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Abstract—In this paper, a Bayesian statistical approach for
supervised classification and estimation of hydrometeors, using
a C-band polarimetric radar, is presented and discussed. The
Bayesian Radar Algorithm for Hydrometeor Classification at
C-band (BRAHCC) is supervised by a backscattering microphysi-
cal model, aimed at representing ten different hydrometeor classes
in water, ice, and mixed phase. The expected error budget is
evaluated by means of contingency tables on the basis of C-band
radar noisy and attenuated synthetic data. Its accuracy is better
than that obtained from a previously developed fuzzy logic C-band
classification algorithm. As a second step of the overall retrieval
algorithm, a multivariate regression is adopted to derive water
content statistical estimators, exploiting simulated polarimetric
radar data for each hydrometeor class. The BRAHCC method-
ology is then applied to a convective hail event, observed by two
C-band dual-polarized radars in a network configuration. The
hydrometeor classification along the line of sight, connecting the
two C-band radars, is performed using the BRAHCC applied to
path-attenuation-corrected data. Qualitative results are consistent
with those derived from the fuzzy logic algorithm. Hydrometeor
water content temporal evolution is tracked along the radar line
of sight. Hail vertical occurrence is derived and compared with an
empirical hail detection index applied along the radar connection
line during the whole event.

Index Terms—Bayesian inversion, hydrometeor classification
and estimation, polarimetry, radar meteorology, rain clouds.

I. INTRODUCTION

DUAL-POLARIZED weather radar systems can offer the
capability to detect and identify different classes of hy-

drometeors within stratiform and convective storms [1]–[3],
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exploiting the sensitivity of polarimetric radar measurements to
the microphysical properties of hydrometeors like composition,
size, shape, and orientation [4]–[7]. Applications of hydrom-
eteor classification may be various: detection of hailstorms,
study of precipitating cloud microphysics, optimization of al-
gorithms for precipitation rate retrieval, flight assistance, severe
weather surveillance, and nowcasting.

Most hydrometeor classification techniques, either tuned for
S- [6]–[9] or C-band data [10]–[13], have been so far developed
on the basis of a fuzzy logic approach. Generally speaking,
they show a high degree of flexibility and can be empirically
adapted to experimental evidences by properly defining a class
membership function (MBF) and an inference rule. Most clas-
sification algorithms share the idea that a polarimetric radar
scattering simulator can provide a physically representative
training data set for several classes of hydrometeors [6]–[9]. In
this way, model-supervised fuzzy logic schemes have been so
far designed for both S- and C-band data (e.g., [14]–[19]).

Indeed, the classification problem can also be approached
by adopting different theoretical frameworks. The statistical
decision theory, in the general form of the Bayesian formula-
tion, may be an appealing detection and identification technique
(e.g., [20]). With respect to a fuzzy logic approach, where the
crucial step is the class MBF design, for a Bayesian approach,
the critical issue is the modeling of the a posteriori class prob-
ability density function (pdf) (e.g., [21]). The latter is usually
described by means of analytical functions, such as normal or
log-normal pdfs, but any numerical histogram description can
also be used. The Bayesian approach may have at least two
advantages: 1) it can deal with a fully multidimensional domain
of the observables, thus, including the relative variances and
cross correlations when dealing with a second-order statistics
and 2) a rigorous insertion of the a priori information within the
detection procedure in terms of hydrometeor class occurrence,
possibly related to environmental conditions and empirical
knowledge.

Classification procedures aim to provide a class code which
is not easy to compare with in situ data or other sources. A more
natural product of an overall hydrometeor retrieval algorithm
may be the estimation of the associated hydrometeor water con-
tent (e.g., [20]). In a way, within the signal theory framework,
we are stating that, after the detection of the signal (hydrome-
teor class), it would be desirable to estimate some physical pa-
rameters (e.g., hydrometeor water content) [21]. The estimation
of the hydrometeor water content is also very appealing since it
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may allow direct comparison of radar products with numerical
mesoscale cloud-model outputs, and to some extent, it may sim-
plify the radar data assimilation within weather-forecast models
[22]. Water content estimators are available in the literature,
particularly at S-band, but no systematic analyses have been
carried out exploiting polarimetric signatures at C-band [22].

In this paper, a new hydrometeor classification and estima-
tion approach at C-band is proposed using a statistical Bayesian
approach. The Bayesian Radar Algorithm for Hydrometeor
Classification at C-band (BRAHCC) is supervised by a hy-
drometeor scattering model (briefly illustrated in Section II
together with the estimation models of hydrometeor water
contents). The Bayesian technique is described in Section III,
where its classification accuracy is tested on synthetic radar
data and compared with a fuzzy logic algorithm. Finally, in
Section IV, the BRAHCC methodology is applied to a convec-
tive hail event observed by two C-band dual-polarized radars
in network configuration. The results, along the connection line
between the two radars, are analyzed, focusing on hydrometeor
classification, water content retrieval, and hail detection.

