. From a re-
trieval point of view, this is the best situation with sensitivities
no greater than 0.3–0.4 g m, which are indeed still four to five
times greater than the self-test RMS errors given in Fig. 6.

C. Combined Retrieval

The advantage to use a multisensor retrieval scheme for pre-
cipitation retrieval has already been demonstrated in literature
[6], [20], [33], [37]. A further confirmation of this is given in

Fig. 6, where the RMS error profile is plotted, obtained by ap-
plying (6) and (7) to radar data and combined radiometer plus
radar data, respectively (e.g., AMPR plus 36 range-gated reflec-
tivities plus PIA at 13.8 GHz).

As known, the contribution of Ku-band radar data helps the
microwave radiometer in improving the accuracy of large and
dense particle retrieval, such as raindrops and graupel. As seen
from the figure, the improvement can be higher than 50%. The
use of radar data only gives results slightly worse than the com-
bined ones, especially for cloud liquid water above the FL, and
graupel content below 4 km, where the radiometer information
is more effective in the retrieval synergy. However, consider that
these results are only theoretical since for radar data, we pre-
sumed to know exactly the vertical profiles of the reflectivity-
rainrate ( – ) relation. Indeed, in real applications, the–
variability and unpredictability is a major source of uncertainty.

The effect on the estimate sensitivity when implementing
a combined radar-radiometer retrieval, instead of a ra-
diometer-only retrieval, is illustrated in both Fig. 11, which
is analogous to Fig. 7 for LSD-EPSD, and Fig. 12, which
is analogous to Fig. 10 for HSD-PPSD. The other cases,
corresponding to Figs. 8 and 9, are not shown for brevity.

For LSD-EPSD (Fig. 11), the radar provides a contribution to
the reduction of the estimate sensitivity by slightly, narrowing
the uncertainty close to that of the control case for all permit-
tivity models, especially for MG below the FL. The sensi-
tivity reduction in the rain layers is also accompanied by a re-
duction in the cloud-liquid layers due to the constraints imposed



MARZANO AND BAUER: SENSITIVITY ANALYSIS OF AIRBORNE MICROWAVE RETRIEVAL 87

Fig. 10. As in Fig. 7, but for the HSD-PPSD test data set.

by the cloud model itself in terms of hydrometeor vertical pro-
files. A further sensitivity reduction is obtained for HSD-PPSD
(Fig. 12), where the retrieval results are almost insensitive to the
chosen permittivity model. In this case, the maximum values of

are still almost double with respect to the self-test RMS
error ones given in Fig. 6.

Finally, notice that, if convective profiles were also consid-
ered in the considered retrieval tests, the estimate sensitivity
could have been degraded of ten times with respect to the
self-test RMS errors. The intuitive explanation is that in this
circumstance, the training set does not have any information
about cloud structure in convection regimes.

D. Implications for Real Data Applications

The results shown in the previous sections put in evidence
the need to include a melting layer characterization within the
training database in order to reduce the estimate sensitivity,
and thus the retrieval error. In practical applications of retrieval
techniques to airborne data, one could include either the most
probable melting layer model in the training set (e.g., see
Section IV-A) or simulations based on several melting models
if there is no significant evidence to support the use of one
melting model over another. The reason for the latter choice
is that the precipitation profile estimates would not be biased
due to an incomplete training data set. Moreover, in naturally
occurring melting layers, there might be an intrinsic variability
of particle dielectric properties, densities, and size distributions
that would indicate the need for a broader training set.

The aforementioned approach can be translated into a further
formulation of the Bayesian inversion algorithm based on MAP
criterion. Considering, for example, the modified combined re-
trieval given in (7), we can introduce the melting model config-
uration so that to each cloud profile it is possible to asso-
ciate a corresponding set of simulated brightness temperatures

, reflectivity , and path-integrated attenuation . By
listing all combinations illustrated in this work (including the
no-melting case), it results that the total numberof melting
model configurations is 2 2 4 16. Thus, from the Bayes
theorem applied to the conditional PDF , it follows:

(10)

where is the discrete probability of theth melting model
configuration. As usual, we can interpret as the PDF
of the th model error , that is,

.Moreover, since theprofiles,belonging to the
th model configuration, are the same for each configuration, we

can assume that , or better, as done in (3), substi-
tute with . Considering that is constant with re-
spect to , as for (4), under the assumption of Gaussian PDFs for
both and , thegeneralizedradiometerdiscriminant function

tobeminimizedwith respect toand is

with (11)
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Fig. 11. As in Fig. 7, but for thecombinedBayesian retrieval algorithm applied to combined radiometric and 13.8-GHz radar synthetic data at nadir over the sea.

The extension of (11) to thegeneralized combineddiscriminant
function , is straightforward. Simi-
larly to (7), it holds

with (12)

In (11) and (12), the probability weights each configu-
ration and might be chosen in accordance with the observed
atmospheric scenario and availablea priori information. If no
melting model is preferred, then can be assumed uniform
in order not to contribute to the discriminant function minimiza-
tion. In principle, in (11) and (12) even , , and could
depend on the th melting-model configuration. In this case,
their determinants should be included in the formulas [31].

It is expected that the use of the generalized combined algo-
rithm should reduce the estimate sensitivity, that is, the retrieval
errors. In order to prove it, we can set up another numerical ex-
periment slightly different from the previous ones. As a training
data set, we can use all outputs of the first three time steps of the
simulation (i.e., minutes 90, 120, and 160). It means using 16
67 3 3216 data that describe the radiate transfer outputs in
terms of , and . For a simple independent test, we
can select the outputs from the remaining time step (i.e., minute

180), which is not included in the training set. The test data set
can be also grouped with respect to snow density, size distribu-
tion, and dielectric models as done in Figs. 8–12.

