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Abstract—Dual-polarized weather radars are capable to detect
and identify different classes of hydrometeors, within stratiform
and convective storms, exploiting polarimetric diversity. Among
the various techniques, a model-supervised Bayesian method for
hydrometeor classification, tuned for S- and X-band polarimetric
weather radars, can be effectively applied. Once the hydrometeor
class is estimated, the retrieval of their water content can also
be statistically carried out. However, the critical issue of X-band
radar data processing, and in general of any attenuating wavelength active system, is the intervening path attenuation, which is
usually not negligible. Any approach aimed at estimating hydrometeor water content should be able to tackle, at the same time,
path attenuation correction, hydrometeor classification uncertainty, and retrieval errors. An integrated iterative Bayesian radar
algorithm (IBRA) scheme, based on the availability of the differential phase measurement, is presented in this paper and tested
during the International H2 O Project experiment in Oklahoma in
2002. During the latter campaign, two dual-polarized radars, at
S- and X-bands, were deployed and jointly operated with closely
matched scanning strategies, giving the opportunity to perform
experimental comparisons between coincident measurements at
different frequencies. Results of the IBRA technique at X-band
are discussed, and the impact of path attenuation correction is
quantitatively analyzed by comparing hydrometeor classifications
and estimates with those obtained at S-band. The overall results in
terms of error budget show a significant improvement with respect
to the performance with no path attenuation correction.
Index Terms—Attenuation correction, Bayesian classification,
convective event, water content estimate, X-band polarimetric
radar.

I. I NTRODUCTION

T

HE INCREASING importance of dual-polarized weather
radar systems is essentially due to their capability to
improve data quality by identifying nonmeteorological echoes
(i.e., ground and sea clutter, insects, birds, and chaff), to
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reduce attenuation effects and partial beam blocking using
differential phase measurements, and to improve rainfall retrieval by exploiting multiparameter algorithms [1]–[8]. The
exploitation of dual-polarization radar measurements has also
opened the unique possibility to detect different hydrometeor
classes within the observed storm, giving, for the first time,
a physical basis to the remote particle identification [9]–[14].
Most applications have been devoted to the retrieval of rain
rates, but the estimation of rainfall in terms of water content is,
in general, more consistent with the capability of radar remote
sensors which are generally unable to retrieve the fall terminal
velocity[15]. In case of raindrops, polarimetric radar response
has even been used to retrieve their size distribution where
liquid water content is one of the most important parameters
[17]–[19].
The estimation of the hydrometeor water content in liquid,
ice, and mixed phase, formed during the space–time evolution
of a precipitating system, is of paramount importance for both
hydrometeorological applications and numerical weather prediction (NWP). The water content is reasonably an atmospheric
variable directly detected by a weather radar with respect
to a precipitation rate which requires the knowledge of the
hydrometeor terminal velocity and likely seems to be a residual
heritage of rain-gauge intercomparison. Water content is also a
fundamental analytical parameter, characterizing the modeled
hydrometeor size distribution (e.g., [17] and [19]). On the one
hand, graupel and hail concentration need to be quantified and
not only be detected for risk assessment and agrometeorological
purposes [12]–[15]. On the other hand, the validation of NWP
model forecasts in terms of prognosed hydrometeor space–time
distribution is of essential value to improve and refine the
cloud microphysics as well as to develop data assimilation
techniques that are able to exploit both radar measurements and
products [20]–[22]. It is apparent that estimating hydrometeor
water content cannot be separated by the preliminary particle
identification step as the radar response strongly depends on
hydrometeor geometrical and dielectric properties [23].
For hydrometeorological applications, the radar frequency
choice is a key issue: At S-band, path attenuation is usually
negligible, but radar systems are somewhat bulky to ensure
given performances (e.g., antenna dimensions for a required
directivity) [15], [24]. At C-band and, particularly, at X-band,
the equipment is relatively smaller (and even mobile), but path
attenuation and Mie resonance effects cannot be neglected and
should preliminarily be corrected for proper data processing
[25]–[29]. Path attenuation plays a key role when trying to
estimate rain rates, hydrometeor water content, and drop size
distributions, particularly at X-band where, in the last decade,
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several research efforts have been spent [30]–[39], [46]. The
critical issue of any attenuating wavelength radar system, such
as that at X-band, is that hydrometeor classification should
be performed after path attenuation correction, but the latter
may be significantly affected by the hydrometeor category
in its turn. This issue is not critical when the radar range
path is homogeneously filled by raindrops even though the
rain intensity may vary along the path causing an inherent
inhomogeneity [28]. Any C- or X-band radar-based approach,
aimed at estimating hydrometeor water content in liquid, ice,
and mixed phase, should be able to tackle, at the same time,
path attenuation correction, hydrometeor classification, and
content retrieval [15], [41]. The major limitation of the current
approaches is to impose range-independent parametric relations
between radar polarimetric observables. Moreover, only rain
classes are assumed to contribute to specific attenuation.
This paper has three main objectives. The first objective
is to set up a hydrometeor classification technique and water
content estimation at X-band, based on the Bayesian theory
and a supervised numerical framework, previously developed
[14]. The second objective is to embed this classification and
estimation approach within an iterative scheme to take into
account heterogeneous hydrometer distribution along the radar
ray, based on the measurement of the polarimetric differential
phase at X-band and generalizing what already applied at
C-band [15]. Indeed, the proposed methodology could be considered valid for any radar system at attenuating wavelength
(i.e., let us say above 10 GHz for weather radar applications).
The third objective is to perform on a case study an experimental comparison between S-band radar products using an ad
hoc Bayesian algorithm and the new iterative Bayesian X-band
retrieval technique, in order to evaluate the impact of path attenuation on the accuracy of the overall X-band derived products
(i.e., hydrometeor class and water content). This means that
we can disregard possible differences due to algorithm setup
at different frequencies and that a systematic validation of the
proposed iterative Bayesian technique is beyond the scope of
this paper.
After introducing the polarimetric radar data processing
chain at X-band within the iterative Bayesian framework in
Section II, a case study from the International H2 O Project
(IHOP) in western Oklahoma will be analyzed in Section III
to deal with a unique data set made by colocated S- and X-band
radar measurements. In this respect, we will compare radar
data, hydrometeor classifications, and water content estimates,
pointing out benefits and limitations of X-band radar systems
with respect to S-band ones. A numerical sensitivity test to
system noise will also be carried out, whereas conclusions will
be drawn in Section IV.
II. H YDROMETEOR C LASSIFICATION AND R ETRIEVAL
The critical issue of rainfall X-band observations is the significant effect of specific copolar (Ahh ) and differential (Adp )
attenuations [30]–[33]. If the radar power measurements are not
completely attenuated below the minimum detectable power
level, specific correction techniques can be applied in order to
restore the radar range profiles [34]–[39]. When dealing with a