II. HYDROMETEOR RADAR MODELING

AND WATER CONTENTS

A hydrometeor ensemble backscattering model, based on the
T-Matrix method, can be used in order to obtain hydrometeor
polarimetric signatures and their relation with hydrometeor
properties [23], [24]. The numerical model adopted here is
microphysically based, as it uses a detailed description of
hydrometeor shape, orientation, composition, and size distri-
bution [25]. The polarimetric signature information, extracted
from this numerical model, will be used to train the water
content estimators and to supervise the classification scheme,
as described in Sections II-B and III, respectively.

A. Polarimetric Observables and Microphysical Models

If De is the sphere-equivalent diameter and N(De) repre-
sents the particle size distribution (PSD) for a specific hydro-
meteor, the copolar reflectivity factors Zhh,vv are defined as

Zhh,vv =
λ4

π5|K|2

∞∫
0

σhh,vv(De)N(De)dDe

=
λ4〈σhh,vv〉

π5|K|2 (1)

where K is the dielectric complex factor [23]. In (1), σhh,vv

is the copolar backscattering cross section at the horizontal
and vertical polarizations, whereas the angle brackets stand for
ensemble averaging over N(De). The differential reflectivity
Zdr and specific differential phase Kdp are given by

Zdr =10 log10

(
Zhh

Zvv

)
= 10 log10

(
〈σhh〉
〈σvv〉

)
(2)

Kdp =10−3 180
π

λRe




∞∫
0

N(De)[fhh(r,De)−fvv(r,De)]dDe




(3)

where fhh,vv is the forward-scattering amplitude at the horizon-
tal and vertical polarizations. Note that, in (2) and (3), Zdr is ex-
pressed in decibels and Kdp in degrees per kilometer, whereas
De and λ are expressed in millimeters so that Zhh,vv are in
megamillimeters per cubic meter. We limit our attention to these
observables; the analysis of copolar correlation coefficient ρhv

and linear-depolarization ratio Ldr are beyond our scopes.
For homogeneously distributed sphere-equivalent particles,

the equivalent liquid water content, or simply water content
(W ), is defined as

W = 10−3 π

6
ρ

∞∫
0

D3
eN(De)dDe (4)

where W is measured in grams per cubic meter, if the density
ρ is expressed in grams per cubic centimeter. Both radar ob-
servables in (1)–(3) and the water content in (4) need N(De) to
be numerically simulated. A common choice for hydrometeor
N(De) is the normalized Gamma PSD, having the following
general form [23]:

N(De) = Nwf(µ)
(

De

D0

)µ

e−(3.67+µ) De
D0 (5)

where f(µ) is a function of the shape parameter µ only, D0 (in
millimeters) is the median-volume drop diameter, and Nw (in
per millimeter per cubic meter) is the intercept parameter. For
µ = 0, (5) reduces to a typical inverse exponential PSD.

In order to perform a direct performance comparison
with a previously developed Fuzzy logic Radar Algorithm
for Hydrometeor Classification at C-band (FRAHCC), the
same microphysical and dielectrical models, as described in
[19] and [26], have been adopted here. The ten identified
hydrometeor classes will be specified by an index ci, with i
ranging from zero to nine, as follows: large drops (LD, i = 0),
light rain (LR, i = 1), medium rain (MR, i = 2), heavy rain
(HR, i = 3), hail/rain mixture (H/R, i = 4), hail (H, i = 5),
graupel/small hail (G/SH, i = 6), dry snow (DS, i = 7), wet
snow (WS, i = 8), and ice crystals (IC, i = 9). The driving
input parameters of the radar simulator are as follows: diameter
range, random variation range of PSD parameters (Nw, D0,
and µ), model of relative dielectric constant, temperature
range, axis-ratio model of ellipsoidal particle, and Gaussian
pdf parameters of particle orientation [26].

B. Estimation of Hydrometeor Water Content

Since W is defined as the third-order moment of the PSD, it
can be reasonably related to the copolar radar reflectivity factor
Zhh by a power-law relation, as for the rainfall rate R

W ∼= aZb
hh. (6)

In order to justify a power-law estimation relation, we may
deal with the Rayleigh scattering approximation, which is
mainly valid at S-band [23]. If (5) holds, the liquid water
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Fig. 1. Simulated copolar reflectivity Zhh at C-band versus water content W for HR and G/SH class in logarithmic plane.

