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Rain Field and Reflectivity Vertical Profile
Reconstruction From C-Band

Radar Volumetric Data
Frank Silvio Marzano, Senior Member, IEEE, Gianfranco Vulpiani, and Errico Picciotti

Abstract—Operating a meteorological radar is generally a
challenging task when in presence of a significant beam blockage
as in complex orography. Apart from enhanced ground clutter,
mountainous obstructions of the radar beam can significantly
reduce the radar visibility and, thus, its monitoring capabilities.
Self-consistent adaptive techniques to reconstruct vertical profiles
of reflectivity (VPR) and near-surface rain-rate fields from
high-elevation reflectivity bins are here proposed, compared,
and tested for ranges up to 60 km. The methodology is based on
statistical estimators trained by a large reflectivity volumetric
datasets, classified into stratiform and convective rain regimes and
resampled onto a uniform Cartesian grid by means of a modified
Cressman technique. For what concerns reflectivity vertical
profiles, two methods, respectively named statistical nonlinear
reconstruction (NSR) and neural network reconstruction (NNR),
are considered. The NSR method is based on the principal com-
ponent analysis, applied to the radar dataset, in order to extract
significant reflectivity-profile variance. A retrieval technique,
based on a nonlinear multiple regression scheme, is then used to
infer near-surface reflectivity from available high-altitude echoes
at a given range. The NNR is based on a three-layer artificial
neural network trained by means a feedforward backpropagation
algorithm. For what concerns the near-surface rain retrieval,
besides a power-law reflectivity-rain-rate (ZR) approach, a
three-layer neural network technique is also set up in order to
estimate surface rain rate from reconstructed VPR. The proposed
reconstruction techniques are here illustrated by using volumetric
data acquired by the C-band Doppler single-polarization radar,
operated in L’Aquila, Italy. A case study, related to a rainfall
event that occurred during fall 2000, is discussed. Using a test
area within 60 km from the radar site and simulating the presence
of beam obstructions, a comparison of NSR and NNR with
conventional area average reconstruction techniques shows that
the percentage improvement of both NSR and NNR approaches
is significant, both for the error bias (by 30% to more than
50%, depending on altitude) and variance (by 10% to more than
20%). A sensitivity test indicates that the VPR reconstruction
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procedure is fairly robust to missing data, especially in terms of
error bias. The comparison of estimated radar rainfall with rain
gauge data measurement is also illustrated. The mean field bias
closer to its optimal value and an error variance much smaller is
obtained when neural network techniques are applied than with
conventional ZR methods for both techniques of reconstruction.
With respect to the latter, the obtained improvement is more
than 40% in terms of root mean square error and is comparable
when estimating near-surface rain rate using either NSR or
NNR methods to reconstruct the reflectivity vertical profiles.
Limitations, potential, and future developments of the proposed
adaptive reconstruction techniques are finally discussed.

Index Terms—Ground-based C-band radar, inversion tech-
niques, radar meteorology, rain field reconstruction, rain-rate
retrieval, vertical profile of reflectivity.

I. INTRODUCTION

RAIN-RATE fields represent a valuable information
not only for hydrogeological applications, but also for

microwave communication planning and for assimilation
purposes within numerical weather forecast models [1]–[3]. In
presence of a complex orography, characterized by hilly and
mountainous scenarios, this task is fairly involved, especially
if needed at a ground resolution less than few kilometers.
Rain gauge networks denote many limitations related to their
sparse and spot-like data distribution [4]. Nevertheless, they
represent indispensable means for remote sensor calibration
and validation.

Microwave Doppler radars are considered a fairly established
technique to retrieve rain rate fields from measured reflectivity
volumes. Radar observations are affected by several impairments
that should be carefully evaluated, especially in a complex
orographic environment [5]–[7]. Together with the enhancement
of ground-clutter effects, the major limitation is represented by
partial or total beam blocking caused by natural obstructions
which very often impose scanning elevations larger than 1.5 .
These range-related limitations tend to reduce the potential role
of operational weather radars in monitoring precipitation amount
at ground within mountainous areas since, if either the nature
or intensity of rainfall varies with height (e.g., melting effects
during stratiform rain), radar returns at higher altitudes may be
not representative of surface rain rate [8], [9].

A conventional approach to the reconstruction of surface
rain-rate fields is to estimate the vertical profile of reflectivity
(VPR) by using proper spatial and time averages of radar
volume data [10]. This approach, which might be classified
as “static,” is strongly affected by the variability of rain at
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medium and small scales. Various regimes can be present over
large areas, mainly stratiform, convective, and orographically
enhanced. Stratiform rain is recognizable by a decreasing
reflectivity profile and by the presence of a bright band, just
below the freezing level and with a thickness dependent on the
thermal lapse rate and fall velocity. On the contrary, convective
rain is featured by a VPR mainly constant with altitude due to
the mixing of ice and water hydrometeors sustained by strong
updrafts and downdrafts. Finally, orographic rain may present
largely variable reflectivity at low levels due to windflow over
mountain slopes.

As opposed to a “static” approach to rain field reconstruction,
a “dynamic” (or adaptive) technique should be able to exploit
measured reflectivity data available at unobstructed heights to
estimate the unknown radar reflectivities at lower levels, in-
cluding that near the surface. This ability to retrieve VPR at
small scales can be addressed by resorting to either a classifi-
cation or to an estimation method. In the first case, the main
goal is to identify a typical VPR given an upper level set of re-
flectivity data [11], [12]. The considered VPR classes can be
simply stratiform and convective or, using a more sophisticated
approach, can be categorized according to the fine variability of
the reflectivity measurements. On the other hand, in order not
to be limited by the definition of a “typical” profile, the training
dataset, possibly classified, can be used to set up inversion algo-
rithms able to use, in a statistical way, the information of mea-
sured reflectivity every scan [13]. A major limitation of both
approaches is related to the choice and statistically significance
of the VPR training dataset.

A real-time operational aim may strongly orient the deci-
sion on the solution strategy for VPR reconstruction. All pro-
cessing steps must employ computing resources for much less
than time that taken for a complete radar volume scan. This
means that the processing of the volumetric data must be fast
enough and avoid any large data backlog. In order to accom-
plish this task, two ways may be envisaged. The first approach,
referred to as “online,” is to estimate a space–time average VPR
from near-real-time volume data within fairly limited areas and
amount of time (e.g., from 5–140 km and from 15 min to a few
hours) [8], [12]. The simplicity of the “online” VPR reconstruc-
tion would ensure a high-speed profile correction procedure.
The second approach, referred to as “offline,” is to resort to a
training of the VPR retrieval algorithm by using historical radar
volume datasets, possibly classified in time and space [9], [13].
After the training step is accomplished by using even more so-
phisticated inversion techniques, the application of the VPR “of-
fline” reconstruction algorithm would become straightforward
and fast.