nonuniform distribution of hydrometeor types along the radar
ray, adaptive algorithms should be applied to take into account
this spatial heterogeneity [15], [41]. In the following sections,
we will show how to deal with these issues aiming at estimating
the water content within each radar bin, adopting a modelsupervised approach.
A. Bayesian Hydrometeor Classification
The Bayesian theory is a quite general inference methodology, and it can be applied in a fairly efficient and effective way
to the hydrometeor classification issue [40]. For this particular
problem of supervised classification, the maximum a posteriori
(MAP) probability inference rule has been adopted, exploiting
a framework already developed for C-band weather radars
[14]. A set of 12 hydrometeor classes (ci ) has been identified,
slightly extended with respect to a previous supervised formulation where all geometrical, physical, and dielectric modeling
details can be found [8]. The updated list of hydrometeor
classes is made up of large drops (LD, i = 0), light rain (LR,
i = 1), medium rain (MR, i = 2), heavy rain (HR, i = 3), hail
(H, i = 4), graupel/small hail (G/SH, i = 5), dry snow (DS,
i = 6), wet snow (WS, i = 7), ice crystals (IC, i = 8), drizzle
(DR, i = 9), wet hail (WH, i = 10), and wet hail mixed with
rain (WH/R, i = 11). The new classes WH and WH/R replace
the class hail/rain (H/R) in [8] in order to take into account
wet hail conditions by introducing a mixing ice–water dielectric
composition. Following the notation in [8], for WH an inverse
exponential particle size distribution (PSD) is assumed so that
the equivalent diameter De varies between 5 and 30 mm,
Λ varies between 0.4 and 1, and Nw varies between 100 and
300 m−3 · mm−1 with a linear-mixing dielectric constant, temperature between −5 ◦ C and 20 ◦ C, axis ratio between 1 and
1.3, and a Gaussian canting angle with zero mean and 10◦ standard deviation. The drizzle rain (DR) class is considered to deal
with very light rain, assuming a modified Gamma PSD so that
De varies between 0.1 and 1.0 mm, Dm varies between 0.36
and 0.49 mm, Nw varies between 14 000 and 21 000 m−3 /mm,
and μ varies between −1 and 4 with a Ray-model water
dielectric constant, temperature between 0 ◦ C and 40 ◦ C, zero
axis ratio, and a Gaussian canting angle with zero mean and
5◦ standard deviation. Finally, the class WH/R is a uniform
probability ensemble (i.e., 50% plus 50% samples) of WH and
HR hydrometeor categories.
Training data sets for the Bayesian classifier are obtained by
means of numerical T-Matrix simulations, as explained in [8],
here performed at both S- and X-bands. Fig. 1 shows hydrometeor polarimetric signatures of 12 classes in terms of correlation
between copolar reflectivity Zhh and differential reflectivity
Zdr at S-band (top panel) and X-band (bottom panel). The
hydrometeor signatures at the two frequency bands are similar
even though, at X-band, there is a slightly larger dynamic range
of values on the order of some tens of decibels. This is due to
the larger sensitivity of amplitude return at shorter wavelengths.
The Bayesian Radar Algorithm for Hydrometeor Classification (BRAHC), here used [14], requires a vector x of three
inputs for each radar bin to be classified: the horizontally
polarized reflectivity Zhh , the differential reflectivity Zdr , and
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an estimate of the environmental temperature T . The available
Zhh and Zdr are supposed to be independent of path attenuation
so that, in principle, they coincide with the respective measured
quantities Zhhm and Zdrm . In principle, the specific differential
phase shift Kdp could be ingested as well in the BRAHC
framework [14]. However, Kdp has not been considered for
classification purpose since its quality was not always acceptable for quantitative estimations during IHOP [36].
The MAP rule is quite intuitive as the hydrometeor class
is provided by the index which maximizes the a posteriori
probability density function (pdf) p(ci |x), related by the Bayes
theorem to the a priori pdf p(ci ) and to the likelihood
p(x|ci ) [40]. The likelihood pdf is assumed to be a multidimensional Gaussian pdf, as it largely simplifies the mathematics
involved, as argued in [14]. This corresponds to the assumption
that the polarimetric signatures are hyperellipsoids in the 3-D
observation space. In formulas, this becomes equivalent to
minimizing a quadratic distance function d(x, ci ), also called
metrics or discriminant function, with respect to ci

In (1), mi and Ci , respectively, represent the centroid and
the covariance matrix of ith class of hydrometeor obtained on
the basis of electromagnetic backscattering simulations of radar
observables. Values of mi and Ci are listed in the Appendix
for X-band frequency for completeness. It is worth stressing
that, using (2), coexistence of multiple hydrometeor classes
within the same range bin is not allowed; in a way, we are
estimating the most probable class within each radar resolution
volume.
The a priori pdf p(ci ) may interestingly be used to incorporate into the classification technique any a priori knowledge
about the hydrometeor classes [14]. In this way, it is possible
to exploit the environmental temperature information, derived
from local radiosoundings or more simply from climatological
models, to suppress some hydrometeor classes that cannot
exist out of specific temperature ranges. A priori probabilities
can also be exploited to perform a more robust control on
classification results on the basis of copolar reflectivity values:
Ad hoc thresholds for additional checks allow detection of rain
and hail in a more consistent way; within this work, a priori
probabilities described in [14] are employed.
After a priori probabilities have been evaluated, the MAP
inference rule becomes, in a straightforward way, the issue
of finding the minimum distance between the input vector of
observables and each one of the hydrometeor class centroids.
Since it is always possible to find a minimum distance in a set
of 12 measurements, a constraint has to be imposed in order
to obtain physically meaningful results. This is done by means
of decision thresholding: If the minimum distance d(x, ci ) is
larger than an empirically determined decision threshold dth ,
the corresponding radar bin is labeled as “not classified” (NC).
In order to evaluate the BRAHC classification accuracy,
numerical tests have been performed, simulating radar synthetic
measurements. Zero-mean Gaussian noises have been added
to numerically simulate T-Matrix polarimetric data at S- and
X-bands. Then, the Bayesian classification has been iteratively
performed in order to obtain a statistically significant set of
classifications, with the basic assumption that synthetic data are
not affected by path attenuation. Contingency tables have been
then used to evaluate the classification accuracy on synthetic
radar data, as done in previous works [8], [14].
Global BRAHC results for S- and X-bands are reported in
Table I. The mean overall accuracy (OA), computed over the
12 hydrometeor classes, is about 75% for both S- and X-bands
with a standard deviation less than 15%. This means that, in
the absence of path attenuation, the hydrometeor classification
accuracy at X-band is expected to be comparable to that at
S-band. In the following, we will refer for brevity to BRAHC
at S-band as BRAHC-S and at X-band as BRAHC-X.


d(ci ; x) = (x − mi )T C−1
i (x − mi )

B. IFV Path Attenuation Correction

Fig. 1. Simulation of hydrometeor polarimetric signatures of 12 classes in
terms of correlation between copolar reflectivity Zhh and differential reflectivity Zdr at (top panel) S-band and (bottom panel) X-band. Hydrometeor classes
are color coded.