TABLE I
REGRESSION COEFFICIENTS TO ESTIMATE W BY (6) AND (8), WITH W IN GRAMS PER CUBIC METER, Zhh IN MEGAMILLIMETERS PER CUBIC METER,

AND Zdr A DIMENSIONAL. RMSE IN GRAMS PER CUBIC METER AND FSE IN PERCENT ARE ALSO REPORTED

content W is directly related to the DSD parameters D0 and
Nw [23] by the following relation:

W =
π · ρ

103 · (3.67)4 · D4
0 · Nw. (7)

As shown in [36] and [37], for S-band radar data, either D0

and Nw can be estimated by Zhh and Zdr measurements by
means of empirical relations. The polarimetric power-law rela-
tionship with the inclusion of differential reflectivity Zdr within
the observable set may theoretically be justified, since Zdr is
strongly related to the median-volume diameter D0 through
the particle axis-ratio. It is then straightforward to pursue a
polarimetric power-law relationship between Zhh, Zdr, and W
of the form

W ∼= a′Zb′

hhZc′

dr (8)

where a′, b′, and c′ are the proper regression coefficients. On
the basis of previous considerations, the statistical power-law
models, as expressed by (6) and (8), can be supposed valid at
C-band, as well as for all ten selected hydrometeor classes. An
example of the relation between simulated Zhh and W for the
HR and G/SH class is shown in Fig. 1 in a logarithmic plane.
In this plane, the linear relation between Zhh and W is a fairly
good choice, showing a correlation higher than 0.9.

In order to reproduce the radar measurement process, a zero-
mean Gaussian noise with standard deviation of 1 dBZ and
0.3 dB has been added to simulated Zhh and Zdr, respectively
[25]. Sensitivity tests have been carried out for all hydrom-
eteor classes using distinct data sets for training and testing.
The analysis of relative performances has led to establish the
optimal power-law relationship (e.g., see Fig. 1) to estimate
W by means of a multiple-regression method, a special case
of a Bayesian approach when a linearized model between
parameters and measurement functions is assumed [27]. The
obtained coefficients a and b for (6) and a′, b′, and c′ for
(8) are listed in Table I together with relative error budgets.
The latter is expressed by means of the root mean square
error (RMSE) and fractional standard error (FSE), defined as
FSE = 100 · RMSE/〈W 〉, where 〈W 〉 is the ensemble aver-
age of W . The impact of Zdr measurements is relevant only
for water hydrometeor classes, whereas for ice hydrometeors
(which have been supposed to be nearly spherical [26]), it
does not give any particular improvement. For this reason, the
model in (8) has been limited to water hydrometeor classes in
Table I.

The power-law model might also be extended to Kdp, whose
estimate from radar measurements is not a trivial task (e.g.,
[23]). Moreover, for several classes such as LD, LR, H/R, H,
DS, WS, and IC, the dynamic range of Kdp is below 2◦/km.
From our numerical tests, the improvement due to the use of
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Kdp is expected particularly for MR, HR, and H/R hydrometeor
classes, where FSE may even be lower than 15%.

III. BAYESIAN CLASSIFICATION OF HYDROMETEORS

The Bayesian theory is quite a general inference method-
ology [28]. The statistical decision theory can be formulated
resorting to the Bayes theory, introducing the concept of a risk
defined as the expected value of the error cost function [21].
If the latter is assumed to be either a quadratic function or a
uniform function, then the minimum mean square or maximum
a posteriori probability (MAP) inference solutions, respec-
tively, can be formulated. In this paper, the MAP inference rule,
which is also called maximum-likelihood recognition in digital
remote sensing [29], [30], is selected. The MAP algorithm
is a computationally efficient and effective approach to the
Bayesian classification in a supervised context, as in our case
[20]. Theoretical, implementation, and verification issues are
briefly described in the following.

A. Theory and Implementation

A radar resolution volume can be characterized by a column
vector x of size N0, which includes both radar and possible
meteorological observables, such as Zhh, Zdr, Kdp, and local
temperature T . Within the Bayesian theory, assigning correct
hydrometeor classes to radar bins implies the knowledge of
a posteriori (or posterior) conditional pdfs p(ci|x), where
ci is the unknown hydrometeor class with i = 0, . . . , 9. The
MAP decision rule is quite intuitive, as the hydrometeor class
is provided by the index ci that maximizes the conditional
posterior pdfs

x ∈ ci ⇔ p (ci|x) > p (cj |x) ∀j = i. (9)

The problem is that conditional posterior probabilities are
usually unknown; but from the Bayes theorem, we have

p (ci|x) =
p (ci)p(x|ci)

p(x)
(10)

where p(x|ci) is the conditional likelihood pdf, and p(ci) is the
a priori (prior) pdf of hydrometeor class ci. Using (9), (10) can
be rewritten as follows:

x ∈ ci ⇔ p (x|ci) p(ci) > p (x|cj) p(cj) ∀j = i (11)

where it is worth noting that p(x) in (10) is constant with
respect to ci. In (11), both the likelihood and prior pdf must
be expressed in order to evaluate the inference rule. This is
one of the most critical issues of a Bayesian approach [28].
In a way, it resembles the choice of an MBF within fuzzy
logic techniques, where a mix of prior knowledge and nu-
merical results are combined to choose a proper (analytical)
expression.