Both approaches have strengths and drawbacks: 1) the
“online” approach does not involve any historical dataset
even though a data preanalysis should be necessary, but it has
basically to resort to the use of simple estimation techniques;
2) the “offline” approach can deal with more accurate inversion
methods, but requires a training period of activity. The choice
between the two strongly depends on the goals. To a certain
extent, a synergistic approach might be the optimal solution.

The accuracy of reconstructing a near-surface rain field is in-
trinsically connected to its range dependence [14]–[16]. For an

antenna beamwidth of 1 , the transverse dimension of the res-
olution volume goes from about 0.3 km at 20 km to about 1
km at 60 km and 2 km at 120 km. Nonuniform beam filling
and smoothing effects can become significant beyond a range
of 60 km. A way to reduce this error is to perform an “identi-
fication” of VPR, i.e., to deconvolve the radar observation by
knowing the radar antenna pattern in order to retrieve the “true”
nonsmoothed VPR [7], [16]. It is worth mentioning that the
identification of VPR is a different procedure from the recon-
struction of VPR, since in the latter case, after performing or not
a VPR identification (possibly accomplishing it beyond a range
of 60 km), the aim is to retrieve the lower level reflectivity data
from the upper ones.

In this paper, self-consistent techniques to reconstruct vertical
profiles of reflectivity (VPR) and near-surface rain-rate fields
from high-elevation reflectivity bins are proposed, compared,
and tested for ranges up to 60 km. The methodology is based on
the statistical analysis of a large historical reflectivity volume
datasets, classified into stratiform and convective rain regimes
and resampled onto a uniform Cartesian grid by means of
a modified Cressman approach. The proposed reconstruction
techniques are here illustrated by using volumetric data acquired
by the C-band Doppler single-polarization radar, operated in
L’Aquila, Italy. A case study, related to a rainfall event occurred
during the fall of 2000, is discussed. For what concerns
reflectivity vertical profiles, two methods, respectively named
statistical nonlinear reconstruction (NSR) and neural network
reconstruction (NNR), are considered. The NSR method is
based on the principal component analysis, applied to the
radar dataset, in order to extract significant reflectivity-profile
variance. A retrieval technique, based on a nonlinear multiple
regression scheme, is then used to infer near-surface reflectivity
from available high-altitude echoes at a given range. The NNR
is based on a three-layer artificial neural network trained by
means a feedforward backpropagation algorithm. Using a test
area within 60 km from the radar site and simulating the
presence of beam obstructions, a comparison of NSR and
NNR with conventional area average reconstruction (AAR)
techniques is shown. Finally, the comparison of estimated
radar rainfall with rain gauge measurement is also illustrated,
beside a power-law reflectivity-rain-rate approach, a three-layer
neural network technique is also set up in order to estimate
surface rain rate from reconstructed VPR. The results are
analyzed in terms of mean field bias and error variance for
any different techniques of reconstruction.

II. RAINFALL REMOTE SENSING IN COMPLEX OROGRAPHY

Radar rainfall retrievals are, as said, affected by several am-
biguities that need to be carefully corrected and, possibly, re-
moved before any attempt to use radar estimates in an oper-
ational context [17]. In a complex orography, surface rainfall
might be even not observed at all for a large portion of the radar
volume scan. Indeed, the blockage of the radar beam (and the
unability to use very low elevation scans except in some parts of
the domain) can arise at any radar site—even at low levels—if
it is badly chosen.
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(a)

(b)

Fig. 1. (a) Rainfall event of November 7, 2000 as pictured by the Abruzzo
radar around 9 : 00 UTC. The PPI at 2 elevation angles is superimposed to a
digital terrain model of Central Italy around L’Aquila (AQ symbol). (b) Same
as in (a), but at 4 .

Besides practical and legal problems, the choice of a radar
site operating in complex orography is a cumbersome task. On
one hand, the goal is to select it as high as possible in order to
increase radar coverage, but not so high as to complicate the re-
trieval by the introduction of measured reflectivities from the
mixed-phase rainfall around the freezing level. Orography can
also introduce other problems such a very low level enhance-
ment of rainfall through a seeder-feeder process.

A. Abruzzo Doppler C-Band Radar

The Abruzzo meteorological radar was installed in the
Abruzzo region near L’Aquila on November 1997 and operated
by CETEMPS, University of L’Aquila [9]. As displayed by the
digital terrain map of Fig. 1, the city of L’Aquila (AQ symbol)
is placed in Central Italy around in the middle of Apennine
mountain range extending along the length of the Italian
peninsula. By looking at the plan position indicator (PPI)
map at 2 elevation of Fig. 1, the Gran–Sasso mountain (with
peaks up 3000 m) clearly blocks the radar beams eastward.
Almost the same happens westward due to the Velino and
Sirente mountains (with peaks up to 2500 m). As evident, the
orography is such that the radar visibility at low elevations is
ensured only in the southeast directions within a sector of about
45 .

The location of the Abruzzo radar was mainly dictated by
the need of the regional Authority to monitor the Aterno valley,
which extends in the southeast direction with respect to the radar

site. The Aterno river is a tributary of the Pescara river, which
flows into the Adriatic Sea near Pescara (PE symbol in Fig. 1).
The intersection of the two rivers near Sulmona (SU symbol
in Fig. 1) is a critical hydrogeological area where floods fre-
quently happen every year, causing extensive damage to agri-
culture and viability. The climatology of the monitored area is
such that there is a predominance of low to moderate rainfall,
having stratiform nature with high temporal persistence. Em-
bedded convective rain may be also present mainly due to oro-
graphic effects.

