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Abstract. Classification of hydrometeors has a wide vari- ments to retrieve microphysical properties and to identify hy-
ety of applications such as validation of cloud microphysi- drometers. Classification of hydrometeors has a wide variety
cal models, choice of algorithm for precipitation estimation of applications such as:

and evaluation of assumptions made in the precipitationre- o ) )
trieval processes as well as validation of space borne ob- — initialization and validation of cloud microphysical
servations. Dual-polarization radar measurements are sen- models

sitive to hydrometeors properties such as size, shape, phase
state and fall behavior, they can be used for hydrometeor
classification purposes. Over the last decade the topic of
dual-polarization radar measurements to classify hydromete- _ chojce of the proper algorithm for attenuation correction
ors has been investigated extensively at S-band. Fuzzy logic

based approaches to perform robust hydrometeor classifica- — evaluation of assumptions made in the precipitation re-
tion have emerged because of their ability to provide distinct trieval processes.

decisions with overlapping conditions and noisy data. Essen- . . )

tially, two classes of independent models, for hydrometeor The mapping from polarimetric radar measurement space

classification have evolved, namely the CSU model and thd® hydrometeor classes is not one to one. Boolean clas-
NCAR/NSSL model. sification techniques, such as decision tree cannot be ap-

plied. Fuzzy Logic Systems (FLS) represents an attractive
approach, because of their ability to:

— choice of the proper algorithm for precipitation estima-
tion

Most of available literature on this topic is from S-band
radar observations. Only recently, some work related to hy
Qrometeor classification at C—pand is being initiated. Adapt-  _ .00 objective knowledge and subjective knowl-
ing a hydrometer scheme devised for S-band to C-band mea- edge
surements is not straightforward. Different backscattering
and propagation properties, attenuation effects on radar ob- _ manage linguistic a-priori knowledge
servations should be taken into account in the classification
scheme. This paper discusses issues related to advancing the- manage classification in the presence of imprecisely de-
CSU hydrometeor classification scheme for C-band frequen-  fined class output

cies. Results of preliminary development are presented. ) ) .
— cope with non mutually exclusive conditions

— cope with approximate reasoning.

1 Introduction . . .
Straka et al. (2000) tried to synthesize the a-priori knowl-

Hydrometeor types, shapes and size distributions as well a§dge about polarimetric radar measurements of the“preva"il—
fall behaviors determines polarimetric radar measurementdnd (in radar sense) hydrometeor type into a set of “fuzzy

Extensive information about the microphysics of hydromete-relatfons- These fuzzy relations were derived from published
ors is thus embodied in the polarization diversity radar mea-Studies at S-band, but some of them were extrapolated from

surements. This lends the utility to utilize these measureStudies concerning different bands, including the C-band.
Liu and Chandrasekar (2000) presented arguments for syn-
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The objective of this study is to devise a methodology to ex-
tend the CSU model for C-band applications.
In the following section the knowledge base for Hydrom-
Rules . pn . . .
. Fuzy — . eteor classification will be recalled. Next, basic schemes for
e b PR ey wesRencs g SUPEEN_p O, hydrometeor classification will be introduced and discussed.
Eventually, the last section will deal with the specific prob-
lems related to the C-band implementation.

Fig. 1. General scheme of a Fuzzy Logic System.

2 Polarimetric radar measurements and their potential

classification. They also provided validation with in-situ air- for discriminating hydrometeors

craft data (this m.ethod will bg henceforth referred as the CSUBoth CSU and NCAR/NSSL models adopt a set of polari-
model). A learning mechanism, based on a neural network

. ; Mmetric measurements constituted by the reflectivity factor
approach was also considered to tune the membership fun y v

. . (i'Zh), the differential reflectivity Z,,), the linear depolariza-
tions. Vivekanandan et al. (1999) and Straka and Zrni (2001)(ion factor (LDR), the co-polar correlation coefficient.(),

have also presented and evaluated a different approach (here- e . . o
after referred as the NCAR/NSSL model) for hydrometeorand specific differential phggg shiik ) (see Bringi and
classification Chandrasekar, 2001 for definitions).