+ ln [det(Ci )] − 2 ln [p(ci )]} . (1)
Thus, the MAP decision rule can finally be rewritten as

d(ci ; x) < d(cj ; x),
∀ j = i
x ∈ ci ⇔
d(ci ; x) < dth .

(2)

Several recent studies have developed algorithms that use the
two-way differential phase shift Φdp as a constraint parameter
for the effective estimation of Ahh and Avv profiles [27]–
[29], [36]–[38]. This choice is due to the fact that the phase
shift is not affected by attenuation (provided that backscattering
signals are still received), and it is almost linearly related with
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TABLE I
BRAHC C LASSIFICATION ACCURACY AT S- AND X-BANDS

where the integral Ixx is given by
r
Ixx (r0 , r) = 0.46bx

bx
Zxxm
(r ) dr

(7)

r0

the range-integrated copolar attenuations, expressed in decibels
[30]–[35].
We will refer to copolar reflectivity Zxx [mm6 · m−3 ], where
xx stands for either horizontal (hh) or vertical (vv) copolar
polarization. The copolar path attenuation factor Lxx , up to
a given range r, can be evaluated from the one-way pathintegrated attenuation (PIA) by
2
− 4.343

Zxxm (r)
=e
Lxx (r0 , r) =
Zxx (r)

r

Axx (r  )dr 

r0

= 10−0.46·P IAxx (r0 ,r)

(3)

where Zxxm is the measured copolar reflectivity, Axx [dB/km]
is the copolar specific attenuation, and r0 is an arbitrary range
value less than r. The one-way copolar PIA [dB] can be
estimated from the two-way Φdp through
r
P IAxx (r0 , r) =





r

Axx (r ) dr = γx
r0

Kdp (r ) dr

r0

=

γx
[Φdpm (r) − Φdpm (r0 )]
2

=

γx
ΔΦdpm (r0 , r)
2

d2 (γh , γv ) =
(4)

where ΔΦdpm (r0 , r) is the measured incremental differential
phase shift between r0 and r and the effects of the backscattering differential phase δhv are neglected supposing the use
of an effective iterative filtering on ΔΦdpm [15]. Note that the
linearity between Kdp and Axx is a well established results at
X-band and below [16], [27].
Following [42], we can assume a power-law relation between
specific attenuation Axx and copolar reflectivity Zxx
bx
Axx = ax Zxx

(5)

where ax and bx are assumed polarization dependent, but
generally range independent. The final value (FV) attenuation
correction solution to the radar equation in attenuating media is
given by the following corrected polarized reflectivity:
Ẑxx (r) = 

Zxxm (r)

x
Lbxx

 b1
x
+ Ixx (r0 , rN ) − Ixx (r0 , r)

and where rF is the farthest range with respect to the radar
position (i.e., the farthest edge of either the rain cell or the
selected range interval).
The FV algorithm is one of the hydrometeor profiling constrained techniques to correct for path attenuation [8], [42].
Other similar methods are the attenuation adjustment correction
and the constant adjustment (CA) correction [27], [43], with
the latter being formally equivalent to the Zxx − Φdp (ZPHI)
solution once the PIA (and then Lxx ) is estimated via Φdpm [8].
In this paper, we preferred to implement the FV technique as we
have proved that it is more accurate than CA when the radar is
well calibrated and slightly less accurate than CA when there is
a system bias (see also the next section and Tables IV–VI).
Constrained path attenuation restoration techniques suffer
from two main drawbacks: 1) one drawback is the initial value
at r = r0 , where path attenuation is zero and Lxx = 1 is not
necessarily satisfied, and 2) the other is that the modeled
regression coefficients in (4) and (5) may be dependent on range
r besides on temperature.
The first problem can be addressed by trying to optimize
the regression coefficients within a confidence interval, thus
formulating an iterative FV (IFV) algorithm. In particular, it
can be shown that, at X-band, bx is quite constant, whereas
γx may be quite variable [28], [38]. If the differences between
Lxx and one [see (3)] are assumed to be normally distributed
and uncorrelated with a parameter uniform a priori probability,
using the Bayes theorem, we can minimize the following square
distance or metrics with respect to γx :

(6)

|Lhh (r0 , r0 ) − 1|2
|Lvv (r0 , r0 ) − 1|2
+
2
2
σLh
σLv

(8)

where σLh and σLv are the standard deviations of attenuation
factor difference. The square distance (8) can also be formulated in terms of Zxx (r0 ) and Zxxm (r0 ) using (3), and its
minimization may be interpreted as a MAP estimate (e.g., [14]).
The coupling between (6) and (8) defined the IFV procedure
where the standard deviations σLh and σLv are, for simplicity,
assumed equal. The optimum values of γh and γv are typically
reached after few iterations. The second problem, mentioned
earlier, will be approached in the next paragraph.
C. IBRA
The main problem with the straightforward application of
the IFV attenuation correction algorithm and the other analytical constrained techniques is that it supposes a homogeneous
raindrop medium along each radar ray [8], [27], [42]. This
assumption is not usually verified when the elevation angle
is quite larger than zero and when dealing with medium-tolong range radar bins. Some approaches have been recently
developed to face the intrinsic rain variability by selecting the
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Fig. 2. Schematic block diagram of the IBRA for hydrometeor classification and water content estimation for weather radars at attenuating wavelengths
(e.g., X-band). Details and formula numbers are explained in the text.

