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Abstract. Polarimetric radar measurements at C-band re- The classic iterative approaches (Hildebrand, 1978;
quire correction for propagation effects before using themMeneghini, 1978) for attenuation correction, beginning from
for rainfall retrieval. Since differential phase shi, is the first (closest to the radar) range resolution volume and
affected by the spatial variation of the backscattering differ-proceeding to successive resolution volumes, are known to
ential phase shiff, a new neural-network estimation tech- be unstable if path integrated attenuation is large. Besides
nique is applied to remowveeffects onk,, estimate. In this  these methods generally assume a power law relation be-
study we also explore a new hybrid iterative technique withtween reflectivity and specific attenuation and that the radar
constraint to correct for attenuation and differential attenu-calibration is performed with high accuracy. A great im-
ation based on a neural-network scheme and a differentighrovement to these attenuation correction procedures is sup-
phase constraint. Numerical simulations are used to investiplied by using the total path-integrated attenuation (PIA) as
gate the efficiency of this approach with respect to others proa constraint.

filing techniques. The simulator is based on a T-matrix solu- Recently, the use ob,, constraint to estimate the PIA
tion technique, while the hydrometeor distribution has beenand to correct the measured reflectivi®,§ and differen-
characterized with respect to dielectric composition (watertial reflectivity (Z;,), proposed and evaluated by Testud et
ice and mixed phase), raindrop size distribution (normalizedal. (2000) and Le Bouar et al. (2001) respectively, was im-
gamma distribution), shape (ellipsoid with parameterized asproved by Bringi et al. (2001) through the use of a self-
pect ratio) and angle orientation. A sensitivity analysis is per-consistent scheme. The aim of this study is to introduce a
formed in order to evaluate the expected errors of this methodhew iterative approach wit,;, constraint to retrieveZ, and

to system bias. The performance of these correction proceZ,,at attenuating frequencies.

dures and the effects of an error bias on radar measurements

are evaluated by using mono-dimensional Gaussian raincell . .

models. Numerical results are discussed in order to show thé Rain backscattering model

potential and robustness of the proposed technique. Microphysical properties of the rain medium play an impor-

tant role for radar observations together with the raindrop

size distribution RSD, shape and orientation distributions.

1 Introduction In the next paragraphs the rain backscattering model will be
briefly described.

For frequencies higher than S band, path attenuation effects

due to rainfall can become important and need to be com2.1 Raindrop size distribution

pensated to aim at a quantitative estimation of rainrate. Al- S .

gorithms using the specific differential propagation phase'” 1948 the MarshaII-PaImerexponentlal dlsmbun_on, having

(K4,) are immune to such effects (Zrnic and Ryzhkov, 1996), the formN (D) = Noexp(-A D) with D the particle diameter,

but depend on the accuracy of its estimation. As a matter of'@S been proposed to describe the spectra of observed drop

fact, K, is the slope of the range profile of differential phase diameters at weak or moderate rainfall rates (Marshall and

shift (®,,), which can be estimated with an accuracy of few Palmer, 1948).  Since then, the shape of RSD is matter of
degrees. discussion in radar meteorology because it rules the relation-

ships between the radar observables and rain rate.
Correspondence taG. Vulpiani The modified gamma distributio’V (D) = NoD*exp(-
(g.vulpiani@aquila.infn.it) A D) (as in Willis, 1984) has been introduced to describe
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the deficit of small drops and the convexityREDfor large 2.3 Polarimetric radar observables
drop diameters at high rain rates. In the gamma RSD (which _
coincides with the exponential one far=0), the parameter Computations are done for the 5-cm wavelength, and the

Np is not considered a physical quantity because its dimengamma distribution is assumed for drop sizes between 0.3
sion ([mnT1~# m~3]) is u-dependent and 8mm. It is known that big drops often occur in mid-

Recenﬂy’ to overcome this prob|em a “normalized” latitude storms. At C-band Wavelengtﬂs),(the transition
gamma distribution has been introduced by Wiilis (1984) between Rayleigh and Mie scattering occurs for water drops
and revisited by Bringi and Chandrasekar (2001), Testud epf about 3mm. The extension into the resonant scattering
al. (2001) and lllingworth and Blackman (2002). The num- region needs use of numerical solution approaches like the
ber of raindrops per unit volume per unit size o D + dD) ~ T-matrix method to compute the amplitude matsixwhich

can be written as linearly transforms the electric field components of the in-
DK b cident wave into those of the scattered wave (Mishchenko,

N(D) = Ny £ (1) <_> exp[—(3.67+ M)—] (1) 200(');'Mishchenko etal., 2000). Rainfall rate R, the radar re-
Do Do flectivity factors €.,., ) @t H and V polarization state and