From a practical point of view, the likelihood pdf is usually
assumed to be a multidimensional Gaussian pdf, as it largely

Fig. 2. Gaussian bivariate pdfs on the (Zhh, Zdr) plane, as derived from
synthetic radar data simulations. Labels refer to hydrometeor classes (see text
for details).

simplifies the mathematical treatment of the Bayesian problem
[29], [30]. This corresponds to assume that the polarimetric
signatures of hydrometeor classes are hyperellipsoids in the
multidimensional observation space. Indeed, the choice of a
Gaussian likelihood pdf may also have a theoretical foundation
under the conditions of steepness, smoothness, and concen-
tration of p(ci|x) [28]. In other words, using an asymptotic
analysis for a large sample, it can be shown that the Gaussian
assumption holds if the following are attained: 1) inside a small
neighborhood of the mean, the pdf is highly peaked and be-
haves like a “bell” function; and 2) the probability outside any
neighborhood of the mean becomes negligible. The posterior
and likelihood pdfs might be quantitatively analyzed by simply
approximating the numerical histogram derived from the radar
simulator, as described in Section II. However, the driving
parameters are supposed to be uniformly varying without any
specific knowledge of their experimental statistics [25]. This
means that, at this stage, any pdf choice is quite arbitrary as it
is, on the other hand, the choice of an MBF within the fuzzy
logic theory.

Previous considerations suggest, to a first approximation,
to assume that likelihood pdfs p(x|ci) can be expressed in a
multivariate Gaussian form

p(x|ci)=
1√

(2π)N0
√
det(Ci)

e−[
1
2 (x−mi)

TC−1
i

(x−mi)] (12)

where mi is a column vector (N0 × 1) containing mean
values of the observables evaluated for the ith hydrome-
teor class, Ci is its autocovariance matrix (N0 × N0), and
“T ” and “−1” stand for matrix transpose and inverse, respec-
tively. Mean vector and covariance matrix completely describe
the multidimensional Gaussian pdf in (12), and they can be
estimated by exploiting radar backscattering simulations. If
we limit our attention to two radar observables (N0 = 2),
i.e., Zhh and Zdr, it is possible to create a tridimensional
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TABLE II
TEMPERATURE RANGES AND CORRESPONDING SUPPRESSED HYDROMETEOR CLASSES. SUPPRESSION

IS CARRIED OUT BY PREDEFINED SETS OF A PRIORI PROBABILITIES

view of the ten pdfs, as shown in Fig. 2. If projected
onto the Zhh–Zdr plane, Gaussian bivariate pdfs appear as
a series of elliptical contours, concentric, and equiprobable
[29]. Estimated mean vectors and covariance matrices are
listed in the Appendix for both cases of three and four
observables.

The a priori pdf p(ci) in (11) may be used to incorporate,
in a rigorous framework, any a priori knowledge about the
hydrometeor classes. Through this prior pdf, we can impose,
for example, the existence of a class that is conditioned to radar
measurements and environmental conditions. Due to lack of
further information, we have simply exploited the temperature
to suppress some hydrometeor classes that, we believe, cannot
exist outside a given temperature range, following what was
suggested in [8] and [26]. This means that the prior pdf can
be approximated as

p(ci) ∼= p(ci|T ∈ ∆T ) = Pi(∆T ) (13)

where ∆T is the temperature range, and Pi is the discrete
probability of the ith class, depending on ∆T . Note that
ΣiPi(∆T ) = 1 holds. Temperature ranges of each hydrometeor
class and their probabilities are shown in Table II. For a given
∆T , the probability of existing classes is uniformly redis-
tributed as the first approximation holds. Temperature can be
derived from local atmospheric radiosoundings, meteorological
forecasts, or climatological models.

Taking the natural logarithm of p(ci|x) under the assump-
tions of (12) and (13) and inverting the sign, (9) becomes
equivalent to minimizing a quadratic distance function d(x, ci),
which is also called metrics or discriminant function, with
respect to ci

d(x, ci) =
{
(x − mi)TC−1

i (x − mi)

+ ln [det(Ci)]− 2 ln [p(ci)]} . (14)

Thus, the MAP decision rule can finally be rewritten as

x ∈ ci ⇔
{

d(x, ci) < d(x, cj) ∀j = i
d(x, ci) < dth,

(15)

where dth is a threshold. Since it is always possible to find a
minimum for the distance function d, which is given by (14), a
constraint has to be imposed to obtain physically meaningful
results. This condition, which can be either applied to pdf
or to distance functions, is often called decision thresholding
in maximum-likelihood classification [29]. In our case, if the
minimum distance d(x, ci) is larger than a decision threshold
dth, the corresponding radar bin is labeled as “not classified”
(NC). The decision threshold is usually determined in an
empirical way.

B. Test on Synthetic Data and Comparison With Fuzzy Logic

In order to evaluate the expected hydrometeor classification
accuracy, we have generated a training and test data set con-
sisting of 2000 independent simulations of Zhh, Zdr, Kdp, and
T for each hydrometeor class [26]. After some numerical tests,
the decision threshold dth to apply (17) has been set equal to
40 for the three observable configuration (i.e., Zhh, Zdr, and T )
and 60 if Kdp is also considered.