γ coefficients in (5) in an adaptive way [15], [41]. However,
the final choice is to modify the proportional coefficients in (5)
but still have them constant along the range. To avoid these
limitations, an appealing approach is to extend the IFV correction method by segmenting the radar range into contiguous
intervals, each one containing a uniform hydrometeor class
characterized by different couples of regression coefficients
[e.g., axi and bxi in (5)]. This means that, in order to deal with
a heterogeneous distribution of hydrometeors, we can combine
the classification step with the PIA correction technique in an
iterative way. In a way, this solution is a generalization to the
whole radar polar volume of the self-consistent path attenuation
correction valid for rain media, already proposed in literature
[28], [38].
The following steps characterize the iterative Bayesian radar
algorithm (IBRA), schematically represented by the flow diagram in Fig. 2.
1) From T-matrix backscattering model simulations at
X-band for each hydrometeor class ci , listed in

Section II-A and in the Appendix, we can first derive a
power-law relation model among Axx , Zxx , and Kdp
⎧
bxi
⎨ Axx = axi Zxx
Axx = γxi Kdp
(9)
⎩
xi
Kdp = exi Afhh
where axi , bxi , γxi , exi , and fxi are the regression
coefficients given for each class ci (with i = 0 − 11),
taking into account a temperature variability (i.e., they
are derived from simulations where particle temperature
is randomly varied within a given interval as prescribed
in [8]). Note that the third equation cannot statistically
be derived from the second one by simply inverting the
parametric relation.
Regression coefficients at X-band in (9) are provided
in Table II for a restricted set of hydrometeor classes
together with the root mean square error (RMSE) and the
fractional standard error (FSE), defined as RMSE divided
by the parameter average value. Only classes where Axx
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TABLE II
R EGRESSION C OEFFICIENTS OF PARAMETRIC R ELATIONS IN (9), W ITH Zhh IN mm6 · m−3 , Zdr B EING A DIMENSIONAL,
Kdp IN ◦ /km, AND Ahh IN dB/km. RMSE AND FSE IN % A RE A LSO R EPORTED . T HE C LASSES LR, DS, WS, IC,
AND DR A RE N OT L ISTED AS T HEY E XHIBIT N EGLIGIBLE S PECIFIC ATTENUATION

is larger than 10−3 dB/km are considered so that light
rain (LR), drizzle rain (DR), ice crystals (IC), and snow
categories (DS and WS) are not included in Table II.
Values of γx for rain are consistent with those shown in
literature [27], [37], [38], whereas not only rain classes
(i.e., LD, MR, and HR) but also mixed-phase classes such
H, G/SH, WH, and WH/R exhibit Axx > 0.
2) The temperature range profile T (r) is assumed to be
known from local radiosounding or meteorological forecast (or, at least, the freezing-level height, the surface
temperature, and the average temperature gradient are
available), and the range rF L , corresponding to the freezing level along r, is detected (e.g., using the copolar
correlation coefficient scan, if available [12]).
3) The polarimetric measurements Zhhm (r), Zvvm (r), and
Φdpm (r0 , rF ) between the initial range r0 and the final
range rN are assumed to be available, after detecting the
precipitating-cloud edges at r0 and rF using a reflectivity
threshold. Indeed, rF can also be set to the maximum
radar range in order to preserve some attenuated, but still
detectable, signals.
4) The radar range, between r0 and rF , is thus divided in
N subintervals, depending on the identified hydrometeor
class. The nth subinterval contains a given number Nn
of radar bins, equal to the subinterval radial length Δrn
divided by radial radar resolution Δr. At each iteration
step, these N subintervals are defined by the spatial
extension of contiguous range bins characterized by an
identical hydrometeor class. The partition of hydrometeors into classes is obtained by applying the BRAHC-X
algorithm to the available polarimetric measurements.
Since, at each iteration, BRAHC will give different results, this means that the radial length Δrn and the number N of subintervals will change at each iteration step.
To initialize the iteration, at the first step only, N = 2
subintervals are detected using the freezing-level range
detection. As a first guess, hydrometeor classes of
medium rain (MR, i = 2) between r0 and rF L and of

dry snow (DS, i = 6) between rF L and rF are assumed.
One-way PIA from the closest to the farthest edge of
the precipitating cloud along a given pointing direction
is estimated from
rF
P IAxx (r0 , rN ) =

rF
Axx (r) dr =

r0

γx (r)Kdp (r) dr
r0

rF L

rF
(1)
(2)
=
γx2 Kdp (r) dr +
γx6 Kdp (r) dr
r0

rF L

(1)

γ
∼
= x2 ΔΦdpm (r0 , rF L )
2
(2)

+

γx6
ΔΦdpm (rF L , rF )
2

(10)

where the superscript (n) indicates the nth subinterval
where the parameter or the observable is referred to.
5) For each subinterval, the IFV path attenuation correction
is applied to derive the range profile of the specific
attenuation Axx and, using (6), the corrected copolarized
reflectivities Zxx (r). Note that (8) must be generalized to
ensure the continuity between the reconstructed Zxx at
the interface between two contiguous subintervals, so (8)
for the nth subinterval is replaced by
2


(n)
(n−1) 
Zxx r0 −Zxx rF


(n)
d2 γh , γv(n) =
(11)
2
σZx
x=h,v
(n)

where Zxx (r0 ) is the x-polarized reflectivity at the
(n−1)
)
initial range of the nth subinterval, while Zxx (rF
refers to the final range of the (n − 1)th contiguous
interval. The standard deviation σZx in (11) is a statistical
measure of the copolar reflectivity error at the subinterval
interface. For simplicity, we put σZh = σZv as a first
guess.
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At the first step, as already mentioned, N = 2 with MR
coefficients for n = 1 and DS coefficients for n = 2, used
in (6) and (9).
6) By using the reconstructed Zhh (r), Zvv (r), and T (r),
the BRAHC-X approach, given in (2), can be applied
to each subinterval to derive a new range distribution
of hydrometeor classes ci (r). This implies that, using
(9), we can construct a column vector of the regres(n) (n)
(n) (n)
(n)
sion parameters p = [axi , bxi , γxi , exi , fxi ]T , where
n = 1 : N , i refers to the hydrometeor class of the nth
subinterval, and the dimension of p is 5 × N .
7) For each range bin belonging to the nth subinterval,
the estimated Kdp (r) is recomputed from Ahh (r) using
the identified class ci and the corresponding regressive
relations, given in (9) and Table II. Thus, the total reconstructed differential phase shift ΔΦdp (r0 , rF ) can be
derived from the estimate of the specific attenuation for
each subinterval through
(n)

rF
ΔΦ̂dp (r0 , rF ; p) = 2

Kdp (r) dr =

Kdp (r) dr
(n)

r0

(n)
rF



N

selected). It is worth stressing that (10), at each iteration
after the first, must be generalized by
rF
P IAxx (r0 , rF ) = γx (r)Kdp (r) dr
r0
(n)

N −1

rF


=

γx (r)Kdp (r) dr
n=1

(n)
r0

N

=

1
(n)
(n) (n)
γ ΔΦdpm r0 , rF . (14)
2 n=1 xi

The IBRA algorithm is eventually repeated for both
copolar horizontal and vertical polarizations and for each
ray r(θ, ϕ) along all available elevation θ and azimuth ϕ
angles.
Note that information about the texture around the considered radar ray could also be included within the differential phase minimization functional in (13). In principle, any
constrained technique for PIA correction, either analytical or
numerical (e.g., discrete iterative or neural network based), can
be implemented within the iterative Bayesian scheme.