Volume data, gathered by a C-band Doppler radar placed in
L’Aquila at 680-m altitude, will be used in this paper. The hor-
izontally polarized radar, manufactured by Enterprise, Inc., is
placed on a 10-m height tower at 42.38 latitude and 13.32 lon-
gitude, having a radome-covered parabolic antenna of 2.44-m
diameter, a 1.6 half-power beamwidth, and 40-dB directivity.
The magnetron peak-power is 250 kW at 5.6 GHz with a pulse
repetition frequency (PRF) of 250 Hz (i.e., intensity mode with
a pulse width of 1.98 s) and 787, 885, and 1180 Hz (i.e., ve-
locity mode with unfolding option and a pulse width of 0.75 s).
The receiver sensitivity is 110 dBm. The maximum range is
480 and 120 km for the intensity and velocity mode, respec-
tively. During the acquisition mode, a uniform angular resolu-
tion of 1 and 0.5 for elevation (up to 10 ) and azimuth angles
is maintained constant without changing the pulse duration. A
self-contained software, named EDGE, is used to remotely op-
erate and archive radar data.

B. Rainfall Retrieval Algorithm

A radar rainfall retrieval in complex orography should ba-
sically try to solve the problem of beam blockage in order to
provide a useful hydrometeorological product. However, all the
classical steps of radar data processing must be carefully carried
out.

The general radar equation expresses the average received
power from a volume at range along an eleva-
tion–azimuth direction ( , ) as [18], [19]

(1)

where is the instrumental constant, mm m the ap-
parent reflectivity factor (hereafter also referred to as reflec-
tivity) and [dB] the one-way path attenuation. It is worth men-
tioning that the apparent reflectivity is equal to the equivalent
reflectivity of an observed radar volume only if nonuniform
beam filling of the volume itself is negligible and if the antenna
pattern effects are negligible. The latter conditions might be not
true at longer ranges ( 60 km) [7]. However, since we restrict
our interest to short and medium ranges ( 60 km), in this paper,
we will assume .

Fig. 2 illustrates the block diagram of the overall retrieval
algorithm. Decluttering is of particular importance in complex
orography. We have adopted the scheme proposed by Joss and
Lee [6], based on the construction of an areal clutter map.
The latter is obtained by averaging, for each range gate, the
reflectivity measurement in clear-air conditions. However,
the scheme has been integrated with spectral and statistical
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Fig. 2. Overall schematic flow diagram of rain-rate field retrieval algorithm from C-band radar volume data in complex orography. Radar clutter removal,
path-attenuation correction, volume spatial interpolation and resampling, reflectivity vertical profile identification and reconstruction, and surface rain-rate
estimation are emphasized. The step for rain gauge spatial interpolation and comparison is also depicted for completeness.

signal processing, routinely performed using signal temporal
autocorrelation, histogram, and Doppler velocity analysis.

Classification of rain events into stratiform and convective
regimes is carried out by using a reflectivity horizontal gradient
and intensity technique, tuned to the local climatological con-
ditions [20]. Significant path attenuation , due to con-
vective rainfall, is possibly corrected by using an iterative for-
ward algorithm [21], [22]. In order to avoid instabilities, a check
of convergence of the retrieved reflectivity range profile is also
performed. Even though procedures to remove the bright-band
contamination are available (e.g., [23]), this correction is not
generally accomplished within the retrieval algorithm, since it
is implicitly treated within the VPR reconstruction.

The reconstruction of the vertical profiles of reflectivity is one
of the principal steps when operating in a complex environment.
If is the geographical location and is the altitude,
the normalized reflectivity profile (NRP) is defined as fol-
lows:

(2)

where is a reference reflectivity profile, derived from a statis-
tical analysis of temporal and spatial reflectivity profile. Gener-
ally, is assumed to be the same at any point of the studied
area and independent of the rainfall horizontal variability (at
least in a subregion). Section IV will be devoted to illustrate
new developments on the NRP reconstruction by using inverse
techniques applied to measured reflectivity volume.

Once reconstructed, near-surface bins of NRP can be used to
derive surface rainfall rate . A comparison with rain gauge-
measured rain rate can give a measure of the radar error retrieval,
even though major discrepancies can arise from the comparison
between a radar areal estimate and a gauge point measurement.
This problem, sometimes called “mean rain rate-field bias,” can

be partially reduced by spatially interpolating rain gauge mea-
surements, as done in this paper [1].

III. CASE STUDY

A case study, related to a rainfall event occurred in Abruzzo
region during autumn 2000, is described and used to illustrate
the VPR retrieval technique.

A. Event of November 7, 2000

As already mentioned, Fig. 1 shows a PPI map acquired on
November 7, 2000 by the C-band radar at a range resolution
of 250 m before decluttering at elevation of 2 and 4 . A
continuous acquisition was carried out between 08:00 and
24 : 00 UTC. Using a azimuth-elevation angular
resolution and limiting elevation to 10 , a single radar volume
was completed in about 8 min. A total of 48 radar volumes
were available during the rainfall event.

The measured PPI shows an increase of reflectivity in the
southeast directions, denoting a moderate precipitation going
on. The rain event lasted about 15 h, slightly dissipating around
12 : 00 UTC and reenhancing from 17 : 00 UTC until 23 : 00
UTC. Fig. 3(a) shows the range-height intensity representation
of the measured reflectivity along the line going from AQ to SU
(i.e., southest direction) symbols in Fig. 1. Fig. 3(b) illustrates
the occurrence contour of reflectivity vertical profiles, measured
during the rainfall event of November 7, 2000 within the training
area of Aterno valley between 20–60 km from the radar site. A
typical predominant stratiform vertical structure of rainfall is ap-
parent from Fig. 3. From regional radiosoundings and meteoro-
logical forecasts, the freezing level was expected to be between
1900–2400 m above the sea level (i.e., between 1200–1700 m
above the ground level) within the observed area.
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(a)

(b

Fig. 3. (a) Vertical cross section (range-height intensity representation) of the
measured reflectivity above the ground level (AGL) along the line going from
AQ to SU (i.e., southeast direction) symbols in Fig. 1. (b) Occurrence contour
of reflectivity vertical profiles, measured during the rainfall event of November
7, 2000 within the training area of Aterno valley between 20–60 km from the
radar site.

B. Rain Gauge Network Data

Rain gauge data from a regional network were available in
correspondence of the rainfall event. The network of 40 tipping-
bucket rain gauges is sparse and unevenly distributed due to the
mountainous geographical conformation.

