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Constrained Iterative Technique With Embedded
Neural Network for Dual-Polarization Radar

Correction of Rain Path Attenuation
Gianfranco Vulpiani, Frank Silvio Marzano, Senior Member, IEEE, V. Chandrasekar, Fellow, IEEE, and Sanghun Lim

Abstract—A new stable backward iterative technique to correct
for path attenuation and differential attenuation is presented here.
The technique named, neural network iterative polarimetric pre-
cipitation estimator by radar (NIPPER), is based on a polarimetric
model used to train an embedded neural network, constrained by
the measurement of the differential phase along the rain path. Sim-
ulations are used to investigate the efficiency, accuracy, and the ro-
bustness of the proposed technique. The precipitation is character-
ized with respect to raindrop size, shape, and orientation distribu-
tion. The performance of NIPPER is evaluated by using simulated
radar volumes scan generated from S-band radar measurements.
A sensitivity analysis is performed in order to evaluate the expected
errors of NIPPER. These evaluations show relatively better perfor-
mance and robustness of the attenuation correction process when
compared with currently available techniques.

Index Terms—Attenuation correction, neural networks, polari-
metric rain rate retrieval.

I. INTRODUCTION

POLARIZATION diversity and agility of meteorological
radar systems are important technological enhancements

that have contributed to the improvement of rainfall microphys-
ical characterization [1]. These techniques, proposed during the
late seventies, have undergone a continuous progress [2]. Apart
from a significant advantage in terms of data quality checks
with respect to single-polarized radars, differential amplitude
and phase features of the received signal can be exploited to
estimate particle size, shape, orientation, and thermodynamic
phase (e.g., [3] and [4]).

Polarimetric measurements are affected by typical errors of
ground-based meteorological radars such as calibration, ground
clutter, anomalous propagation, and beam blockage (e.g., [1]).
For frequencies higher than S-band, path attenuation effects due
to rainfall can become significant and need to be compensated
for quantitative applications such as rainrate estimation [5]–[8].
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Horizontally (H) and vertically (V) polarized microwaves prop-
agating through precipitation are subject not only to back scat-
tering and path attenuation, but also to differential phase shift
and depolarization [9]–[11]. For single-polarized radar the it-
erative approaches to rain path attenuation correction, begin-
ning from the first (closest to the radar) range resolution volume
and proceeding forward to successive resolution volumes, are
known to be unstable if path-integrated attenuation is relatively
large [12]–[15]. In addition, these methods generally assume a
power law relation between reflectivity and specific attenuation
and an accurate calibration of the radar system. For polarimetric
radars, algorithms using the specific differential phase are im-
mune to such effects, but depend on the accuracy of its estima-
tion [1], [9], [10]. The specific differential phase is the slope
of the range profile of the differential phase, which can be esti-
mated with an accuracy of at least few degrees within a range
interval of the order of few kilometers [1].

A notable improvement to the design of path attenua-
tion correction procedures has come from using the total
path-integrated attenuation (PIA) as a constraint. One of
the proposed approaches to estimate PIA, complementing
the Hitschfeld–Bordan method [16], is the surface refer-
ence technique (SRT), which was developed for spaceborne
weather radar [17]–[24]. Dual-polarized radars can provide
the estimate of path-integrated attenuation using the total
differential propagation phase because specific attenuation and
specific differential phase are almost linearly related at typical
ground-based radar frequency bands (S, C, and X) [9]. Starting
from this paradigm, the use of the differential phase constraint
to correct the measured reflectivity and differential reflectivity,
proposed and evaluated in [6] and [7] respectively, was im-
proved in [8] through the use of a self-consistent scheme. One
of the problems with the differential phase constraint method
is the requirement to assume that the intercept parameter
of the underlying drop size distribution along the precipitation
path is constant.