Z4r, Which is the ratio of reflectivity at the two polarization

bein
g states, can be expressed in term of the RSD as follows:
6 (3.67+ )ttt
= 2 _ ~3 3
f () Gent T(itd (2)  R=06710 /D N(D)v(D)dD (6)
where the parametddg is the median volume drop diameter, 4 . 2
w is the shape of the drop spectrum, a¥g [mm~1 m—3] Zhhw = —g—> / 4r ‘Shh,w(D)‘ N(D)dD (7)
: . . 72 |K|
is a normalized drop concentration that can be calculated as
function of liquid water content W Z
q Zar = 10log Zhh (8)
_ (367*10°W @) v
Y7 mpy DR whereS?, . are the backscattering co-polar components of

. - . S, K=(e-1)/(e+2) beinge the complex dielectric constant of
The value of this normalization is that it allows the |IC]UId water or ice which is estimated as a function of Wave|ength

water content to remain constant evep i€hanges. and temperature (Ray, 1972), andD) is the terminal fall
. . . . speed in still air.
22 Axis ratio relationship As derived by Atlas and Ulbrich (1977)(D) can be ex-

The shape of a raindrop can be described by an oblat(le:)ressecj using following relationship

spheroidal for which, the equivalent volume diameferis  v(D) = 3.78D%57 9)
related to the axis ratia/b by a relation which has been in-

vestigated by several authors. In this study we limited ourAlsﬁ tr]:e spegific diﬁere_ntial Ehased_sfpm’g,,), vghich is dl;e
attention on the combination (hamed AB) of that proposedtOt e forward propagation phase difference between the two

by Andsager et al. (1999) poIariza}tion,.and co-polar correlat?on coefficien,bs,l() can
be obtained in terms of the scattering matrix S as:

a

— =1.012— 1073 (14.45D, + 10.28D? 4 180 ~

; ( . c) 4) Kap = 7Re/ [S,{h(D) — SJU(D)]N(D)dD (10)

used in the intervalkm < D, < 4mm, and that proposed
by Chuang and Beard (1990)

o — [ St SN (D)dD B
a _ 4 2 2 3 4 v — > > =
= = 1005+ 10~ (5.7D? - 26007 +37D% - 2D)  (5) JT 185N DD [ |58, PN (D)aD
for D, < lmm, D, > 4mm. = | pnol €/ (11)

A raindrop falls in the atmosphere with i mmetry axi ,
aindrop falls in the atmosphere with its sy etyaxswhere?,{h wpare the forward-scattering co-polar components

ahgn_ed n the vert|_cal d|_rect|on. The canting angig {n the . of § and$ (in deg) is the volume backscattering differential

polarization plane is defined as the angle measured clockwise
S . ., phase.

between the projection of the symmetry axis of spheroidal

particle and the direction running opposite to the vertical one

(i.e.—V) sothat, in case of horizontal incidence, it coincides 3 Attenuation correction using an iterative approach

with the tilt of the particle symmetry axis (e.g. Bringi and with embedded neural network

Chandrasekar (2001), pp. 68-71). As shown by Beard and

Jameson (1983), the distribution of canting angles can be repFhe proposed technique, named Neural Iterative Polarimetric

resented by a Gaussian model with zero mean and standairecipitation Estimation by Radar (NIPPER) is illustrated in

deviation<5°. the next paragraphs.
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As proposed by Testud et al. (2000), it is possible to use
the ®4, constraint to estimate the path-integrated attenuation
and differential attenuation. In fact, as scattering simulations
have demonstrated (Bringi et al., 1990; Jameson, 1992), e
andAg, (both expressed in dB knt) are linearly related to
Kgp (in° km~1) which is the range derivative @b ,. Note
that, before applying the attenuation correction scheme the
differential phase shiftb;, must be filtered from the back-
propagation effects which are non negligible at C-band (Hub-
bert and Bringi, 1995).

The suggested algorithm can be described in the following
way. As shown in the block diagram in Fig. 1, the first step
is the estimation of the path integrated attenuaBody, (ry)

(and the path integrated differential attenuatiid;, (ry))
at the last rangey by using thed,, constraint.