In order to mitigate the mentioned mean rain rate–field bias,
we have applied the modified Cressman spatial interpolation
technique to available rain gauge data, sampled hourly. Details
on the modified Cressman technique, an extension of the inter-
polation method proposed by Cressman [24], are given in Ap-
pendix A. The regular square grid, having 1-km step and 240-km
width, has been centered on the radar site. The influence of con-
tiguous measurements on a given point is defined by an appro-
priate weighting function whose shape is, in general, elliptic.
The latter choice gives the flexibility to allocate the influence
shape as a function of local orography. A spatial filter is finally
applied to smooth local irregularities.

As an example referred to the case study of Fig. 1, Fig. 4
shows the spatially interpolated rain map, accumulated at
9 : 00 UTC using circular influence areas of 15 km for any
available rain gauge (filled circles in the figure). The chosen
influence area corresponds to an average size of the regional
“homogeneous” basins [9]. An average of 40–50 mm were

(a)

(b)

Fig. 4. (a) Accumulated rain-rate map as derived from spatial interpolation
of available rain gauges (indicated by circles in the figure) at 9 : 00 UTC and
superimposed to a digital terrain model of Central Italy. The modified Cressman
technique with a circular influence areas of 15 km is employed. (b) Daily
accumulated rainfall during the event of November 7, 2000 as derived from the
spatially interpoled rain gauge network data.

accumulated during the whole day of November 7, 2000,
as shown in Fig. 4. Results obtained by using the modified
Cressman technique were compared to other conventional spa-
tial interpolation methods, such as kriging, noting an average
difference of the rainrate field less than 5%.

IV. RECONSTRUCTION OF REFLECTIVITY VERTICAL PROFILES

Various techniques to reconstruct near-surface reflectivity
fields from high-elevation reflectivity bins in presence of an
orographic obstruction are here illustrated. The NRP recon-
struction methods are trained by large reflectivity volume
datasets, classified in terms of rainfall typology (e.g., stratiform
and convective), season, and radar coverage subregion. The
archive analyzed here consists of 12 radar training datasets
(i.e., two rain types, three seasons, and two subregions),
comprising at least three rainfall events.

For each radar training dataset, the radar volumes are resam-
pled onto a uniform Cartesian grid with 1-km horizontal resolu-
tion (covering an area of km ) and 0.5-km vertical res-
olution (up to 4.5 km above ground level, i.e., eight layers). No-
tice that, due to the inherent spatial degradation of radar bins, the
number of available bins decreases as range increases. Choosing
an area of observation delimited by ranges between 30 and 60
km, the radar-bin transverse resolution reaches values of about
0.8 and 1.7 km at 30 and 60 km, respectively. The elevation scan
step of 1 with an antenna beam-width of 1.6 ensures a spatial
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sampling redundancy to be exploited within the interpolation
stage up to about 5-km altitude.

The modified Cressman spatial interpolation technique, de-
scribed in Appendix A, with an influence radius of 1 km at any
range bin, was adopted to uniformly fill the reflectivity three-di-
mensional (3-D) domain grid. As a training dataset for the VPR
reconstruction techniques illustrated in the next paragraphs, the
resampled radar measurements of moderate stratiform events,
acquired during the spring 2000 at ranges less than 60 km in
the southeast directions along the Aterno valley, were selected
in this paper.

The inverse problem to be solved can be stated in a matrix
form as follows. If are the vertical layers of the normalized
reflectivity profile, a corresponding vector can be introduced

(3)

where are the NRP values for each layer at height with
at the near-surface layer and at the top layer. If

are the reflectivity data available in the radar-beam
visibility region (i.e., with from to ), then the
inverse problem consists in estimating the values of the
lower layer reflectivity (i.e., with from 1 to ).
In other words, the problem is to devise an estimator such
that

(4)

where is the forward functional relating the unknowns to
the measurements .

In this work, the constant-altitude reprojection of radar volu-
metric data has been set up such that and due to
the target area where rain gauge data were available. The recon-
struction algorithms can be, in principle, applied to any suitable
subdataset, classified in a proper way, with variable and .
To this aim, the illustration of the proposed methodologies is
maintained fairly general.

A. AAR

A very common technique, consisting in choosing an areal
average reflectivity as a reconstructed profile, is considered as
a reference (e.g., [8] and [10]). Usual approaches to reflectivity
profile reconstruction are based on this method. In this case, the
estimated NRP is given by

(5)

where the angle brackets indicate time-space ensemble aver-
aging of profiles, available within the training set, at a given
height at any distance . If the ensemble averaging is such
that it is assumed equal to Z , it obviously holds from (2)

(6)

The previous equation justifies our choice for NRP, since its
displacement from 1 indicates how different is the reconstructed
profile from the conventional average one.

The ensemble averaging can be performed in different ways.
It can be derived by using historical archives, classified with re-
spect to season, subregion of interest within the radar coverage

and rain type. Other choices takes into account near-real-time
variability of reflectivity field by performing an average in space
at a given scale (from the 70–140-km range) and temporal fre-
quency (from a period of 15 min until a few hours). A review
of the VPR correction schemes in terms of space–time scale is
given in [8].

Both approaches have advantages and disadvantages. The
“climatological” approach can rely on larger datasets, but needs
of a preclassifier and can miss local variability of the measured
field when processing data online. On the other hand, the
“real-time” approach implies a heavier data handling and can
suffer from a lack of statistically significance when estimating
mean profiles from sectorial data frames. In this paper, we
have adopted the “climatological” approach, even though a
quantitative evaluation has been carried out for the “real-time”
approach as well.

B. NSR

The aim of this approach is to design a statistical method
which can tackle the strong nonlinearity of the considered in-
verse problem [22]. A decomposition of NRP vector into em-
pirical orthogonal functions is first carried out, i.e.,

(7)

where are the principal component and the
corresponding orthogonal empirical function or eigenvector
(with elements). In a matrix form, the previous relation
becomes

(8)

The eigenvectors define an ortho-normal basis in the NRP
space of dimension , and are derived from the eigenanalysis
of the autocovariance matrix of , i.e.,

(9)

where is the th eigenvalue. An unbiased estimate of the NRP
covariance matrix is given by

(10)

where are the available profiles within the training set and
superscript “T” indicates array transposition. Each eigenvalue

is proportional to the variance of the corresponding principal
component with the following normalization property:

(11)

Using the training dataset available in this work, the variance
analysis through (11) reveals that only the first (in this
work, ) principal components are necessary to explain
more than 90% data variance. This implies that the summation
in (7) can be stop to with the obvious advantage to estimate
only principal components.
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The principal components need to be estimated from
available reflectivity measurements in the visibility region. A
multiple polynomial regression of degree can be applied to
estimate the principal components, i.e., here , , and ,
using available NRP at higher levels

(12)

where are the regression coefficients. By coupling (12)
with (7) it is possible to reconstruct the unknown elements of
NRP by means of the following formula:

(13)

where the quadratic estimation assumption (i.e., ) in (13)
could be stopped at any polynomial order.