The aim of this paper is to introduce a new approach for
attenuation correction with the differential phase, used as a
constraint, to retrieve both horizontal reflectivity and differ-
ential reflectivity at C-band. The suggested technique, named
neural network iterative polarimetric precipitation estimator by
radar (NIPPER), is based on a backward iterative estimation of
specific attenuation and differential attenuation starting from
the farthest range volume. The principle behind this procedure
is to merge the strengths of the iterative approaches, namely
their flexibility and ability to ingest advanced estimation tech-
niques, with some features of the self-consistent rain-profiling
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approaches. From the farthest range volume to the closest
one, copolar and differential path attenuation are estimated
using the preceding range volume values of differential phase,
corrected copolar reflectivity and differential reflectivity using
a feedforward neural network (NN) with a backpropagation
learning algorithm [27], [28]. The performance of the proposed
method is evaluated by using a simulated radar field generated
from S-band radar measurements.

The paper is organized as follows. After a description of the
theoretical background of the rain model in Section II, an illus-
tration of the rain profiling algorithms for attenuation correc-
tion and a description of the proposed new technique are given
in Section III. In Section IV, the performance of the attenuation
correction techniques is examined.

II. RAIN MODEL

Microphysical properties of the rain medium can be described
by the size, shape, and orientation distributions. The following
paragraphs briefly describe the raindrop size and shape distribu-
tion assumed within the context of this work.

A. Raindrop Size Distribution and Axis Ratio Model

A Gamma raindrop size distribution (RSD), having the gen-
eral form with the particle di-
ameter and , and RSD parameters, has been introduced
in literature to account for most of the variability occurring in
the naturally observed size distributions [1], [29].

The multiplication constant , whose units are -depen-
dent (i.e., [mm m ]), is not physically meaningful when

. In order to study the underlying shape of the RSD for
widely varying rainfall rates, the concept of RSD normalization
has been introduced in [31] and revisited in [32]–[34]. The nor-
malized Gamma RSD can be written as [1]

(1)

where the parameter [mm] is the median volume drop diam-
eter, is the shape of the drop spectrum, and [mm m ]
is the normalized drop concentration that can be calculated as a
function of liquid water content [g m ] and (e.g., [1]).
The function is a function of only defined by

(2)

The shape of a raindrop can be described by an oblate
spheroid. The relation between the equivalent spherical volume
diameter [mm] and the raindrop axis ratio (i.e., ratio
between the drop minor and major axis) has been investigated
by several authors. In this study we assumed the relationship
proposed in [35], i.e.,

(3)

A raindrop falls with its symmetry axis aligned in the vertical
direction. The canting angle in the polarization plane is defined
as the angle measured clockwise between the projection of the
symmetry axis of spheroidal particle and the direction running
opposite to the vertical one. Consequently, in case of horizontal

incidence it coincides with the tilt of the particle symmetry axis
(e.g., [1]). As shown in [36], the distribution of canting angles
can be represented by a Gaussian model with zero mean and
standard deviation .

B. Polarimetric Radar Observables

This section describes numerical computations of polari-
metric variables for rainfall carried out for the 5-cm wavelength.
A Gamma distribution has been assumed for drop diameters
between and mm. At C-band wavelength,
the transition between Rayleigh and Mie scattering occurs for
water drops of about 3 to 4 mm. The extension into the resonant
scattering region needs use of accurate numerical solution, such
as the T-matrix method, to describe the scattering properties
of raindrops and compute the scattering amplitude matrix
[mm ] [37]–[39].

The rainfall rate [mm h ] and the radar reflectivity factors
[mm m ] at horizontal and vertical polarization, re-

spectively, can be expressed in terms of ensemble average over
the RSD as follows:

(4)

(5)

where and are the minimum and maximum drop diam-
eters, respectively, are the backscattering copolar com-
ponents of at H and V polarization, respectively, and is the
wavelength. is a constant defined as
where is the complex dielectric constant of water estimated as
a function of wavelength and temperature [40]. Finally, is
the terminal fall speed in still air. As derived in [41], the
can be expressed using the following relationship:

(6)

Among the most important observables of a polarimetric radar,
the differential reflectivity plays a relevant role. It is de-
fined as the ratio of reflectivity factors at two orthogonal polar-
izations, i.e.,

(7)

The specific differential phase shift [ km ], which is
due to the propagation phase difference between the two or-
thogonal polarizations, the specific power attenuation
[dB km ], and the copolar correlation coefficients can
be also obtained in terms of the scattering matrix as well as
the forward copolar scattering amplitudes and as

(8)

(9)

(10)



VULPIANI et al.: CONSTRAINED ITERATIVE TECHNIQUE WITH EMBEDDED NEURAL NETWORK 2307

where [m] and is the backscattering differential phase
shift.