(n)

(n)

exi [Ahh (r)]fxi dr

2
n=1

2
n=1

r0

=

rF


N
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(12)

D. Hydrometeor Water Content Estimation

(n)

r0

(n)
exi

(n)
fx ,

and
given
where the regression coefficients
in (12), vary according to the ci class within each nth
subinterval.
8) If the differences between the total reconstructed differential phase shift ΔΦdp (r0 , rF ) and the measured one
ΔΦdpm (r0 , rF ) are assumed to be normally distributed
and uncorrelated with a uniform a priori probability,
using again the Bayes theorem, we can minimize the
following square distance metrics with respect to the
elements of the parameter vector p:

2


ΔΦdpm (r0 , rF ) − ΔΦ̂dp (r0 , rF ; p)
2
(13)
d (p) =
2 (r , r )
σΔΦ
0 F
where the standard deviation σΔΦ (r0 , rF ) in (13) is a
statistical measure of the differential phase error within
the total range. In general, σΔΦ (r0 , rF ) is set as constant,
but it can also be used to weigh, in a different way,
the subintervals dominated by liquid hydrometeor with
respect to those characterized by ice hydrometeor on the
basis that the differential phase error is expected to be
smaller for raindrops [16]. In (13), the parameter vector
p has been previously defined [see step 6)] and obviously
changes at each iteration step.
9) If the square distance d2 (p) is less than a specified
threshold square distance d2th , then the IBRA algorithm is
ended, and the corresponding parameter vector p chosen
has the most probable solution. Otherwise, steps 4)–8) are
iterated. In order to avoid algorithm loops, a maximum
number Mmax of iterations is envisaged (typical value of
Mmax is ten after the best iteration in terms of distance is

Once the hydrometeor class for each range bin is derived, the
water content can be estimated as shown by the flowchart of the
IBRA in Fig. 2. For sphere-equivalent particles, the equivalent
liquid water content, or simply the water content W , under
the hypothesis of a constant density ρ, can be defined by the
following relation:
∞
−3 π
ρ De3 N (De ) dDe
(15)
W = 10
6
0

where De is the sphere-equivalent diameter expressed in mm,
W is measured in g · m−3 if the density ρ is expressed in
g · cm−3 , and N (De ) is the PSD expressed in m−3 · mm−1 .
From (15), it emerges that W is a fundamental and useful
parameter to model hydrometeor PSD, as well documented in
literature for raindrops (e.g., [39] and [44]).
Since the water content W is defined as the third moment
of PSD, it can reasonably be related to the copolar reflectivity
Zhh by a power law. In order to generalize the latter for
dual-polarized radars, the inclusion of differential reflectivity
Zdr within the observable set may be theoretically inferred
considering the relationship with the median volume diameter, leading to a general power-law statistical relationship of
the form
bwi
cwi
· Zdr
.
W ∼
= awi · Zhh

(16)

The previous power-law regression can be again interpreted
as a Bayesian estimation in a Gaussian error framework when
assuming an a priori functional model between measurements
and predictands, such as in (16) [40]. Coefficients awi , bwi ,
and cwi in (16) for the dual-polarized form can be obtained by
means of multiple regression applied to numerically simulated
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TABLE III
R EGRESSION C OEFFICIENTS TO E STIMATE THE WATER C ONTENT W IN (16) AT X-BAND , W ITH W IN g · m−3 , Zhh IN mm6 · m−3 ,
AND Zdr B EING A DIMENSIONAL . RMSE IN g · m−3 AND FSE IN % A RE A LSO R EPORTED . N OTE T HAT O NLY C LASSES LD, LR, MR,
AND HR E XHIBIT A N ONNEGLIGIBLE M ODELED Zdr SO T HAT, FOR THE OTHER C LASSES , R ESULTS A RE N OT AVAILABLE (NA)

radar data at S- and X-bands, assuming no path attenuation
effects as discussed in [14].
Details on the power-law retrieval and on W estimate error
budgets at X-band are given in Table III for the considered
12 hydrometeor classes in terms of RMSE and FSE. For raindrop
and rain mixture classes, both single- and dual-polarization
estimators are proposed with a significant reduction of the FSE,
when using the differential reflectivity. It is worth noting that
the performances of dual-polarization estimators are those of
Table III only if no bias, due to differential attenuation for
instance, is present on Zdr corrected data; if the latter condition
is not verified, the RMSE is expected to be worse, and the
choice of single-polarization estimators is suggested.
III. C ASE S TUDY
The IHOP experiment lasted about two months, from May
to July 2002, and a number of storm cases of various intensity
and structure were observed [45]. During IHOP, two different
weather radars at S- and X-bands were deployed in western
Oklahoma [36]. Several closely matched dual-polarization plan
position indicator (PPI) observations were performed using the
National Observatory of Athens (NOA) mobile X-band dualpolarization radar (XPOL), together with the National Center
for Atmospheric Research (NCAR) S-band polarimetric radar
(SPOL) [39].
During storm developments, the mobile XPOL radar was
deployed a few meters from the SPOL one, and they were
operated with synchronized scanning strategies. In the following, we will assume that S-band measurements will represent a
reference target (“truth”) which X-band data will be compared
to. This means that we will neglect all geometrical errors due to
space–time superimposition of the SPOL and XPOL measured
fields. Moreover, in order to avoid differences due to the classification method, we have applied methodologies to S-band
data similar to those used for X-band, such as BRAHC in (2)
and power-law models in (16). A numerical sensitivity test is
finally carried out to evaluate the IBRA robustness to noise.
A. Retrieval Results
An intense convective event took place during the night between the 15th and 16th of June 2002 [36]. Surface temperature