C. NNR

Artificial neural networks represent a very versatile and pow-
erful tool to deal with nonlinear inverse problems, and they have
been applied to rainrate estimation from radar data [25], [26].
The multilayer perceptron architecture considered here denotes
useful stochastic approximation properties. An architecture with
an input, a hidden layer, and an output layer, is proved to approx-
imate a nonlinear function to any degree of nonlinearity [27].

A multilayer feedforward neural network, characterized by a
backpropagation learning rule input nodes and

output nodes was implemented in this paper. The back-
propagation learning rule provides a computationally efficient
method for changing the weights in a feedforward network, with
differentiable activation function units, to learn a training set of
input–output examples. In a general sense, a functional relation
between inputs and outputs nodes can be written as

NN (14)

where NN is the neural-network function transforming mea-
surements into unknowns .

A three-layer neural network, composed by an input layer, a
hidden layer and an output layer, was chosen for its simplicity
and effectiveness. Note that sometimes the input layer is not
considered as a true layer so that the same NN architecture we
used is classified as a two-layer one. The number

of input nodes was set to 6 (i.e., to 8), while the
number of output nodes to 2 (i.e., to 2). After
an optimization process, called “NN pruning,” the number of
inner nodes was chosen equal to 4 (i.e., to 4).

The NN architecture is such that all nodes are fully inter-
connected to each other and this interconnection are charac-
terized by weights and biases. We can distinguish the hidden
weights , that is the weight of th hidden node associated
to th input value, from the output weights , that is the
weight of th output node associated to th hidden value. Bi-
ases, initialized to 1, are input to both the hidden and output
layer. The hidden and output nodes are characterized by the ac-

tivation function which is generally assumed to be a differ-
entiable nonlinear function. Here, we chose the sigmoidal (lo-
gistic) function, defined as

(15)

where is the input value to either the hidden or output node,
is the node gain and is the node bias. The values and may
be specified to be either: 1) the same for the entire NN; or 2)
different for each NN layer; or 3) different for each node in the
layer. In the NN developed here, the first method was utilized
with and .

The backpropagation learning method relies on a supervised
learning rule for adjusting the weights such that a sum-of-square
error function is minimized (in a local sense) over the training
dataset with extracted profiles (input patterns) [27]. In our
context, assuming a Gaussian error, this cost function has the
following form:

(16)

where represents the array of all weights in the network.
The backpropagation learning rules can be specified for both

the hidden and output weights by using a steepest gradient de-
scent algorithm. For the output weights , the use of the delta
rule leads to the following updating equation:

(17)

where the indicates the updated (new) value of and
is the output-layer learning rate. The partial derivative in (17) is
given by

(18)

being the incoming value in the output layer, derived from
the hidden layer. The weighted sum for the th output node is
given by

(19)

while the values are computed by propagating the input
vector through the hidden layer according to

(20)

The learning rule for the hidden layer weights is less ob-
vious as that for the output layer because a set of desired outputs
for the hidden nodes is not available. However, a learning rule
may be still derived by minimizing the output-layer error. This
results to propagating the output error back toward the hidden
nodes. The updating for the output weights can be written
as

(21)
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where the indicates the updated (new) value of and
is the hidden-layer learning rate. By using the chain rule for

differentiation, the partial derivative in (18) is given by

(22)

where

(23)

and the weighted sum for the th hidden node is given by

(24)

If (16)–(24) are explictly coupled, the NN functional in (14) is
then completely defined.

The training step is carried out to form the interconnection
weights. The NN is initialized by assigning zero-mean random
numbers from the interval ( 1, 1) to the interconnection
weights. The weights are updated every presentation of an
input normalized pattern in a way called incremental learning.

A learning rate is selected to control the incremental change
in the interconnection weights during iterative training. Here,
we chose . This very low value of the learning
rate is justified by the fact that in such conditions during
the training process the incremental backpropagation gives
rise to a nonnegligible stochastic element, which provides a
quasi-annealing random character [27]. This means that the
cumulative gradient is continuously perturbed allowing to
escape local minima. The convergence of the NN training step
is accomplished at a given run (epoch) when the error falls
below a given threshold.

D. Tests and Sensitivity Analysis

The three reconstruction techniques, previously discussed,
were tested on the same case study of November 7, 2000. Radar
bins within a range 30–60 km were used. Note that values at
surface have been extrapolated from at 250 m above ground
level (AGL). For altitudes less than 2 km where the VPR re-
construction took place, results are shown in Fig. 5 in terms of
vertical profiles of the fractional mean error (FME) and frac-
tional standard error (FSE) defined as

FME

FSE
(25)

where is the NRP error and the angle brackets indicate
ensemble averaging on the test dataset. The FME parameter is
an extension of the conventional FSE to characterize the error
bias. Notice that both FME and FSE can be represented as error
profiles with respect to the height .

The better accuracy of NSR and NNR against AAR is ap-
parent both in terms of FME and FSE, with a slight predomi-
nance of NSR performances with respect to NNR. The reduc-
tion of the underestimation error bias with respect to AAR is

(a)

(b)

Fig. 5. (a) Vertical profile of the fractional mean error (FME) of reflectivity
profile reconstruction between 0.25 and 2.0 km above ground level within the
test area of Aterno valley for the November 7, 2000 event. AAR, NSR, and NNR
techniques are compared. (b) The same as in the top panel, but for the FSE.

more than 30% below 800 m and more than 50% around 1250
m, while the fractional standard error is reduced by more than
20% (from 35% to less than 30%). The significant underestima-
tion of the AAR estimation around 1250 m is mainly due to the
prevailing Z profiles within the test area which are fairly weak
and peaked around that lower levels. The worse performance
for FSE was expected and due to high variability of reflectivity
vertical profile at mesoscale (i.e., few kilometers of horizontal
resolution). Analogous results were obtained considering other
case studies.