As in [26], contingency tables have been then used to eval-
uate the classification accuracy on synthetic radar data [29]. It
may be useful to recall some indexes: the producer accuracy
(PA) along each column, the user accuracy (UA) along each
row and its average UAav, and the overall accuracy (OA)
which stands for the percentage ratio between the correctly
classified samples over the total ones. The percentage of the
NC samples and its average (NCav) over the ten hydrometeor
classes are effective indicators of robustness to noise. Clas-
sification results, using only Zhh, Zdr, and T , are presented
in Table III. G/SH and DS classes show the smallest UA
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TABLE III
CONTINGENCY TABLE OBTAINED USING C-BAND BAYESIAN CLASSIFICATION ALGORITHM (BRAHCC)

APPLIED TO C-BAND Zhh AND Zdr SIMULATED NOISY DATA TOGETHER WITH TEMPERATURE T

TABLE IV
SAME AS IN TABLE II BUT APPLIED TO C-BAND Zhh, Zdr, AND Kdp SIMULATED NOISY DATA

due to their reciprocal confusion. H/R, as expected, partially
overlaps with H, whereas MR is slightly superimposed to
LR and HR. Classification results, when Kdp is also con-
sidered as input, are shown in Table IV. Both OA and UA
slightly increase due to the improvements of the PA and the
UA for liquid and mixed-phase hydrometeor classification at
the expense of DS and WS. Global accuracies in terms of
OA, UAav, and NCav are synthetically shown in Table V
in order to perform a systematic comparison with a C-band
fuzzy logic technique, which was previously developed and
named FRAHCC [19], [26]. The clear improvement for OA
and NCav when using BRAHCC is remarkable, particularly

TABLE V
SUMMARY OF GLOBAL CLASSIFICATION PERFORMANCES,

IN TERMS OF OA, UAav, AND NCav, PROVIDED

BY FRAHCC AND BRAHCC FOR THREE

AND FOUR OBSERVABLES

in the case of three observables. The average number NCav

of the NC samples of BRAHCC is much less than that
shown by FRAHCC. It is worth noting that, after a numerical
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TABLE VI
BRAHCC CLASSIFICATION PERFORMANCES AS IN TABLE VI, WHEN PROGRESSIVE NEGATIVE BIASES, DUE TO HYPOTHETICAL RAIN AND

GRAUPEL SLABS, ARE APPLIED FOR THE CASE OF THREE AND FOUR OBSERVABLES

Fig. 3. PPIs of (left panel) copolar horizontal reflectivity Zhh and (right panel) of differential reflectivity Zdr, measured at 16:34 GMT by the Gattatico radar.
The black line indicates the line of sight between the two radar sites, depicted as black circles.

optimization, the current implementation of BRAHCC both
with three or four observables, detects DS by means of Zhh

and T only, while LR is classified by Zhh, Zdr, and T (see the
Appendix).

Following the same procedure outlined in [26], we have
schematically tested the impact of path integrated attenuation
(PIA) on BRAHCC classification performances. The basic idea
is to suppose each random simulation as hypothetically mea-
sured after path attenuation due to either a rain or graupel slab.
The noisy simulated values of Zhh and Zdr (derived from Zhh

for self-consistency) have been varied by an increasing negative
bias, due to PIA, between −0.5 and −5 dB. Overall results, in
terms of UA, OA, and NCav, are reported in Table VI. In the
presence of PIA, as expected, global accuracies are obviously
worse. In case of two radar observables, OA can be less than
50% if rain PIA is higher than 3.5 dB. The impact of graupel
integrated attenuation is less pronounced than that due to a rain
slab. If compared with the corresponding table of FRAHCC-
classification results [26], the NCav bins given by BRAHCC are
always lower with respect to FRAHCC. If four observables are
used, NCav is never greater than 4%, while FRAHCC provides
NCav values up to 15% or over.

IV. APPLICATION TO A CASE STUDY

In this section, we will briefly describe the application of
the overall retrieval BRAHCC procedure to a selected rain
event. Two retrieval steps are in cascade: 1) first, for each
radar bin, a hydrometeor classification is performed using (14)
and (15); and 2) second, for the discriminated class, the water
content is estimated through (8) and (10). If operating at
C-band, path attenuation may play a significant impact and
should be corrected for.

Available radar data refer to a convective episode that oc-
curred in the region between two dual-polarized C-band sys-
tems, both located in the Po valley and about 90 km far apart:
the S. Pietro Capofiume (SPC) and the Gattatico (GAT) radars,
placed at an altitude of 11 and 34 m above the sea level,
respectively. These radars can, unfortunately, only provide
measurements of copolar and differential reflectivities. Fig. 3
shows the plan position indicator (PPI) maps of Zhh and Zdr,
respectively, measured at 16:34 GMT from the GAT radar at the
lowest elevation angle of 0.5◦ (for more details about the radar
system network and the hailstorm event description, in terms of
vertical sections, refer to [13], [18], [19], and [26]).
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Fig. 4. (Top panel) BRAHCC algorithm with constrained inversion path
attenuation correction. (Bottom panel) FRAHCC algorithm with constrained
inversion path attenuation correction.