X Zn, Z4» and LDR are real (power) measurements and, at

CSU and NCAR/NSSL models differ in the input mea- )
surements, the choice of membership function and the infer-C_band’ are affected by propagation effecls. alone has a

ence engine. An improved version of the CSU model WaSIimited usefulness for discriminating hydrometeor. Anyway,
proposed later by Lim et al. (2001). the presence of high values @f, can be adopted to reduce

All the mentioned approaches were devised, proposed anawlsclassﬁlcatlon of hydrometeors like drizzle and ice crys-

. tals which determine lowZ,,. Z, is ver nsitive to th
tested for S-band. Most of the European radar network 'Ssiz e aCnd doeiizntatign c:)f hrecid;tafior? ya?t?cI:s e'I'hoerefeore
at C-band. Therefore it is important to have similar meth- P precip P ‘ '

ods for polarimetric radars operating at C-band. C-band s Si_t is a good discriminator between oblate rain and spheri-
P . op 9 ' y %al hail. LDR depends on nonsphericity, orientation, cant-
tems have larger differential phase measurements, reduce

. . . in nd dielectri nstant of precipitation particles. Tum-
antenna size, and, finally, an overall low cost with respect g, and dielectric constant of precipitation particles. Tu

. L : ling wet nonspherical particl h as melting gr | can

to that of a S-band system with similar resolution charac—b g e'F nonspnericalpa ticles such as meiting graupet ca

- . . be identified with large LDR values, whereas drizzle and
teristics. Moreover, in Italy, the new national radar network

will include several C-band radars with the ability to measuredry ice particles are associated with low LDR values. The
yltomeas complex co-polar correlation coefficient has amplitude and
Zy, Zqr and®y,. Consequently, hydrometeor classification

. . phase. From amplitude, we defipg, adopted in the classi-
systems for C-band have also perspective for deployment in. .. L
. . ication model.p., does not depend on radar calibration. It
operational weather services.

R i f bout lassificati h decreases as particle diversity increases and can be useful to
ecent papers refer about some classiication sc emelaentlfy melting particles or mixed precipitation.
adapted for C-band polarimetric radarsolldr et al. (1994) : S -
P .. At radar frequencies where the attenuation is negligible
proposed a classification method based on a decision . )
. . . such as S-band, the main outcome of propagation through
tree approach to study the evolution of a hail-generating

event. Keenan (1999) introduced a fuzzy logic cIassiﬁca-precmltﬁItlon Is the dl_fffferenu_all prr]lase ihfm.dp'l At CI_ h
tion scheme based on an additive inference engieZ, band, the measured differential phase shift includes also the

K. ando.. were emploved to define membershio functions backscattering component usually indicatedsas that is
~dp Pro WE ploy ; P typically neglected at S-band, but it is not at C-band. The
in two-dimensional subspaces, coupled with a temperature- . : : : ;
dependent membership function. Alberoni et al. (2002) in_propaganon differential phade,), is half of the range deriva-

' ) aive of @4, and is proportional to the water content in a rain

vestigated some summer storms through a straightforwar ath, and is one of the important parameters measugg
application of the NCAR/NSSL model to the C-band polari- P2~ " i portant p el
can be used to isolate anisotropic hydrometeors such as rain

mgtnc data g, and Zy, only) from .the GPM 500C oper- from isotropic hydrometeors such as tumbling h#;, es-
ational radar managed by the environmental agency of th(?imators at C-band should however filtered out &g con-

ET:IZ-;ZTaEIlg?Ee( lg)t/()ar:(se%znsll %12/\éerz)nrrr?eetggr classificationtribUtion (Bringi and Hubbert, 1995)K4, scales with fre-
methods to é-band is not straightforward. Two main issuesquency and, therefore, at C-band an improved sensitivity to
should be taken into consideration: ' power and differential phase measurements is expected.

S-band polarimetric research radars usually provide sev-

— synthesizing new membership functions taking into ac-€ral measurements which includg,,Zs, LDR, p, and

count different scattering properties of the hydromete- ®ap, used to derive |f,. Usually C-band meteorological
ors at C-band radars provide only a subset of these measurements. Reduced

implementation of the schemes proposed at S-band should be
— correcting propagation effects adopted for C-band.
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Fig. 2. The current CSU hydrometeor classification model.