Letus consider thegeneralizedradiometer retrievalalgorithm,
as given in (11). As an example, Fig. 13 shows the obtained re-
sults in a way analogous to Fig. 7 for the LSD-EPSD test case.
Note that this case was the one with the largest estimate sensitivi-
ties.Asexpected, the estimatesensitivity (retrievalerror) ismuch
less than the one derived by using a no-melting training data set.
The exaggerated sensitivity due to the Maxwell–Garnett MG
model is significantly reduced, since this variability was intro-
duced in the training data. The retrieval RMS error is less than
0.15 g m for all hydrometeors, being higher above the FL. For
brevity, we do not show the other test cases as the conclusions are
similar to those illustrated for Fig. 13.

Before concluding this section, we have to point out the
importance of performing a discrimination between stratiform
and convective rainfall before applying the proposed algorithms.
The same numerical experiment, illustrated in Fig. 13, would
have given much worse results if convective profiles have been
included in the test data set. Recent studies published in the
literature have shown that a classification of stratiform versus
convective precipitation can be carried out by spaceborne radar
and radiometer data [21], [38], [39]. It is worth mentioning that,
by considering a dual-step cascade algorithm (first classify
then retrieve), the overall retrieval error probability is given by
the multiplication of the error probability associated with each
retrieval step.
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Fig. 12. As in Fig. 10, but for thecombinedBayesian retrieval algorithm applied to combined radiometric and 13.8-GHz radar synthetic data.

Fig. 13. As in Fig. 7, but for theradiometricBayesian retrieval algorithm trained by all melting model data sets derived from the first three available time steps
(minutes 90, 120, and 160) of the cloud model simulation and tested using the cloud profiles taken from remaining time step (minute 180).
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V. CONCLUSIONS

A sensitivity analysis of airborne microwave passive and ac-
tive retrieval of hydrometeor profiles to the melting layer pa-
rameterization was carried out using synthetic data. This work
started from the results of a previous study, where a forward ra-
diative transfer model of stratiform rain, including mixed-phase
particle effects, was developed. The parameterizations of the
melting layer included the effects of snow density and particle
size distributions of liquid and ice hydrometeors, as well as
various dielectric models for melting particles. The hydrome-
teor profiles were derived from a two-dimensional (2-D) cloud
ensemble model simulating a stratiform rainfall over the East
Mediterranean sea.

The statistical analysis of the cloud radiative data set has re-
vealed that the assumption of the MGmodel for large and
less dense snow particles seems unreasonable since too high
variations of are produced. On the other hand, from radar
reflectivity simulations the ML96 model does not yield signifi-
cant bright bands. When looking for reasonable configurations
of permittivity models, the MG formula may be chosen for
small and high dense particles like graupel particles, while the
ML97 model for large tenuous particles like snowflakes. Indeed,
applying the ML97 model to both graupel and snow might be a
good compromise as well, mainly dependent on the amounts of
the two hydrometeors.

Airborne remote sensing techniques based on microwave ra-
diometric, radar, and combined radar-radiometer data were also
considered within a Bayesian inversion framework. The max-
imum a posterioriprobability criterion was used with a newa
priori constraints derived from the columnar hydrometeor con-
tents of the cloud model and from the measured path integrated
attenuation. The algorithms were applied to nadir observations
over ocean, since over land the melting layer showed negligible
effects on brightness temperatures.

Numerical results were shown in terms of statistical devia-
tions of the retrieved profiles with respect to a control case, de-
fined as the one using the cloud-model PSD and snow density
without a melting layer implemented. The idea was to simu-
late the application of a model-based retrieval algorithm (trained
with the outputs of cloud model simulations) to a stratiform
rain event observed from space at high spatial resolution over
ocean. Since the training database was supposed not to include
any melting-layer parameterization, the expected estimate error
was interpreted as a retrieval sensitivity to each melting layer
parameterization as a function of the sensor combination.

A significant impact of snow density and PSD choices was
noted. When using a radiometer only, for the HSD-PPSD case
(which implies an increase of smaller particle concentration),
the estimated sensitivity was found four to five times greater
than the self-test RMS errors. On the opposite, in case of
LSD-EPSD, the sensitivity itself was as high as ten times.
When using combined radar-radiometer data, the sensitivity
slightly reduced, being almost insensitive to the chosen per-
mittivity model in the HSD case. It should be also considered
that the presence of convective profiles in the test data set can
drastically degrade the retrieval results.

It was also found that opposite effects due to different models
tend to balance each other (as in the case of sensitivity increase

due to MG model counterbalanced by the sensitivity decrease
due to the introduction of HSD parameterization). This sug-
gests that the analysis of measured airborne and spaceborne data
could not resolve these ambiguities unlessin situor other source
measurements are available. As an implication for real data ap-
plications, we argued that a strategy for stratiform rainfall re-
trieval could be to randomize the training data set by including
all physically reasonable melting models. Numerical results, de-
rived by carrying out a simple numerical experiment, tended
to confirm this conclusion. Note that a previous separation be-
tween stratiform and convective precipitation is of primary im-
portance for applying the proposed Bayesian algorithms.

The available cloud model simulation, which referred to a
very dry maritime environment, prevented us from applying the
model-based retrieval algorithms to real data such as those from
TOGA-COARE or TEFLUN campaigns. Unlike the retrieval
algorithms based on optimization techniques such as those in
[36], [37], the cloud-model based approach needs a pregener-
ated cloud radiative database, physically consistent with the ob-
served atmospheric scenario. In the case of tropical cyclones, the
freezing level is generally around 4.5 km [20], much higher than
the 2.4 km of our cloud model. Further work will be devoted to
construct a cloud radiative database for tropical stratiform rain
events to be used with both airborne and spaceborne data.
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