A. Hydrometeor Classification and Water Content Estimate

The two C-band radar systems, considered here, were unfor-
tunately unable to measure the range profile of the differential
phase shift Φdp. The latter is essential not only to extract Kdp

but also to provide an estimate of the total path attenuation
needed to estimate the specific attenuation along the storm
core (e.g., [25] and [31]). In order to correct for PIA, we
can exploit the network radar observation of this hailstorm
by using either a radar maximum-reflectivity composite or a
constrained-inversion algorithm, as illustrated in [26]. Once
the range profiles of Zhh and Zdr have been corrected, any
hydrometeor classification algorithm at C-band can be applied,
using the temperature data from a close radiosounding station at
12:00 GMT.

Fig. 4 illustrates the results obtained using both BRAHCC
and FRAHCC applied to the attenuation-corrected profile along
the same radar line GAT–SPC. This comparison may also
represent a qualitative check of the consistency between the
two approaches. At the radar’s lowest elevation angle, we
are observing the convective core of the storm. This feature
emerges from the predominance of HR with some LD on the

Fig. 5. (Bottom panel) Water content estimate, applied to the data in Fig. 4,
using the BRAHCC algorithm, together with constrained inversion path
attenuation correction. (Top panel) Corrected horizontal reflectivity and differ-
ential reflectivity are shown for comparison.

storm left edge and H/R embedded within the storm core. The
MR and LR classes characterize the right edge of the storm.
The performances of BRAHCC and FRAHCC in terms of
hydrometeor class detection are fairly comparable, as expected
from the numerical analyses reported in Section III. FRAHCC
technique tends to identify more LD than BRAHCC, whereas
the H/R core and HR band are detected at the same range.

Fig. 5 shows the range profile of the water content estimate
derived from (8), in case of rain and H/R, and from (6), in
case of G/SH. The range profiles of the corrected Zhh and Zdr

are also shown for comparison. As physically reasonable, the
water content within the storm core around 30 km is larger and
highly variable. Deep decreasing of W is noted before 32-km
range associated to a decrease of Zdr and to the presence of
H/R. As clearly shown in Fig. 1, for a given reflectivity, the
estimated water content is strongly dependent on the classified
hydrometer class. Using the previous results, the time evolution
of the water content estimates from about 15:30 to 21:50 GMT
is worth analyzing. This picture, as shown in Fig. 6, can give an
appealing overview of the potential of combining classification
and estimation, using radar measurements. This range–time
diagram clearly shows the movement toward east of the storm
with a deintensification after 19:00 GMT.
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Fig. 6. Range–time diagram of the water content estimates after BRAHCC classification during the event along the radar connection line, corrected with
constrained inversion technique, from 15:34 to 21:49 GMT. GAT radar is located on the west side at range r = 0.

Fig. 7. Same as in Fig. 6 but for the VOH index, as defined by (16).

B. Hail Detection Analysis

The evolution of hail can be appreciated by exploiting the
hydrometeor classification results [32]. After performing a
Cartesian projection of the vertical section originally expressed
in polar coordinates, each vertical profile is analyzed, and the
occurrence Nci

(r, t) of each class ci is counted for each discrete
range r and time t. In case of hail (H and H/R), this number is
named as NH(r, t). The vertical occurrence of hail (VOH) index
is then defined as

VOH(r, t) =
NH(r, t)

Max [NH(r, t)]
(16)

where Max is the maximum searched within all available dis-
tances and time steps. This normalization is, indeed, arbitrary
as it might be referred to a single event in a given area but,
in general, taken from a proper database-library collecting rain
events of different typology, season, and cyclogenesis. In this

example, for simplicity, we have considered the maximum
within the considered event so that VOH is normalized to one.
The range–time diagram of VOH is shown in Fig. 7. The storm
hail core is clearly detected, and its movement follows the
displacement of the total water content near the ground, as
plotted in Fig. 6.

The previous figure can be conveniently compared with an
empirical index, which is the probability of hail (POH). The
POH is estimated from the radar reflectivity data following the
method of Waldvogel et al. [33]. It is based on the difference
∆H (in kilometers) between the height of the freezing level
and the maximum height at which a reflectivity of 45 dBZ
is observed (i.e., echotop 45 dBZ). The POH is calculated as
follows [34]:

POH(r, t) = 0.319 + 0.133 ·∆H(r, t). (17)

This expression has been obtained from a verification study
carried out in the summer of 2000 in The Netherlands [34].
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Fig. 8. Same as in Fig. 7 but for the POH index, as defined by (17) [33].