3 Fuzzy logic approach for hydrometeor classification which become useful to implement adaptive mechanisms.
Only in the case ofZ,,, a specific 2-D membership func-

A Fuzzy Logic System (FLS) provides a non linear map- tions based on4,, Z4,) is adopted.

ping of input data vector (“crisp” inputs) into scalar output At the inference engine stage the strength of the juile

(“crisp” outputs) (Mendel, 1995). A FLS can be explained optained as the product of the strength of individual preposi-

with reference to Fig. 1, where the FLS is decomposed inttjon as:

three parts, which are the Fuzzifier, the Inference engine,and, . 7z, Zar Kap Ony

the Defuzzifier. The fuzzifier is a block which converts crisp %SJ = B (Zn) By (Zn Zar)B; ™ (Kap) B (phv)

inputs (objective measurements) into fuzzy sets. A crisp in—BjLDR(LDR)Bj' th j=1..M 1)

puts can belong to different fuzzy sets with different degrees ¥ ) ,
of membership, defined by a membership function (MBF).Wherij represents the membership function for hydrom-

The inference engine is a block governed by a number of aSteor classj and measurement. This multiplicative ap-

priori established rules mapping fuzzy sets into fuzzy sets aCproach minimizes the occurrence false classification: if, for

cording to the set of rules, assessing the strength of the rulé® 9IVen class, one measurement is significantly out of range,

The defuzzifier is a process that finds the crisp output whichthe low value of the corresponding MBF will suppress the

best represents the fuzzy output set determined according tglass. No weighting functions are adopted, so that radar mea-

the inference engine. When this scheme is applied to the hy§urements are considered equally reliable. The crisp output

drometeor classification system case, crisp inputs are polariS 91ven by the index corresponding to the maximum of the

metric radar measurements and the crisp output is an indefgsf" he other hand. th / del ad q
corresponding to a specific hydrometeor class. Implementa- On the other hand, the NCAR/NSSL model adopts an ad-

tions of FLSs for hydrometeor classification can differ from: ditivé @pproach which allow to maximize the probability of
correct classification. This is a classical problem of balanc-

— The “crisp” inputs. ing probability of error and probability of detection. The de-
fuzzification is based on the search of the index of the class

— The hydrometeor classes (Crisp outputs). which determines the strongest rule.

— The form of membership function. Weights and 2-D Beta function have been adopted CSU
) model described by Lim et al. (2001). The rule strength be-
— Inference engine. comes:

The CSU model described in Liu and Chandrasekar (2001Rs; = [WJ.Z‘“AJZd’(Zh, Zap) + WEP ALY (23, Kyp)
uses as input the measureme#is,Z,,, LDR, pco, Kap, 1), o
h denoting the height of the measurement, thus avoiding ex-+W{"" A7 (or,) x +W,~LDRA,-(LDR)] x A7M(Zn)
ogenous |_nputs. NCAR/NSSL model uses the same set O];A“-(a) i=1..M @)
polarimetric measurements and the temperature instefad of J

In the fuzzifier block of the CSU model, one-dimensional whereWJX andAX represent the weight and the membership
Beta membership functions were adopted. These funcfunction associated with hydrometeor clgsand measure-
tions are characterised by a continuous derivative, a propertynentX, anda, which replace#, indicates the height of the
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(Sband) (C-band) applied directly to C-band, since at this band, the resonance
° ® effects due to Mie scattering, usually neglected at S-band,
5 5 notoriously affect radar measurements. Differences in the
4 4 measurements at C- and S-band were analysed by Bringi et al
g, g, (1991), who presented and validated results from simulated
N N measurements at C- and S-band. In case of rain, resonance
? 2 effects result in different range of polarimetric measurements
1 ( 1 ( for a given range of DSD parameters. In the previously men-
o, - - = o, — = = tioned paper, differences between radar measurements at C-
2, (B2) 2, (B2) and S-band were highlighted in thg,(, Z,) plane, inp¢,,

which can achieve a minimum of 0.94 at C-band, and, fi-
nally, in 8,, which, however, is not taken into account in
(Sband) (C-band) the classification schemes. Similar effects occur in the pres-
30 30 . .. . . .
ence of mixed phase precipitation. Membership functions at
% % C-band should take into account these effects. To illustrate
2 20 A these consequence on membership functions, we have cho-
£ . s / sen the 2D-Membership used in the CSU model, properly

Kgp (kM)

scaled for C-band. Scatterplots of simulated radar measure-

ments are obtained according to Bringi and Chandrasekar

10 \ 10
s j 5 (2001). Figure 3 shows the difference between the 2-D mem-
0 0 S bership functions for rain at C- and S-band.
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Z, (dB2) Z, (dB2)

AcknowledgementThis work has been supported in part by the
Italian National Group for the Defense from Hydrogeological Dis-
Fig. 3. (Zn, Z4r) and (Z;, K4p) membership functions for rain at  asters and by the Italian Space Agency. VC acknowledges support
S-band and C-band. Contour lines at 0.99. from National Science Foundation (ATM 0313881).