was estimated to be around 20 ◦ C with an average vertical
gradient of 7 ◦ C/km. This means that the freezing level is
detected around a 3-km height.
A sample of coincident X- and S-band Zhh PPI maps at 1.2◦
and 6◦ elevation angles is shown in Fig. 3 on June 16, 2002, at
01:00 UTC. The PPI radius is 60 km. It is worth noting the
fairly high X-band copolar path attenuation occurring in the
north–east (NE) quadrant when comparing the S-band image
with the X-band one. This Zhh signal attenuation is more
pronounced at 1.2◦ elevation than at 6◦ elevation, as expected
due to the different altitudes of the radar range bins and the
relative occurrence of raindrops. At 1.2◦ , the range bin around
the FL is beyond 60 km, whereas at 6◦ , it is at about 30 km
so that, above that range, we expect the presence of lessabsorbing ice hydrometeors. PIA correction algorithms have
been applied to the XPOL radar data in order to correct for
the path attenuation previously observed. Fig. 3 also shows,
for the same acquisition, what can be obtained using the
IBRA attenuation correction technique. The IBRA restoration
of Zhh is appreciable within the aforementioned NE sector,
particularly at 1.2◦ elevation where the encountered rainfall is
more intense.
The IBRA correction algorithm can be applied to retrieve
differential reflectivity polar volume as well. Fig. 4 shows the
same as in Fig. 3, but for the Zdr PPI at S- and X-bands. Again,
the NE sector is the most affected by differential attenuation,
particularly at low elevation angles. Value of X-band Zdr may
be as negative as about −4 dB at far range. After the application
of IBRA PIA correction, the negative regions of X-band Zdr are
basically removed as expected when attributed to oblate falling
raindrops. It is interesting to note that, at higher elevation,
negative values of X-band Zdr are still present even though
not visible in the S-band corresponding areas: This might be
a residual error of the IBRA algorithm, but it might also be
a response of vertically oriented ice crystals which are not
necessarily detected at longer wavelengths.
Once the X-band polarimetric observables are reconstructed,
we can apply the BRAHC classification algorithms to obtain
the hydrometeor maps from both S- and X-band PPIs. This is
shown in Fig. 5 where the 12 hydrometeor classes are labeled in
different colors. Consistent with what was previously guessed
at 1.2◦ elevation, from the S-band results, the NE sector is
characterized by low-to-heavy rain with some embedded large
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Fig. 3. Horizontal copolar reflectivity PPI (Zhh ) at (left column) S-band and (center column) X-band, and (right column) X-band IBRA corrected at (first row)
1.2◦ and (second row) 6◦ elevation measured on June 16, 2002, at 01:00 UTC.

Fig. 4.

As in Fig. 3, but for differential reflectivity (Zdr ).

drop cells. This hydrometeor pattern is well reproduced by the
X-band classification with some differences behind the region
with the most intense rainfall where path attenuation is more

difficult to be restored. At 6◦ elevation, the ice crystal cap has a
well distinct signature with some embedded dry snow retrieved
by S-band algorithm only. The wet-snow transition between the
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Fig. 6.

As in Fig. 5, but for the hydrometeor equivalent water content.

Fig. 5. PPI of hydrometeor classification at (left column) S-band and (right
column) X-band corrected with IBRA algorithm at (top panel) 1.2◦ and (bottom
panel) 6◦ elevation measured on June 16, 2002, at 01:00 UTC.

rain portion and the ice-crystal region is detected with some
differences between S- and X-bands in the northern direction.
The inversion of radar data into water content estimates can
be performed using, for each detected hydrometeor class, the
power-law regression outlined in Section II-C. This is the last
step of the IBRA algorithm flow diagram, shown in Fig. 2.
Fig. 6 shows the estimated water content PPIs from SPOL and
XPOL IBRA-corrected data in Figs. 3 and 4. Note that the
water content may be in water, ice, or mixed phase according
to the detected hydrometeor class. The S-band water content
signature exhibits its peaks where rainfall is dominant. Small
regions around the mesoscale convective system show the water
content of large drops, detected in Fig. 5 at low elevation angle.
At X-band, we obtain results that are very similar to the S-band
one in the restored-signal regions at both elevations.
The analysis of some radial profiles, extracted from the
PPIs shown in Figs. 3–6, can provide some details about
the qualitative interpretation of the results. Fig. 7 shows the
range profiles of copolar reflectivity, differential reflectivity,
classified hydrometeors, and water content estimates, extracted
clockwise at 21◦ azimuth from the north direction. Copolar
and differential reflectivities at X-band are shown both before
and after the IBRA path attenuation correction. It is worthy
to note the restoration of the X-band polarimetric signal and
related products at ranges after 25 km where the effects of path
attenuation are more striking. Even though the overall corrected
profiles match well with those at S-band, at ranges between 20
and 25 km, the IBRA correction underestimates the profiles of

Fig. 7. (Upper panels) Copolar and differential reflectivities, (lower left panel)
hydrometeor classes, and (lower right panel) water content radial profile at
S- and X-bands without correction, and IBRA-corrected X-band at 1.2◦ elevation angle and 21◦ azimuth angle, using data acquired on June 16, 2002, at
01:00 UTC.

both Zhh and Zdr of about 5 and 1 dB/km, respectively. This
behavior is explained by looking at the classification results
where it appears that heavy rain is estimated at X-band as
opposed to medium rain at S-band.
B. Correlation Analysis
In order to better appreciate the effect of the IBRA technique,
the scatter plot in Fig. 8 shows the X-band measured Zhh versus
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Fig. 8. Copolar reflectivity Zhh against differential reflectivity Zdr at X-band at (a) 1.2◦ and (b) 6◦ elevation angles before and after the X-band IBRA
correction, using data acquired on June 16, 2002, at 01:00 UTC.