Therefore the corrected values 6f and Z,, are derived
at the last range volume (here th&N

_ N " \ao N
N Bin Pl (ry) = a AD | Z§ orlry )= 25 prlry )+ 2PIA(ry)
ool )= £ (25000 2500)

Pldp(ry )= BAD

Estimation of

ik Z, , correction and A,

estimation

Z G orlra )= Z 3 pr(ryy )+ 2PIAl
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w
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Z, ,, correction and
PIA h,dr A, .dp.

estimation
Zi1, )+ 2 PIA(;)

Zg oali)=

TUBIN | PGy )= PLAr, )- [ 4, on(s)ds
o

4%

Agpal)= ™25 (12 52(0)

Z§ 4 (rn) = ZJ 4, (rw) + P1Apap (i) (12) Il

Consusﬁency
where the superscript§ andm stand respectively for cor- v cm‘f o ))
rected and measured. Z‘m”;m(:)‘rh -

Using the corrected values dj,, Zg,, it is possible, OBlr)=2 T Cap

through, a back-propagation neural network to estimate the JlYEs
specific attenuation (and the specific differential attenuation) =

/ (.+1)'h\\

w\ Range |
\ Profile //

at the N” range volume

Anar ) = £V (2 0. 25, () (13)
Fig. 1.

scheme.

Block diagram of the proposed attenuation correction
where fVV is Neural Network functional used for the spe-
cific attenuation (differential attenuation) estimation.

As a consequence we can estimate the PIA at the {N-1)
range bin as

4 Simulation environment and numerical results

In order to investigate the scattering properties of a rainy
medium it is necessary to specify both the incident wave and
rainy medium properties. In this study, we limited our at-
tention to C-Band wavelengths and we assumed horizontal
incident wave propagation. Concerning to the raindrop size
distribution, as anticipated in Sect. 2, we adopted a normal-
ized gamma distribution assuming th2¢ andu are variable
along the path and randomly distributed inside the range pro-
posed by Bringi et al. (2002).

As highlighted by Testud et al. (2002), the intensity of rain
can be characterized using the liquid water cont&nfalso
namedLWCQ) or the rainfall rateR. In this work we adopted

PIApap (ry—1) = PIAy gp (rn) — Apar (ry) - Ar (14)
whereAr is the bin range resolution, while the corrected val-
ues of reflectivity and differential reflectivity are

Zf 4 (rn-1) = Zp 4 (rn-1) + 2+ PLA gp rv—1)  (15)
Generalizing (15) and (16) for the¢’Krange volume, we can
write

K-1

PIAyap (rg) = PIApap (ry) — / Ap.ar () -ds (16) this suggestion so that, assuming a double Gaussian shaped
e range profile of liquid water content{ [g m~3]), the N,
parameter profile can be obtained using Eq. (3) and the ran-
c . domly generated values @&fp as inputs. For each range bin,
Ziar k) = Zjy gy (rk) +2- PIApgp (rk) (17) " the axis ratio relationship is selected randomly between the

three relationships reported in Sect. 2 according to a uniform
and so on itis possible to iteratively correct the whole profile distribution. The dielectric constant is dependent on tem-

of Z, andZy,.

At each range volume a control check &g, filtering is
performed estimatingg by means of corrected variables us-
ing a neural-network algorithm (Vulpiani et al., 2003).

perature, being fixed the wavelength, and is determined ac-
cording to scheme proposed by Ray (1972). The numerical
scheme adopted to introduce noise on simulated data is that
suggested by Testud et al. (2000).
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Fig. 2. Comparison between ZPHI and NIPPER for the Fig. 3. Performance of the proposed algorithm for rain rate estima-

Zycorrection. The results are evaluated in terms of the histogrartion. The results are evaluated in terms of the histogram of FSE.
of FSE and FME assuming a well-calibrated radar.

argued that the observed jump was due to “...a sequence of
contrasting regimes within the convective phase of the squall-

The ZPHI algorithm is based on the hypothesis that the ex-IN€ System..". Consequently, the assumption of ‘moderate”

- . - variability inside a specific rain regime has not a general va-
onents, characterising the relation between reflectivity and ..
P ¥ 'SINg ! ity lidity and should be carefully used. The use of ZPHI analyt-

attenuation, is constant and, s a *local” invariant (€.. | al solution could not be suitable showing the dependence
..."reasonably constant at a scale of some 10km”, Testud e T i
y rom N,,. This is the reason why the NIPPER algorithm can

al., 2000). While scattering simulations have demonstrate how some advantades in circumstances where there is a si
that the first one is reasonable in C-band, the second is mord 9 9

guestionable. The disdrometer data analysis described iH'f'CantN“’ variability.

Kozu and Nakamura (1991) showed that, within a given rain

regime, the fluctuations ¥ (the “intercept” parameter ofa 4.2 Reconstruction of radar observables

modified gamma distribution in a logarithmic plane) could be

considered “moderate” if compared with the “jumps” occur- In this subsection we analyze the numerical results obtained
ring in the transition region. Because of the physical sim-applying the proposed attenuation compensation technique
ilarity betweenNg and N, (when o =0 they coincide), in  to the simulated data set assuming that the radar is well cal-
Testud et al. (2000) the authors expected the same behavidgisrated, remanding the evaluation of the system bias effects
for N,,. Besides, the data collected from the NCAR-Electrato the Subsect. 4.4.