Fig. 9. Scatter plot of POH index versus the VOH and the SOH, defined as VOH when hail is detected at the lowest radar bin and zero, otherwise (see text for
details).

The method combines an indicator for the presence of a sub-
stantial updraft (i.e., the height of the strong reflectivity core at
45 dBZ) with that for a large amount of supercooled water
and/or ice (i.e., the reflectivity core above the freezing level).
The probability of the presence of hail increases as the height
of the reflectivity core increases. The POH method is also
currently being used in the NEXRAD hail detection algorithm
[35]. Fig. 8 shows the range–time diagram of POH, as shown in
Fig. 6. The consistency between the POH and the VOH evolu-
tion is worth noticing. The difference between the intensities of
the two indexes, particularly for time after 19:00 GMT, may
be due not only to the climatic normalization and different
empirical tuning but also to the intrinsic differences between
the two indexes. Occurrences of hail in the vertical column are
not necessarily related to the POH at the surface.

Using a correlation diagram for the whole event as in Fig. 9,
we can note that a large POH may be associated to any value of
VOH, whereas a small POH is related to a small VOH. This
behavior may be explained since a large hail at the surface,

as estimated by the POH, may be associated to small or large
values of VOH. To prove this conjecture, from BRAHCC
hydrometeor maps, we have evaluated the surface occurrence of
hail (SOH), defined as the value of VOH when hail is detected
at the lowest radar bin, and zero for all other occurrences

SOH(r, t) = Surf(r, t)VOH(r, t) (18)

where Surf(r, t) is a binary mask equal to one if hail is detected
at the lowest radar bin and to zero, otherwise. As expected, the
correlation between POH and SOH is much higher than that
between POH and VOH, as the definitions of these two indexes
POH and SOH are more homogeneous with respect to the hail
detection.

V. CONCLUSION

A hydrometeor classification method, which is based on the
Bayesian statistical approach and supervised by a backscatter-
ing microphysical model, has been introduced and discussed
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for C-band polarimetric radar data applications. The method,
named BRAHCC, is trained by synthetic data derived from
fully polarimetric simulations for ten different hydrometeor
classes. The expected error budget has been evaluated by means
of contingency tables on the basis of C-band radar synthetic
data. Sensitivity of BRAHCC to path-attenuation bias has been
evaluated. After the classification step, a statistical multivariate
regressive algorithm has been proposed to estimate the water
content from C-band polarimetric radar data for each hydrom-
eteor class. The radar estimation of water contents is appealing
not only per se but also because it would provide a product that
is easily comparable with mesoscale cloud-resolving models.
Finally, the water content retrieval would open the opportunity
for its direct assimilation into meteorological forecast numeri-
cal models [22].

This numerical analysis has shown that the Bayesian ap-
proach can provide a classification accuracy which is usually
better than that, or at least comparable to, obtainable from
other established approaches, based on fuzzy logic techniques
at C-band. It is worth stressing that the Bayesian approach
to classification presents some interesting features: 1) The
a priori information can be introduced within the algorithm by
modeling the prior pdf; 2) the algorithm can be easily updated if
improved microphysical models are set up and new frequency
bands are of interest, since the likelihood Gaussian pdf is
simply defined by mean vector and covariance matrices of class
ensemble; 3) it does not require any factorization assumption
of the multidimensional observation space, as usually necessary
when designing MBFs within fuzzy logic approaches; and 4) if
needed, the Gaussian assumption for the likelihood pdf may
be substituted with other analytical pdfs or even numerical
histograms when experimental evidences emerge.

The BRAHCC methodology has been then applied to a
convective hail event within a region located between two
C-band dual-polarized radars. The radar network configuration
has been exploited to correct for C-band path attenuation [26].
The hydrometeor classification along the line of sight, connect-
ing the two C-band radars, has been performed using BRAHCC
applied to path-attenuation corrected data. The results have
been compared with FRAHCC, confirming a consistency be-
tween the Bayesian and fuzzy logic approaches. Products have
been shown for rain, graupel, and hail along the line of sight
during the event temporal evolution. As a further analysis,
hail occurrence has also been estimated and compared with an
empirical hail detection algorithm.

A critical point of this paper, as of many others on hy-
drometeor classification, is the difficulty to perform a robust
validation of the obtained results. We have tackled this problem
by resorting both to synthetic radar and microphysical data and
to a visual inspection of the product physical consistency. As a
matter of fact, it is not easy to experimentally assess hydrome-
teor classification accuracy within fine radar resolved volumes
of a few hundred meters. On one hand, airborne sampling may
not be spatially representative, and on the other hand, it may
be difficult to colocate the measurements in space and time.
Moreover, we are usually able to estimate from radars the most
probable class, avoiding the possible existence of several hy-
drometeor classes within the same resolution volume. Anyway,

the capability to convert the hydrometeor class product into
water content estimates may facilitate these comparisons with
in situ data.