We note that the AAR technique can be biased due to the inde-
pendence of the test dataset with respect to the training dataset.
When the two datasets coincide (at least statistically), an unbi-
ased AAR is expected. The biasing effect tends to affect less the
adaptive techniques such as NSR and NNR. Generally speaking,
the classification of the radar scene into stratiform and con-
vective rain (see Section II-B) gives performances better than
no-classification approach of about 10% to 20%. Finally, being
the proposed technique inherently empirical in the sense they
are trained by measured data, reconstructed stratiform Z pro-
files intrinsically contain the brightband feature, characterized
by the freezing level height. The latter could be easily inserted
as a further predictor within a classification scheme if its value
is known from independent sources (e.g., local radiosoundings
or meteorolorological forecasts).
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Fig. 6. Same as in Fig. 5, but for the sensitivity test to availability of upper
cloud reflectivity bins. Results are shown only for the NNR method assuming to
have only three reflectivity bins between 3.0–4.5 km above ground level (instead
of 5 between 2.0–4.5 km).

Complex orography generally denotes a high variability
which reflects into a heterogeneous conditions of radar vis-
ibility within its coverage. The reconstruction of reflectivity
vertical profiles should be able to adapt to various condi-
tions characterized by the availability of a reduced number
of high-resolution vertical bins and, for longer ranges, by a
degradation of vertical resolution of resampled bins.

A sensitivity test to the availability of upper cloud reflectivity
has been also carried out. Results are shown in Fig. 6, which illus-
trates the same as in Fig. 5, but assuming to have only four or five
reflectivity bins between 2.5–4 km above ground level (instead of
six input data between 1.5–4 km) as in Fig. 5. In this context, the
NNhasbeenretrainedwithareducednumberofinputs.OnlyFME
and FSE values for the neural network reconstruction are shown,
since the results for NSR are very similar.

The last figure confirms the robustness of the proposed recon-
struction techniques. It is worth noting that a basic limitation of
these proposed methods is the impossibility to reconstruct VPR
profiles with the lowest level at an altitude lower than the radar
site, unless the region of radar visibility can extend to negative
elevation angles. Successful tests were also performed to esti-
mate lower level reflectivity in areas at higher heights than that
available during the training procedure.

As examples of the proposed procedure, Fig. 7 shows a re-
construction of a vertical profile of reflectivity (VPR) below

(a)

(b)

Fig. 7. (a) Example of reconstruction of VPR below 2-km altitude within the
training area obtained by using NSR and NNR methods and compared to the
measured (real) one. (b) Same as in (a), but within the test area and compared
to the AAR one.

2-km altitude within the training area obtained by using NSR
and NNR methods and compared to the measured one. Fig. 7(b)
refers to VPR reconstruction within the test area and is com-
pared to the areal average reconstruction (AAR) one. We note
how the AAR profile is peaked around 750 m above the ground
level (about 1500 m above the sea level) due to the predomi-
nance of such Z profiles within the training area and shows an
intensity not higher than 16 dBZ due to the large presence of
weak reflectivity profiles. On the contrary, the adaptive recon-
struction techniques are able to follow the intensity and vertical
variations of the measured reflectivity profile within both the
observed area.

V. RECONSTRUCTION OF RAINFALL RATE FIELDS

In the following, we will describe the approaches used to re-
trieve rainfall rate fields from the reconstructed reflectivity pro-
files during the considered rain event of November 7, 2000.

In order to evaluate the results in Section V-B, radar-esti-
mated rain rates will be compared with rain-gauge-measured

by using a set of error indicators. If the rain-rate retrieval error
is expressed as

(26)
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and if the angle brackets indicate ensemble averaging over avail-
able rain gauge and time steps, we can introduce the following:

• the fractional mean reduction (FMR), defined as

FMR (27)

whose optimal value is 1 when the error bias is zero;
• the fractional variance reduction (FVR), defined as

FVR (28)

where and stands for the variance of and ,
respectively, and whose optimal value is 1 when the error
standard deviation is zero;

• the root mean square error (RMSE), defined as

RMSE (29)

whose optimal value is 0 when the root mean square value
of the error is zero;

• the mean-field ratio bias (MRB).

MRB (30)

whose optimal value is 1 when the measured and estimated
mean values coincide.

A. Estimation of Surface Rain Rate

Once a reconstructed reflectivity profile is derived at any po-
sition , surface rain rate can be retrieved by using the near-sur-
face reflectivity field. Two methods have been used in this paper
to implement the reflectivity-rain rate (ZR) inference.

A ZR climatological relationship, as the Marshall–Palmer
(MP) one, has been used as a reference algorithm. This choice
is due to the typology of the considered event which is well
fitted by a Marshall–Palmer ZR (MPZR). Within our notation,
this estimation of surface can be formally expressed as
follows:

(31)

where and being in millimeters
per hour and in millimeters to the sixth power per cubic
millimeter (mm mm ).

A feedforward artificial neural network, similar to that used
for NNR, but referred to only nodes at the input layer and
one node at output layer, can serve as an alternative to the Mar-
shall–Palmer ZR retrieval technique. Using the formal notation
introduced for NNR, the NN-based estimate (NNZR) of from
reflectivity data can be expressed as

(32)

In (32), the NN inputs are represented by the available near-
surface reflectivities (here ), reconstructed by either
NSR or NNR, within the same hourly period where the rain
gauge data are measured. The hidden layer is set up with two
nodes, while all other NN characteristics are identical to the
neural network used for NNR.

B. Results

The reconstruction of the rainrate field can be accomplished,
at this stage, by the following four approaches:

1) use NSR for reflectivity profile retrieval and MPZR for
rainrate estimation (NSR-MPZR);

2) use NSR for reflectivity profile retrieval and NNZR for
rainrate estimation (NSR-NNZR);

3) use NNR for reflectivity profile retrieval and MPZR for
rainrate estimation (NNR-MPZR);

4) use NNR for reflectivity profile retrieval and NNZR for
rainrate estimation (NNR-NNZR).

The MPZR and NNZR method are also applied to clutter-free
lowest altitude reflectivity (LAR) data of the acquired volume,
that is when the reconstruction of the Z vertical profile is not
performed at all. This means that the estimate of is de-
rived, in this case, from where is the lowest un-
obstructed height of the measured reflectivity at a distance .
Then, we have two more approaches in order to evaluate the ef-
fect of VPR reconstruction on the rainrate estimation:

1) use LAR method and MPZR for rainrate estimation
(LAR-MPZR), similarly to (31):

2) use LAR method and NNZR for rainrate estimation
(LAR-NNZR), similarly to (32).