C. Randomly Generated Training Dataset

The proposed algorithm has been trained using polarimetric
radar variables simulated using RSD parameters randomly and
independently varying in the following wide ranges [42], [43]:

mm (11a)

mm (11b)

(11c)

Moreover, the temperature (impacting the dielectric constant)
has been varied between 5 C and 30 C. The dataset is limited
to rainfall values up to 300 mm h and up to 60 dBZ.

Finally, a zero-mean random fluctuation of polarimetric vari-
ables has been introduced to realistically reproduce the measur-
ables, resulting in a noise standard deviation of 1 dB for ,
0.3 dB for , and 2 for [1].

III. CONSTRAINED POLARIMETRIC TECHNIQUES

The rain profiling algorithms were originally developed for
spaceborne radar operating at frequencies greater than 10 GHz
[17]–[24]. In Section III-A, we briefly describe the rain profiling
algorithm for ground-based radar (named ZPHI) [6]. The basic
principles of the ZPHI method is presented in order to better
highlight the underlying assumptions and to prepare the back-
ground for the proposed iterative approach, described in Section
III-B.

In presence of path attenuation, the measured copolar reflec-
tivity [mm m ] and differential reflectivity can be
written, as [1], [29]

(12a)

(12b)

where is the range and is the rain range bin closest to the
radar or, in general, the initial range of the considered rain seg-
ment. The one-way copolar and differential path at-
tenuation factors are defined as

(13a)

(13b)

where is the range variable. From (12), it is evident that path
attenuation correction is critically important to retrieve intrinsic

and .

A. Rain Profiling Method for Path Attenuation Correction

In order to solve (12), a further relation can be introduced to
simplify the inverse problem. The copolar specific attenuation

[dB km ] can be parameterized to be related to
through a power law

(14)

Assuming that is constant along the range, (12) can be
rewritten as a differential equation (e.g., [22]) which takes
the form of a Riccati differential equation [44, Sec. 10.3]. A
general solution to this differential equation is

(15a)

where is the integration constant and

(15b)

It is worth mentioning that the same approach can be followed
to derive the specific differential attenuation as a function
of differential reflectivity .

If at is taken as a boundary
condition, then the Hitschfeld–Bordan solution is obtained [16].
In order to avoid the instability of the solution, the boundary
condition at the farthest range bin can be applied to constrain
the solution.

The rain profiling method, as applied to ground radars, uses
measurements of the two-way differential phase shift to es-
timate the path-integrated attenuation and constrain the analyt-
ical solution [6]. The incremental between and is
defined as

(16)

It has been proposed that and [dB km ] are linearly
related to [ km ]

(17a)

(17b)

where and are frequency-dependent and temperature-sen-
sitive parameters. may be retrieved from over a given
range interval [1]. Note that before estimating , the mea-
sured differential phase shift needs to be filtered in order to re-
move the backscattering component [1], [6], [8]. As a conse-
quence, an estimate of the path-integrated attenuation [dB]
at the farthest range , through (16) and (17), is

(18)

where the “ ” indicates an estimated quantity, and is the
filtered differential phase shift. Analogously, can be esti-
mated from (18) by simply substituting with .