Fig. 9. Scatter plot of equivalent water content estimated at S- and X-bands at (a) 1.2◦ and (b) 6◦ elevation angles before and after the X-band IBRA correction,
using data acquired on June 16, 2002, at 01:00 UTC.
TABLE IV
AGREEMENT P ERCENTAGE (%) OF X-BAND AGAINST S-BAND
H YDROMETEOR C LASSIFICATION , U SING IHOP DATA AT VARIOUS
E LEVATION A NGLES FOR NC, FV, CA, AND IBRA A LGORITHMS

the X-band measured Zdr superimposed to the same diagram,
but referred to the IBRA-corrected radar observables at 1.2◦ and
6◦ elevation angles using the entire polar volumes. Negative
values of Zdr are still present after the IBRA correction even
though their percentage is decreased from 40% to 20%.
The impact of the IBRA is well represented in Fig. 9 by the
increase of correlation between the estimated S- and X-band

hydrometeor water contents at 1.2◦ and 6◦ elevation angles. In
order to make the comparison between S- and X-band water
content estimates more quantitative, Tables IV–VI show the
results of Fig. 9 in terms of percentage classification agreement,
RMSE, and correlation coefficient, respectively, for each elevation angle at 1.2◦ , 2◦ , 6◦ , 8◦ , and 10.5◦ . These tables compare
also the results obtained when using no-correction (NC), FV
(where coefficients of the MR class in (9) are used), CA, and
IBRA algorithms for X-band PIA restoration. As expected, at
lower elevation angles (< 2◦ ), the application of a PIA correction algorithm is more effective than at higher elevation angles
where the path attenuation due to ice hydrometeor becomes
negligible.
The IBRA shows an overall improvement in the error budget
with respect to the FV and CA algorithms, with the FV being
slightly better than the CA technique as already anticipated
in Section II-B. A self-consistent approach [28], [38] with
an iterative choice of the coefficient γ does not give results
much better than CA (or ZPHI) in our case. The performance
improvement of IBRA, with respect to the other approaches,
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TABLE V
A S IN TABLE IV, BUT FOR RMS E RROR ( IN g · m−3 )
OF THE WATER C ONTENT E STIMATES

TABLE VI
A S IN TABLE V, B UT FOR THE C ORRELATION P ERCENTAGE (%)
OF THE WATER C ONTENT E STIMATES

is, on average, about 2% for classification agreement, 5% for
water content RMSE, and more than 5% for water content
correlation. Within this error budget, we should consider that
S-band results are affected by their own estimation errors and
that SPOL–XPOL synchronization misalignments can play a
role that is difficult to be quantified [36]. On the other hand, it is
worth mentioning that, at 1.2◦ , the 95% of radar samples belong
to rain classes (i.e., LD, LR, MR, and HR); this percentages
decreases at 50% at 6◦ with an increase of the ice-crystal class
to about 40%. This means that the IBRA features considering
hydrometeor heterogeneity due to hail, wet hail, and mixed
particles are not fully exploited in this case study.
The problem of X-band measurements, which is the last thing
to note, is when the signal-to-noise ratio is below the datable
threshold; in the latter case, any restoration is not possible,
and the detection is missed. The polar volume on June 16
at 01:00 UTC does not show significant regions where this
happens. During the same and about 1 h before 23:55 UTC
of June 15, there was an example where the signal loss was
quite evident particularly if compared with S-band collocated
measurements. Fig. 10 shows S- and X-band Zhh PPIs at 0.5◦
elevation together with the X-band IBRA-corrected Zhh PPI
and the estimate of copolar attenuation derived from differential
phase X-band measurements. The NE sector of PPI X-band
image exhibits a complete absence of copolar return behind
the squall-line rain core. One-way X-band PIA estimates show
values up to 20 dB which cannot be recovered by the XPOL
radar operational margin.
C. Sensitivity Analysis
The assessment of the radar retrieval results is not an easy
task when the entire 3-D volume of hydrometeor distribution,
and not only its ground effect, is considered [11]–[16]. A pre-

Fig. 10. Horizontal copolar reflectivity measured at (a) S-band and
(b) X-band, and (c) IBRA-corrected at X-band and (d) path integrated horizontal attenuation at 0.5◦ elevation angle using data acquired on June 15, 2002,
at 23:55 UTC.

vious paragraph has illustrated a quantitative analysis between
X- and S-band retrievals. A numerical sensitivity analysis of the
IBRA algorithm to system bias and calibration uncertainty can
also be performed in order to understand the IBRA robustness
by using synthetic radar measurements.
The latter data can be generated in different ways: 1) Ad hoc
hydrometeor PSD radial profiles can be arbitrarily set up, but
this approach is prone to severe physical inconsistencies of
hydrometeor distribution; 2) hydrometeor PSDs can be estimated from S-band radar measurements, but this estimation,
even though quite accurate for raindrops [47], is fairly questionable and unreliable for other hydrometeor categories; and
3) S-band radar retrievals in terms of hydrometeor class and
water content retrievals can be used to compute, by statistical
regression, X-band polarimetric observables for each range bin
and integrated path attenuation effects, including system noise.
The latter approach is less accurate than using the complete
PSD; however, our aim is not to reproduce the measured radar
profiles but to generate spatial scenarios that are more realistic
than analytical radial profiles (such as Gaussian shapes [27]) to
perform the sensitivity tests.
In this paper, we have then adopted this approach, as a
guideline, by using S-POL data at 1.2◦ elevation angle within
the IHOP campaign. A total of about 300 radial profiles (up to
60-km range) in terms of hydrometeor class, water content W ,
X-band radar copolar reflectivity Zhh , differential reflectivity
Zdr , differential phase Kdp , and specific attenuation Axx
for each range bin have been collected. The latter have been
obtained by using power-law relations between W and radar
observables similar to (16), whereas reflectivity profiles Zxx
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TABLE VII
S ENSITIVITY A NALYSIS : AGREEMENT P ERCENTAGE (%) AS IN TABLE IV,
BUT FOR THE S YNTHETIC R ADAR P ROFILES AND E LEVATION A NGLE
OF 1.2◦ U SING A VARIABLE M EAN E RROR ON C OPOLAR AND
D IFFERENTIAL R EFLECTIVITIES

TABLE VIII
S ENSITIVITY A NALYSIS : RMS E RROR ( IN g · m−3 ) AS IN TABLE V, BUT
FOR THE S YNTHETIC R ADAR P ROFILES AND E LEVATION A NGLE OF
1.2◦ U SING A VARIABLE M EAN E RROR ON C OPOLAR AND
D IFFERENTIAL R EFLECTIVITIES