In order to compare these six procedures, a small subset of
rain gauges were chosen within the test area along the Aterno
Valley. Even though the available number of rain gauges in the
test area is only 3, the long lasting rainfall event of November 7,
2000 allows a significant intercomparison.

Fig. 8 shows the time series of MRB and RMSE, as ear-
lier defined, derived from the comparison between the radar-
based rainrate estimates and rain gauge measurements in the
test area of the November 7, 2000 event. Radar surface rain
estimates are obtained from an MPZR method applied to 1)
lowest altitude reflectivity or no reconstruction of VPR (i.e.,
LAR-MPZR); 2) NSR-reconstructed VPR (i.e., NSR-MPZR);
3) NNR-reconstructed VPR (i.e., NNR-MPZR). Fig. 9 shows
the same as in Fig. 8, but with radar estimates obtained from
a neural network reflectivity-rainrate (NNZR) method, as de-
scribed in the text.

Finally, Fig. 10 shows the comparison between maps of
estimated surface rainfall accumulated at 09 : 00 UTC using
a Marshall–Palmer ZR method relation using a LAR method
(i.e., LAR-MPZR) and an NN method using an NNR technique
(NNR-NNZR). Results are superimposed to a digital terrain
model of Central Italy, as in Fig. 1. Along the Aterno valley
(from AQ to SU symbols), it is noted the major discrepancy
with NNR-NNZR values higher than LAR-MPZR up to 30%
and more similar to the rain-gauge-resampled field (see Fig. 4).

The spatially interpolated rain gauge field also enables
a quantitative comparison with radar estimates even at grid
points where rain gauges are not present. Tables I and II show
the results for MPZR and NNZR techniques, respectively, in
terms of the FMR, FVR, RMSE, and MRB by following the
above-mentioned four approaches.

For this case study, the NNZR method shows better scores
than those from MPZR, especially when coupled to NSR
technique. It is worth noting that the application of the
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(a)

(b)

Fig. 8. (a) Time series of the MRB, as defined in the text, derived from
the comparison between the radar-based rainrate estimates and rain gauge
measurements in the test area of the November 7, 2000 event. Radar estimates
are obtained from an MPZR method applied to 1) lowest altitude reflectivity
(LAR), i.e., no reconstruction of VPR (LAR-MPZR); 2) NSR-reconstructed
VPR (NSR-MPZR); 3) NNR-reconstructed VPR (NNR-MPZR). b) Same as
in (a), but for the RMSE.

Marshall–Palmer standard relation tends to flatten the improve-
ments due to the reconstruction of reflectivity profiles. This
behavior may be attributed to the large errors due to the use
of a “universal” Marshall–Palmer formula, overwhelming the
advantages of using Z-reconstruction techniques.

These results are generally much worse when the lowest al-
titude reflectivity (LAR) method is used as the LAR method
does not provide a reconstruction of the reflectivity vertical pro-
file. When using LAR-NNZR, the errors in terms of RMSE
can be even worse than 50% with respect to the use of the
two other reconstruction techniques NNR and NSR. Notice that
using , i.e., only the temporally coincident rain gauge
value, for the NNZR method slightly degrades the obtained re-
sults. A further improvement, not shown here, has been obtained
by using not only the near-surface reflectivity value, but also all
the reconstructed Z values below the freezing level. The anal-
ysis of other case studies tends to confirm the trend of the results
summarized by Tables I and II.

VI. CONCLUSION

Self-consistent techniques to reconstruct vertical profiles
of reflectivity (VPR) and near-surface rain-rate fields from

Fig. 9. Same as in Fig. 8, but with radar estimates obtained from an NNZR
method as described in the text.

high-elevation reflectivity bins were proposed, compared and
tested for ranges up to 60 km and a time scale of 20 min.
The methodology is based on the statistical analysis of a
large historical reflectivity volume datasets, classified into
stratiform and convective rain regimes and resampled onto
a uniform Cartesian grid by means of an adaptive Cressman
approach. The reconstruction of the reflectivity vertical pro-
files was approached by means of two methods, respectively
named statistical nonlinear reconstruction and neural network
reconstruction. The NSR method is based on the principal
component analysis, applied to the radar dataset, in order to
extract significant reflectivity-profile variance. The NNR is
based on a three-layer artificial neural network trained by
means a feedforward backpropagation algorithm.

For what concerns the near-surface rain-retrieval, besides a
power-law reflectivity-rain-rate approach, a three-layer neural
network technique was also set up in order to estimate surface
rain rate from reconstructed VPR. The proposed reconstruc-
tion techniques were illustrated by using volumetric data ac-
quired by the C-band Doppler single-polarization radar, oper-
ated in L’Aquila. A case study, related to a rainfall event oc-
curred during fall 2000, was discussed. The comparison with
spatially interpolated rain-rate data, hourly available from a rain
gauge network, was analyzed in terms of mean field bias and
error variance and intercompared with the results obtained by
employing conventional ZR methods.
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(a)

(b)

Fig. 10. Comparison between maps of estimated surface rainfall on November
7, 2000 at 09 : 00 UTC (as in Fig. 1) using (a) the MPZR method relation using
a lowest altitude reflectivity method and (b) an NNZR method using an NNR
technique.

Both the sensitivity tests and the case study tend to con-
firm the potential of the proposed reconstruction techniques
against the conventional areal average reconstruction (AAR)
approaches. In particular, we have the following.

1) The reduction of the error bias appears substantial, while
the error variance is diminished even though in a more
moderate way. In this respect, a more extended validation
in terms of new case studies and different climatology is
needed to assess definitive results.

2) The use of historical radar volumetric dataset for an of-
fline training of the retrieval algorithms suggests a pos-
sible use of this approach in an operational environment.

3) The reconstruction procedure is fairly flexible and ver-
satile. Any improvement in radar data quality check and
processing algorithms (such as ground clutter removal)
can reflect into better results. Classification of the radar
dataset in proper subdatasets, depending on geograph-
ical sectors, precipitation type, and local climatology, can
help to reduce the measurement variability (even though
a classification error should be considered in these cases).
Above all, the proposed technique could adapt and ben-
efit from ad hoc scanning techniques aimed at optimizing
the compromise between high spatial sampling of the ac-
quired volume data and relatively fast acquisition of the
volume itself.