Based on the theory of normalized RSD, it can be shown that
is related to , and is constant [1], [33]. Under this condi-

tion the solution to the specific attenuation is obtained as

(19)
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where . Note that the last equality is true only if
is constant with respect to . The same considerations apply

to the estimate of through (19) using .
Within the rain profiling approach, the coefficient is as-

sumed to be known though it depends on temperature [25]. This
assumption generally leads to errors in the estimation of
affecting the attenuation correction procedure. To overcome this
problem the self-consistent solution was proposed in [8] (named
self-consistent ZPHI). This approach is able to adjust the coeffi-
cients and so that the integrated retrieved attenuation and
differential attenuation profiles are consistent with the measured

profile. The optimal value is found by minimizing, with re-
spect to , the following objective function:

(20)

The self-consistent method also improves the correction
algorithm described in [5] by optimizing the coefficient .

Subsequently, the estimate of and are obtained
through (19); by inverting (12) the corresponding corrected
reflectivities can be then derived

(21a)

(21b)

B. Constrained Iterative Technique

Iterative techniques for correcting rain path attenuation are
known to be highly unstable when the total attenuation exceeds
few decibels, a relatively common case for intense rainfall at
C-band and beyond [45]–[47]. In this paper, the iterative proce-
dure is combined synergistically with new estimation method-
ology, using neural networks. The philosophy behind a hybrid
approach is to merge the advantage of polarimetric radar mea-
surements to constrain the inverse problem, as done by the self-
consistent technique, within an iterative numerical solution [43].

The methodology of NIPPER is described in Fig. 1. The pro-
posed backward iterative algorithm is based on partitioning the
profile variability to contiguous range bins. If with

represents the center range value of each bin, from
(12) we have

(22a)

(22b)

where and are the first and the last ranges. Subsequently
(13) can be written as a discrete sum to be

(23a)

(23b)

The first step of NIPPER is the estimation of the path-in-
tegrated attenuation and differential attenuation

at the range from the filtered measurement
of by using (18). The corrected values of
and are then derived at the farthest range volume by
inverting (22), i.e.,

(24a)

(24b)

Using the corrected (estimated) values of and
, it is possible to estimate the specific attenuation and

specific differential attenuation at the th range volume by
means of

(25a)

(25b)

where NN represent the neural network functional blocks
used for and estimation, respectively.

Neural networks represent a powerful tool for nonlinear in-
verse problems, and they have been already applied to rainrate
estimation from radar data (e.g., [1] and [27]). A topology with
an input, a hidden, and an output layer is shown to approximate
a nonlinear function to any degree of nonlinearity [48]. A multi-
layer feedforward neural network, characterized by a backprop-
agation learning rule, an input layer, and an output layer, was im-
plemented in this work. A four-layer neural network, composed
by an input layer, two hidden layers, and an output layer, was
chosen for its simplicity and effectiveness. The number of input
nodes was set to two, while the number of output nodes to 1.
After an optimization process, called “neural network pruning,”
the number of nodes in the hidden layers was chosen equal to 4
and 3, respectively. The dataset for training the NNs in (25) was
that described in Section II-C.

Using this approach, from (23) we can estimate at the
th range bin through

(26a)

(26b)

where is the range bin resolution where the specific attenu-
ation is assumed to be constant. From (22) the corrected values
of reflectivity and differential reflectivity are

10 log10(Ẑhh(rN�1)) = 10 log10 (Z
m

hh(rN�1)) + 2Âhh(r0; rN�1)

(27a)

10 log10(Ẑdr(rN�1)) = 10 log10 (Z
m

dr(rN�1)) + 2Âdp(r0; rN�1):

(27b)

Generalizing previous equations, we can write the following set
of iterative equations whose initialization for (farthest
range from the radar) is given by

(28a)
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Fig. 1. Block diagram of the proposed attenuation correction technique.

(28b)

With varying from to (closest range to the radar) it
holds

(28c)

(28d)

(28e)
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At the end of this process, a minimization step is also accom-
plished in order to optimize the value of and . A slightly
different objective function is used resorting to the maximum-
likelihood approach (e.g., [49]), i.e.,

(29)

where and are the standard deviations of and terms
in (29), to be used as weights for balancing the confidence in the
copolar and differential estimated attenuation. In this work, we
have set equal to . It is worth mentioning that a coupled
minimization procedure has been applied to find the optimal
values of and . In fact, and are estimated both
from the corrected values of and using distinct NNs.
Consequently, the terms in (29) are not completely independent.