APPENDIX

BAYESIAN CLASSIFICATION ALGORITHMS

Estimates of the mean vectors and covariance matrices for
the set of ten selected hydrometeor classes are reported to
practically apply BRAHCC. Such data are necessary in order
to calculate distance function in (14). The following nota-
tion is adopted: A superscript indicates the number of radar
observables (i.e., “2 obs,” “3 obs”) used in the current im-
plementation, whereas a subscript indicates the considered
hydrometeor class.

Two-Observable Radar Measurements

In this case, we are supposing to have, at disposal, a column
vector of measurements x = [T,Zhh, Zdr]T, where T is in
degree Celsius, Zhh is in decibel of Z, and Zdr is in decibels

m2obs
LD =


 15.106
42.946
4.717


 C2obs

LD =


 133.86 2.276 0.245

2.276 61.947 4.081
0.245 4.081 0.371




m2obs
LR =


 20.106
25.743
0.548


 C2obs

LR =


 133.86 −2.226 −0.112
−2.226 78.725 2.047
−0.112 2.047 0.071




m2obs
MR =


 20.106

39.95
1.375


 C2obs

MR =


 133.86 −1.783 −0.502
−1.783 14.216 0.887
−0.502 0.887 0.148




m2obs
HR =


 20.106
54.097
3.547


 C2obs

HR =


 133.86 −0.275 2.154
−0.275 33.607 5.642
2.154 5.642 1.256




m2obs
H/R=


 10.315
67.577
1.897


 C2obs

H/R=


 137.15 0.244 1.396

0.244 28.919 0.500
1.396 0.500 2.598




m2obs
H =


 0.195
61.561
−0.092


 C2obs

H =


 130.94 1.596 0.002

1.596 60.284 −0.195
0.002 −0.195 0.101




m2obs
G/SH =


−20.07
42.937
0.873


 C2obs

G/SH =


 307.6 −1.719 0.205
−1.719 41.057 0.342
0.205 0.342 0.183




m2obs
DS =

[
−24.942
31.659

]
C2obs

DS =
[
220.34 −0.025
−0.025 65.962

]

m2obs
WS =


 0.055
38.103
1.128


 C2obs

WS =


 2.118 0.009 0.000
0.009 12.429 0.537
0.000 0.537 0.029




m2obs
IC =


−38.297

18.841
0.492


 C2obs

IC =


 369.25 −4.503 0.089
−4.503 66.811 0.971
0.089 0.971 1.318


.
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Three-Observable Radar Measurements

In this case, we are supposing to have at disposal a column
vector of measurements x = [T,Zhh, Zdr,Kdp]T with T in
degree Celsius, Zhh in decibels with respect to the radar reflec-
tivity factor, Zdr in decibels, and Kdp in degrees per kilometer

m3obs
LD =



15.106
42.946
4.717
0.318




C3obs
LD =



133.86 2.276 0.245 −0.144
2.276 61.947 4.082 2.243
0.245 4.082 0.371 0.121
−0.144 2.243 0.121 0.119




m3obs
LR =


 20.106
25.743
0.548




C3obs
LR =


 133.86 −2.226 −0.112
−2.226 78.725 2.047
−0.112 2.047 0.071




m3obs
MR =



20.106
39.95
1.375
0.622




C3obs
MR =



133.86 −1.783 −0.502 −0.037
−1.783 14.216 0.887 1.556
−0.502 0.887 0.148 0.093
−0.037 1.556 0.093 0.203




m3obs
HR =



20.106
54.097
3.547
8.090




C3obs
HR =



133.86 −0.275 2.154 −0.123
−0.275 33.607 5.642 35.18
2.154 5.642 1.257 5.026
−0.123 35.18 5.026 47.931




m3obs
H/R =



10.315
67.577
1.897
10.378




C3obs
H/R =



137.15 0.244 1.396 2.858
0.244 28.919 0.500 28.576
1.396 0.500 2.598 9.892
2.858 28.576 9.892 93.052




m3obs
H =




0.195
61.561
−0.092
−0.160




C3obs
H =



130.94 1.596 0.002 −0.087
1.596 60.284 −0.195 −1.639
0.002 −0.195 0.101 0.221
−0.087 −1.639 0.221 1.170




m3obs
G/SH =



−20.07
42.937
0.873
0.381




C3obs
G/SH =




307.6 −1.719 0.205 0.806
−1.719 41.057 0.342 2.561
0.205 0.342 0.183 0.085
0.806 2.561 0.085 0.303




m3obs
DS =

[
−24.942
31.659

]

C3obs
DS =

[
220.34 −0.025
−0.025 65.962

]

m3obs
WS =


 0.055
38.103
1.128




C3obs
WS =


 2.118 0.009 0.000
0.009 12.429 0.537
0.000 0.537 0.029




m3obs
IC =


−38.297

18.841
0.492




C3obs
IC =


 369.25 −4.503 0.089
−4.503 66.811 0.971
0.089 0.971 1.318


 .
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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.
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