The proposed methodology suffers from some limitations as
well. More specifically, we have the following.

TABLE I
STATISTICAL RESULTS OF RADAR ESTIMATION ERROR FOR THE RAINFALL

EVENT OF NOVEMBER 7, 2000 WHEN COMPARED TO AVAILABLE RAIN

GAUGES WITHIN THE TEST AREA. FMR, FVR, RMSE, AND MRB
ARE SHOWN FOR AN MPZR METHOD USING 1) LAR-MPZR, I.E.,

NO VERTICAL RECONSTRUCTION, 2) AN NSR-MPZR,
AND 3) AN NNR-MPZR

TABLE II
SAME AS IN TABLE I, BUT FOR THE NEURAL NETWORK METHOD

APPLIED TO REFLECTIVITY-RAIN-RATE ESTIMATION (NNZR)

• The goal to reconstruct VPR at a microalfa scale (i.e., from
few hundreds of meters to few kilometers) has to deal with
the large variability of reflectivity measurements at this
scale. Indeed, the aim of an unbiased estimation approach
is to reduce the intrinsic variance of the observed geophys-
ical field by using (remote sensing) measurements. Never-
theless, the spatial resolution is limited by the increasing
volume bins at longer ranges. In this respect, a preliminary
deconvolution procedure to remove the antenna pattern
effects would be essential to deal with long-range VPR
reconstruction.

• The resampling onto a Cartesian grid can be an expen-
sive data processing step which prevents a near-real-time
use of this approach. In this respect, a preliminary anal-
ysis has shown that encouraging results can be obtained
by directly treating the polar volume data at moderate to
medium ranges.

• The applicability of the proposed reconstruction is lim-
ited by the training dataset characterization and by the
radar site altitude. The latter aspect could be partially re-
moved if negative elevation angles could be available for
monitoring lower height areas. This limitation is, indeed,
common to any technique which is trained by measured
radar data.

Future works will be devoted to gather new measurement
datasets to validate the proposed techniques in an extensive way
and, possibly, over different geographic areas. On the other hand,
there is also an interest to investigate more thoroughly the pos-
sible developments and the physical limitations of the considered
inversion algorithms. A promising perspective is represented by
the coupling of radar measurements with outputs derived from
numerical weather forecast models, especially to characterize
orographic precipitation and dynamics besides the freezing level
information [28]. On the other hand, topography data derived
from a digital terrain model can be useful, at a preliminary stage,
to properly identify the near-surface layer of the reconstructed
VPR within highly variable mountainous regions.
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APPENDIX A

MODIFIED CRESSMAN SPATIAL INTERPOLATION TECHNIQUE

Within this paper, two spatial interpolation problems were
mainly faced. On one hand, the radar polar volume data needed
to be interpolated onto a uniform Cartesian grid within the ob-
servation region. This regular square grid, having 1-km step and
240-km width, was centered on the radar site. On the other hand,
to compare rain rate estimated by radar and measured by rain
gauges, the latter had to be assigned in an objective way to the
surface layer of the above-mentioned square grid.

The nature of the two problems is essentially the same, even
though the first one is related to a 3-D geometry while the second
one is related to a two-dimensional (2-D) geometry. From this
point of view, we decided to apply the same spatial interpola-
tion technique to both radar and rain gauge data. This choice
ensured a consistency between the two data fields. The method
used is basically a modification of the objective analysis tech-
nique, devised by Cressman [24] to interpolate regularly spaced
data over rectangular subgrids. The idea behind this approach,
which we called modified Cressman method, is to evaluate rain
rate or radar reflectivity data in each grid point grid, starting
from a either different or sparse spatial distribution of obser-
vations, by assuming an area of influence around each observa-
tions point diminishing with distance. This distance weighting is
chosen to be an inverse-square function and a spatial smoothing
is finally applied to derived the reconstructed field.

We will illustrate the problem only for the 2-D spatial interpo-
lation case. The only difference between the two is that we deal
with a volume of influence or an area of influence for the 3-D or
the 2-D case, respectively. Let us assume to spatially interpolate
a measured field in order to generate a field sampled in a
regular grid. The observations value is interpolated to a nearby
grid point using an appropriate distance weighting function
having the following form:

if (A.1)

if (A.2)

where is the distance between the th observation point and
the grid point ( , ) and , measured from an observation
point, is a characteristic distance beyond which the inter-
polation value is not applied because there is an irrelevant
correlation between observation and grid point. In principle,
any analytical weighting function could be used at this step.

The choice of the “best” radius of influence is a fairly cum-
bersome problem. For rain gauge data, it can depend on terrain
orography and precipitation statistics, while for radar data it is
strongly affected by the considered range. An interesting de-
gree of freedom of the modified Cressman technique is to resort
to elliptic (or ellipsoid) influence area (or volume), instead of
circular (or spherical) influence one. This means that coef-
ficients assume different values with respect to two orthogonal
direction (in principle, this condition can be further generalized
to N arbitrary directions).

It is worth noting that the dimensions of the area (volume) of
influence could be derived by a statistical method as well, for

instance by computing the variograms of the measured field
and attributing the correlation length to the considered spatial
dimension. Moreover, in a further generalized context, any
analytical shape of the influence area could be chosen within
this approach [29]. This flexibility could be appreciable when
local circulation and hydrological conditions tend to create
“noncanonic” spatial correlations.

In a 2-D anisotropic case, we have three parameters to set: the
major and the minor axis and inclination angle with respect to
east–west axis ( axis). Let and be major and minor axis
of the th observation point and its inclination angle respect

axis. Thus, the distance weighting function becomes

(A.3)

where

(A.4)

(A.5)

and

(A.6)

(A.7)

where ( , ) are coordinates of the th observation point. Ob-
viously it holds if the grid point is outside elliptic
influence area, that is if

(A.8)

Thus, in a generic grid point the estimated value of the
resampled field is obtained from the sum of all obser-
vation values, weighted by an appropriate distance weighting
function

(A.9)

where is the measured value in the th observation point
(i.e., rain gauge or radar bin datum), the weight of the

th observation in the grid point and the number of
observation points which influence the grid point .

Finally, the sampled field is spatially smoothed to re-
duce small-scale fluctuations and remove local irregularities.
Smoothed grid values are determined by applying a
filter function of the following type [30]:

(A.10)

where is the smoothed value of the resampled field ,
is the original grid point value and is a controlling

parameter usually set to 0.5.
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