Moreover, a test on is also performed by estimating the
latter from the corrected values of and using another
neural network algorithm

(30)

where NN represents the neural network functional block used
for estimation.

The performance of the NN-based estimator in (30) is usually
better than that of a polynomial regression based on only
[28]. Finally, if is less than a given threshold and is less
than a given value (set to 2 by default), than the process is
stopped; otherwise the previous equation set is iterated again.

The proposed correction algorithm is the implementation of
(28)–(30) so that it is possible to iteratively correct the profiles
of and in a stable and robust manner.

IV. NUMERICAL RESULTS

This section describes the evaluation of the NIPPER
algorithm.

A. S-Band-Derived Test Dataset

The dataset used to test the proposed algorithm has been sim-
ulated adopting the rain model specified in Section II-A where
the RSD parameters have been retrieved from S-band radar mea-
surements. Adopting the procedure proposed in [4], the polari-
metric variables and , measured by the CSU-
CHILL radar during a convective event, have been used to esti-
mate the drop median parameter and the intercept parameter

.
Radar measurements have been performed choosing a pulse

repetition frequency (PRF) and a pulsewidth such that the max-
imum unambiguous range is about 80 km and the range resolu-
tion is 250 m.

Fixing the temperature and consequently the relative di-
electric constant, a complete volume scan at C-band has been
simulated.

A random noise on simulated polarimetric variables has been
introduced to realistically reproduce the measurements [6], re-

Fig. 2. Histogram of the raindrop size distribution parameters.

sulting in a 1-dB fluctuation for , 0.3 dB for , and 2 for
.

Fig. 2 shows the histograms of and encountered in the
dataset. The range of variability of the median volume diameter
is mm (about 99.6% of the cases), while
that one relative to the normalized drop concentration is

m mm (about 93% of the cases).
The plan position indicators (PPIs) of the reflectivity and dif-

ferential reflectivity are shown in Fig. 3. The intensity of
and highlights the presence of wide convective areas and
stratiform regions. Fig. 4 shows the two-way path-integrated at-
tenuation as a function of the azimuth. About 50% of rays have a
PIA greater than 2 dB. The most attenuated rays are localized in
the sectors and , where is
the azimuth angle, with a maximum two-way PIA up to 10 dB.

B. Error Budget of Attenuation Correction

The results obtained by applying the proposed attenuation
compensation technique to the simulated dataset are here exam-
ined assuming a well-calibrated radar. The evaluation of system
bias impact is described in the next Section IV-C.

The performance of NIPPER is evaluated in terms of error
mean value and its standard deviation , com-
puted as a function of range and for all azimuth profiles. In this
work the error is defined as

(31)

where indicates the estimate of the attenuation-corrected
radar reflectivity. Figs. 5 and 6 show the plot of and

, the metrics of the copolar reflectivity and differen-
tial reflectivity retrieval, as a function of the azimuth for both
the self-consistent ZPHI and NIPPER algorithms.

It can be seen from Fig. 5 that the proposed attenuation com-
pensation procedure is characterized by a considerable improve-
ment with respect to the self-consistent rain profiling algorithm.
This behavior is more evident when the attenuation is relatively



VULPIANI et al.: CONSTRAINED ITERATIVE TECHNIQUE WITH EMBEDDED NEURAL NETWORK 2311

Fig. 3. PPI of (upper panel) the synthetic apparent reflectivity and (lower
panel) differential reflectivity.

high (see Fig. 4). If all the processed rays are considered, 78.7%
have a mean error less than 0.5 dBZ and a standard deviation less
than 0.8 dBZ. Using the self-consistent rain profiling algorithm,
the same values of and are obtained in 43.7% of the cases.

Similarly, the differential reflectivity has been corrected (see
Fig. 6) with a mean error less than 0.2 and a standard deviation
less than 0.3 for 79.3% of all rays by NIPPER and 52.1% by the
self-consistent rain profiling algorithm.