PMS probe during the TOGA COARE experiment on 14 De- | order to evaluate the performance of the proposed algo-

cember 1992 and analyzed in Testud et al. (2001) confirmedithm we define the percentage Fractional Errpas
this trend. In such conditions, after the separation of strati-

form and convective rain regions, the ZPHI analytical solu-

4.1 Discussion on algorithm assumptions

tion can be successfully used through a “segmentation” pro; . — 100(256" — Zéim) — 100—2° (18)
cedure (e.g. Testud et al., 2000) which provides much more 1 % 7i < Zsim >
moderate variability ofv,,. N & “sim

Nevertheless, as a result of a case study for a squall-line

system passing over a watershed in northern Mississippi pregpere the retrievedZ..,) and simulatedZ,:,,) reflectivity

sented in Uijlenhoet et al. (2003), the concept of “local” in- (o gifferential reflectivity) are expressed in linear units while
variance ofN,, should be reconsidered. During this event, ihq superscript indicates the number of range bin.

other than a jump oNo(here the intercept parameter of the Calculating the root mean square error of the fractional er-

gxponenhal d|str|but|on) in the stratlform-convectlve transi- ror, we obtain the so-called Fractional Standard Error (FSE)
tion phase, corresponding to the disappearance of the radar

bright band, the authors noticed that “...during the convectiveeXpressed In percentage

phase there is a sudden drop and a new jump, after wiich

reaches an even larger value than during the transition phase V< g2>
00— =,/< 8? >

.. Analyzing the relative behavior ok, Z;, and Z,, they FSE (%) =10 (19)

< Lsim >
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Fig. 4. Comparison between ZPHI and NIPPER for thecorrec-  Fig. 5. Performance of the proposed algorithm for rain rate esti-

tion. T_he reSl_JIts are evaluated in terms of the histogram of FSEmation. The results are evaluated in terms of the histogram of FSE
assuming a mis-calibrated radar system (1 dBZ ph Z assuming a mis-calibrated radar system (1dBZ ph Z

Table 1. Comparison between ZPHI and NIPPER in term of FSE. Table 2. Comparison between ZPHI and NIPPER in term of FME.

NIPPER ZPHI NIPPER ZPHI
FSE (% FME (%

O 7.z 7 Za 7z, oz za
0dBz 183 6.2 219 6.7 0dBz -27 -34 -38 -34
1dBzZ 219 58 396 6.8 1dBZ 327 -26 207 -07
2dBZ 280 712 763 65 2dBZ 87 -14 516 -0.2

Otherwise, calculating the mean of the fractional error, weR(Z,, Z;,) and R(Zy,, Kqp) other thanR(K4,). The al-
can define the Fractional Mean Error (FME) expressed ingorithms using reflectivity and differential reflectivity are

percentage as affected by radar calibration errors. Otherwise, those us-
N ing the Ky, are conditioned by the differentiation scheme
v 2 (Zlew—21) adopted to derive it fromd,, which is also contaminated
FME (%) = 100—=—; ) = (20) by the backscattering differential phase propagation. As a
%Elz.éim consequence, none these techniques is completely satisfac-
= 100% =<ef > tory. The rainfall estimator proposed in this work (named

RnnN(Zy, , Z4r) is based on a feed-forward neural network

Figure 2 shows the performances of the ZPHI and NIPPERwith a back-propagation learning algorithm and uses the re-
algorithms in terms of the histogram of FSE and FME calcu-trieved profile ofZ;,,Z,4,-. In a formal way, we can write:
lated for each realization. The same errors indicators, calcu-
lated for the whole simulated data set, are shown in Tables 1—
2. Ryy = "N (Zn, Zar) (21)

The results show that both the algorithms offer good and
comparable performances. In caseZgfretrieval the errors
are FSE (%)-21.9 and FME(%) —3.8 for ZPHI, and FSE
(%)~18.3 and FME (%) —2.7 for NIPPER.

wheref YV is Neural Network functional used for the rain
rate estimation. This algorithm, using the potential of neural
network, is able to reduce the effects of system noise and to
represent complex functions of several variables better than
a simple statistical approach.

The main advantage of polarimetric radars is the possibil- Figure 3 shows the performance, in terms of FSE, of the
ity to use different types of algorithms in order to estimate proposed rain rate algorithm applied to the corrected values
the rainfall rate. As well as the classicB(Z;), polariza-  of reflectivity and differential reflectivity. The results are
tion diversity allows to employ the two parameters algorithm greatly good being FSE(%) less than 12.0 and FNE%.

4.3 Estimation of rain rate
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