have been properly attenuated using two-way path attenuation.
A Gaussian additive noise (in dBZ) has been added to the
reflectivity profiles. Three different cases, equal to −1, 0, and
1 dBZ, have been chosen for the system calibration bias (mean
error) of Zhh , whereas the mean error of Zdr has been set to
zero. The noise standard deviation for Zhh has been fixed to
1 dBZ, whereas for Zdr , a set of values between 0.2 and 0.5 dB
has been used.
The results of the IBRA sensitivity analysis to system errors
are shown in Tables VII and VIII which are analogous to
Tables IV and V, respectively, where S-band results are substituted with synthetic “true” profiles. Table VII shows the results
of the hydrometeor classification agreement, as in Table IV, but
using synthetic radar profiles. Table VIII illustrates the results
in terms of RMSE for the estimation of the water content, as
in Table V. From these numerical tests, the IBRA algorithm
shows performances which are not significantly degraded by the
increasing system error. IBRA scores are much better than NC,
as expected, and comparable to FV and CA. It is worth noting
that IBRA exhibits an appreciable robustness particularly when
the noise standard deviation of the differential reflectivity is
larger than 0.2 dB.
IV. C ONCLUSION
A supervised hydrometeor classification technique, based on
the Bayesian theory, has been illustrated and coupled with path
attenuation correction and water content estimation techniques
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at X-band. The overall scheme, called IBRA, has been discussed in detail, providing the expected error budget of each
step. The IBRA methodology is quite flexible as it can, in principle, ingest different path attenuation correction algorithms
and hydrometeor classification techniques as well as a priori
meteorological information.
By using data from SPOL and XPOL weather radars, during
a case study observed within the IHOP campaign, a comparison
between the results obtained at the two frequency bands has
been discussed, showing some potentials and limitations of
the X-band precipitation retrieval. In order to keep the consistency within the algorithm intercomparison, at S-band, a
methodology similar to that used at X-band (except for the
path attenuation correction) has been developed. The use of the
IBRA approach increases the correlation between water content
estimates at X- and S-bands from about 70% to about 80% at
low elevation angles and from 55% to 60% at higher elevation
angles.
The critical issue when applying any PIA correction algorithm to X-band measurements is the availability of the signal
above the noise at a given range. Our results further confirm, as
expected, that, when PIA is large and the signal-to-noise ratio
is low, any restoration algorithm tends to fail. The way to tackle
this problem may be, on the one hand, to expand the receiver
dynamics and, on the other hand, to exploit a radar network
concept so that any attenuated region may be observed by
another radar, probably not affected by the overwhelming PIA.
A systematic validation test of the IBRA methodology on a
large set of case studies will be the goal of future work, possibly using colocated S-band measurements (as during IHOP)
together with available rain gauge and rain disdrometer data.
A PPENDIX
X-BAND BAYESIAN C LASSIFICATION
Estimates of the mean vectors and covariance matrices for
the set of 12 selected hydrometeor classes are reported to
practically apply the BRAHC classification algorithm at S- and
X-bands. In this case, we are supposing to have at disposal a
column vector of measurements x = [T, Zhh , Zdr ]T , with T
in ◦ C, Zhh in dBZ, and Zdr in dB. The subscript refers to the
considered hydrometeor class label.
For brevity, we omit the results obtained at S-band in order
to apply BRAHC-S (see Sections II and III). The mean vectors
(centroids) and covariance matrices of BRAHC at X-band
(BRAHC-X) in (1) and (2) for the 12 hydrometeor classes are
⎡
⎤
14.497
mLD = ⎣ 42.822 ⎦
4.008
⎡
⎤
131.9
0.857 −2.036
CLD = ⎣ 0.857 50.678 3.301 ⎦
−2.036 3.301
0.312
⎡
⎤
20.133
mLR = ⎣ 25.478 ⎦
0.531
⎡
⎤
134.54 −5.069 −0.076
CLR = ⎣ −5.069 77.844
2.672 ⎦
−0.076 2.672
0.140
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⎡
mHR =

CHR =

mH =

CH =

mG/SH =

CG/SH =

mDS =

CDS =

mW S =

CW S =

mIC =

CIC =

mDR =

CDR =

mW H =

CW H =

mW H/R =

CW H/R =

⎤
20.123
⎣ 55.888 ⎦
2.981
⎡
133.115 1.751
⎣ 1.751
32.145
−0.960 2.671
⎡
⎤
−0.078
⎣ 59.936 ⎦
−0.095
⎡
136.65 −0.097
⎣ −0.097 43.349
−0.070 0.113
⎡
⎤
−19.650
⎣ 42.935 ⎦
−0.004
⎡
299.83 −2.529
⎣ −2.529 40.731
−0.039 0.034
⎡
⎤
−25.830
⎣ 31.166 ⎦
0.237
⎡
219.0 −0.313
⎣ −0.313 68.112
−0.020 0.188
⎡
⎤
−0.052
⎣ 38.107 ⎦
1.114
⎡
2.097 −0.088
⎣ −0.088 12.591
0.007
0.559
⎡
⎤
−38.896
⎣ 18.738 ⎦
−0.338
⎡
361.76 −1.661
⎣ −1.661 66.315
−0.061 0.630
⎡
⎤
19.634
⎣ 4.202 ⎦
0.052
⎡
132.06 −0.472
⎣ −0.472 8.260
−0.003 0.057
⎡
⎤
7.664
⎣ 59.67 ⎦
1.106
⎡
52.649 0.552
⎣ 0.552 38.044
0.064 −0.698
⎡
⎤
12.665
⎣ 63.904 ⎦
2.085
⎡
103.02 2.466
⎣ 2.466 22.223
−0.396 −0.17
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⎤
−0.960
2.671 ⎦
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⎤
−0.070
0.113 ⎦
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⎤
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0.034 ⎦
0.0317

⎤
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[5] D. S. Zrnić and A. V. Ryzhkov, “Advantages of rain measurements using
specific differential phase,” J. Atmos. Ocean. Technol., vol. 13, no. 2,
pp. 454–464, Apr. 1996.
[6] V. N. Bringi, T. Tang, and V. Chandrasekar, “Evaluation of a new polarimetrically based Z–R relation,” J. Atmos. Ocean. Technol., vol. 21, no. 4,
pp. 612–623, Apr. 2004.
[7] A. V. Ryzhkov, S. E. Giangrande, and T. J. Schuur, “Rainfall estimation
with a polarimetric prototype of WSR-88D,” J. Appl. Meteorol., vol. 44,
no. 4, pp. 502–515, Apr. 2005.
[8] F. S. Marzano, D. Scaranari, and G. Vulpiani, “Supervised fuzzylogic classification of hydrometeors using C-band dual-polarized radars,”
IEEE Trans. Geosci. Remote Sens., vol. 45, no. 11, pp. 3784–3799,
Nov. 2007.
[9] M. P. M. Hall, J. W. F. Goddard, and S. M. Cherry, “Identification of
hydrometeors and other targets by dual-polarization radar,” Radio Sci.,
vol. 19, no. 1, pp. 132–140, 1984.
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