C. Impact of System Bias

Systematic errors on and can affect both the atten-
uation compensation and the rainfall retrieval algorithms. Typ-
ically, in a well-maintained radar the error bias on is less
than 0.2 dB, while the bias on is less than 1 dBZ. The bias
on differential reflectivity can be estimated and removed in a
fairly easy way [47], because it is a differential power measure-
ment. However, it is difficult to obtain the absolute calibration
of . For this reason, assuming a bias of 0.2 dB on , we
focused on the impact that the error bias on has on the path
attenuation correction technique.

Fig. 4. Two-way PIA as function of the azimuth.

Fig. 5. Reflectivity retrieval. (Right panels) The NIPPER performance (right
panels) is compared with the rain profiling algorithm one (left panels) in case
of well-calibrated radar.

The impact of system bias on path attenuation and differen-
tial attenuation correction are evaluated in Figs. 7 and 8, again
in terms of the mean and the standard deviation of the error. As
shown in Figs. 7 and 8, both the self-consistent rain profiling
algorithm and NIPPER are sensitive to radar calibration. In this
case, we have found an increase of both and . As shown
in Fig. 7, using the proposed iterative technique, about 82% of
the corrected profiles of reflectivity are affected by a mean error
less than 1.5 dBZ and a standard deviation less than 1 dBZ. On
the contrary, using the self-consistent rain profiling algorithm,
we found that about 70% of the reflectivity profiles are charac-
terized by the same values of and . It can be seen, from
Fig. 8, that the differential reflectivity has been corrected with a
mean error less than 0.4 and a standard deviation less than 0.35
in 84% of the rays by NIPPER and 69% by the self-consistent
rain profiling algorithm.
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Fig. 6. Differential reflectivity retrieval. The NIPPER performance (right
panels) is compared with the rain profiling algorithm one (left panels) in case
of well-calibrated radar.

Fig. 7. Reflectivity retrieval. The NIPPER performance (right panels) is
compared with the rain profiling algorithm one (left panels) in presence of
system bias (1 dBZ on Z and 0.2 dB on Z ).

V. SUMMARY AND CONCLUSION

Dual-polarization radar measurements can be significantly
affected by rain path attenuation, especially for moderate to in-
tense precipitation intensity. This effect is one of the impor-
tant error sources that need to be compensated before using
radar data for quantitative applications, especially for C-band
systems.

Iterative techniques for correcting rain path attenuation
are known to be unstable when the total attenuation exceeds
few decibels, a relatively common case for intense rainfall at
C-band and higher frequencies. This paper uses the iterative
correction combined with a neural network and a differential
phase constraint to stabilize the attenuation correction proce-
dure. The rationale behind a hybrid approach is to merge the

Fig. 8. Differential reflectivity retrieval. The NIPPER performance (right
panels) is compared with the rain profiling algorithm one (left panels) in
presence of system bias (1dBZ on Z and 0.2 dB on Z ).

advantage of polarimetric radar measurements to constrain the
inverse problem, as done by the self-consistent rain profiling
algorithm, within an iterative numerical solution.

A new stable backward iterative technique to correct for
path attenuation and differential attenuation is presented. The
proposed neural network iterative polarimetric precipitation
estimator by radar (NIPPER) is based on a polarimetric model
used to train an embedded neural network, constrained by the
measurement of the differential phase along the rain path. The
adopted polarimetric model is able to simulate amplitude and
phase radar response starting from the characterization of rain-
drop distributions with respect to shape, size, and orientation
distribution.

Numerical simulations have been used to investigate the ef-
ficiency, accuracy, and robustness of proposed technique. The
performances of NIPPER at C-band have been evaluated by
using a radar volume scan generated from S-band radar mea-
surements. The latter have been inverted, using a parametric re-
gression algorithm, in order to estimate the raindrop size distri-
bution. Sensitivity analysis has been performed in order to eval-
uate the expected errors of NIPPER in terms of reconstructed
radar observables, taking into account both the error budget
and the impact of system bias. These results have shown that
NIPPER tends to exhibit a relatively better accuracy and ro-
bustness when compared with the self-consistent rain profiling
technique.
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