melting layer, derived from the vertical profile &f;,. The  References

weights of LDR depend on the cross-polar signal to noise ra-

tio. If it is below 10dB the weight of LDR is set to zero, Alberoni, P., Zrnic, D., Ryzhkov, A., and Guerrieri, L.. Use of
implying that LDR measurement is discarded. Usuadly, a fuzzy logic classification scheme with a C-band polarimetric
has the lowest weight, whil&,, has the highest. Figure 2 radar: first results Proceedings of ERAD (2002), Delft, The Ned-

illustrates the scheme of this classifier. _erlr_:mds, 324-327, 2002. .
Bringi, V. N., Chandrasekhar, V., Meischner, P., Hubbert, J., and

Golestani, A.: Polarimetric Radar Signature of precipitation at

4 Extending the CSU model to C-band radar data S- and C-bands, IEE-F, vol 138, n.2, 109-119, 1991.
Bringi, V. N. and Chandrasekar, V.: Polarimetric Doppler Weather

In this section we refer to the specific problem of member- Radar: Principles and Applications, Cambridge University Press,
ship function modification. The choice and the number of _ %48 p?"EZOOBl'ld_ L and Voloi. A Polar 55C: ded
hydrometeor classes are usually determined a priori accorg®orgucci, E., Baldini, L., and Volpi, A.: Polar - an upgrade
ing to the applications and available data. Current CSU hy- instrument for polarimetric radar research, Proc. of the 2nd Eu-

d assificati h id his reduced fropean Conf. on Radar Meteorology ERAD, 18-23 November
rometeor classification scheme considers this reduced set o Delft, The Netherlands, pp. 394-399, 2002.

hydrometeor type: Holler, H., Hagen, M., Meischner, P. F., Bringi, V. N., and Hub-
bert, J.: Life Cycle and Precipitation Formation in a Hybrid-Type

— Drizzle Hailstorm Revealed by Polarimetric and Doppler Radar Mea-
— Rain surements, J. Atmos. Sci., Vol. 51, No. 17, pp. 2500-2522, 1994.
Hubbert, J. and Bringi, V. N.: An lterative Filtering Technique for
— Wet Snow the Analysis of Copolar Differential Phase and Dual-Frequency
Radar Measurements. Journal of Atmospheric and Oceanic Tech-
— Dry Snow nology, Vol. 12, No. 3, pp. 643648, 1995.

Mendel, J. M.: Fuzzy logic systems for engineering: a tutorial, Pro-
ceedings of the IEEE, 83, 345-377, 1995.

Graupel / Small Hail

— Hail Keenan, T.: Hydrometeor Classification with a C-Band Polarimetric
Radar, 29th AMS Conf. On Radar Meteorology, Amer. Meteor.
— Rain/hail mixture Soc., 1999.

) ) o Lim, S., Chandrasekar, V., Bringi, V. N., Li, W., Al-Zaben, A.: Hy-
Membership functions adopted within the CSU and other  drometeor classification from polarimetric radar measurements

schemes at S-band are derived taking into account the exist- during STEPS, 30th International Conference on Radar Meteo-
ing knowledge base for this band. These functions cannot be rology, 2001.



66 L. Baldini et al.: Hydrometeor classification methodology

Liu, H. and Chandrasekar, V.: Classification of hydrometeors based/ivekanandan, J., Ellis, S. M., Oye, R., Zrnic, D. S., Ryzhkov, A.

on polarimetric radar measurements: Development of fuzzy V., and Straka, J.: Cloud Microphysics Retrieval Using S-band
Dual-Polarization Radar Measurements, Bulletin of the Ameri-

logic and neuro-fuzzy systems, and in situ verification, J. Atmos.
and Oceanic Technol, 17 (2), 140-164, 2000. can Meteorological Society, Vol. 80, No. 3, pp. 381-388, 1999.
Straka, J. M., Zrnic, D. S., and Ryzhkov, A. V.: Bulk Hydrometeor Zrnic, D., Ryzhkov, A., Straka, J., Liu Y., Vivekanandan, J.: Testing
Classification and Quantification Using Polarimetric Radar Data: a Procedure for Automatic Classification of Hydrometeor Types
J. Atmos. and Oceanic Technol., 18, 892-913, 2001.

Synthesis of Relations. Journal of Applied Meteorology, Vol. 39,
No. 8, pp. 1341-1372, 2000.



