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I. INTRODUCTION

F

short-term prediction, is usually based on observations exclusively. It can be thought as a faster and easier alternative to
rigorous assimilation techniques which allow the forecast improvement by including observations into NWP models at the
expense of the computational time [5], [12].
Nowcasting methods, based on radar data time series, can
be divided into three categories: i) extrapolation and recognition techniques; ii) dynamical evolution techniques; iii) hybrid
methods which combine radar information with external data
sources.
The first class of nowcasting algorithms is aimed at tracing
the precipitation temporal path guaranteeing the best spatial
coherence of the predicted field. These algorithms extrapolate observed precipitation fields to successive time periods,
assuming a negligible change of the foreseen precipitation
pattern (at least, for some of its feature) [21]. Examples of algorithms, belonging to this class, are the Tracking Radar Echoes
by Correlation (TREC) [24], the Thunderstorm Identification
Tracking Analysis and Nowcasting (TITAN) [6], the Storm Cell
Identification and Tracking (SCIT) [10], the semi-langrangian
approach proposed in [23] and those making use of spatial
segmentation techniques, as in [26] and [27].
The second nowcasting class, i.e., dynamical evolution technique, allows to describe the field evolution together with their
motion. Examples of dynamical evolution techniques are the
McGill Algorithm for Precipitation Nowcasting by Lagrangian
Extrapolation (MAPLE) [25], the Spectral Prognosis (S-PROG)
[28], the COntinuiy of TREC vectors method (Co-TREC) [15],
the Phase Stochastic method (PhaSt) [17], those based on autoregressive techniques, as in [30], those based on neural network, as in [4] and the CASA nowcasting system [32].
Lastly, nowcasting hybrid techniques are aimed at combining information coming from several sources, e.g., lightning
detection networks, satellite observations, wind field surface
measurements and numerical models. The latter being used, for
example, to evaluate the convective available potential energy
(CAPE) and/or the convective inhibition energy (CIN). Examples of such techniques include the GANDOLF algorithms [22],
the NIMROD tool [8], [9], the National Convective Weather
Forecast (NCWF) [16], the Auto NowCaster (ANC) [20], and
those exploiting lighting network information as in [2].
This work addresses the problem of rain field advection, developing a new nowcasting technique, belonging to the class of
extrapolation and recognition schemes. Our approach is based
on the concept of spatial-scale dependence of precipitation
systems, exploiting ground-based radar imagery time series.
The developed nowcasting algorithm, named Spatially-adaptive Precipitation Advective Radar Estimator (SPARE), was
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Abstract—A new numerical nowcasting technique to predict the
radar reflectivity field at very short term, up to few hours, is presented. The method is based on the spatial segmentation of the reflectivity field and estimated advection field to produce radar reflectivity forecasts and, for this reason, is named Spatially-adaptive
Precipitation Advective Radar Estimator (SPARE). A large data
set coming from the Italian radar network mosaic (spatial domain
size of about 1200 1200 km ) is used to test the overall performance of SPARE against the simplest method of radar map temporal persistence. An original approach to estimate the radar field
motion, based on the phase cross-correlation principle, is formulated in this paper. Results are given either in terms of skill scores
of predicted radar maps or in terms of predicted uncertainty. The
latter provides a new methodology to evaluate the expected performance of SPARE predictions.

ORECAST of rainfall is usually performed by Numerical
Weather Prediction (NWP) models which allow obtaining
a reliable description of the state of the atmosphere up to several hours ahead [14]. Due to their physical basis, these models
are able to describe the formation of precipitation systems at
mesoscale, but often fail to forecast them at smaller scales and
short time due to either their coarse temporal and spatial resolution, or to their approximate dynamics and microphysics (e.g.,
[2], [7]). Many practical applications, e.g., in the fields of hydrology, civil protection and flight assistance, require quantitative precipitation forecasts (QPF) at high resolution in space
and time. To this aim, many efforts have been recently carried
out to improve forecast skills at very short time (i.e., up to a
few hours). using nowcasting algorithms. Nowcasting, i.e., very
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2) Partition: This step aims at partitioning rain cell centroids defined at step 1) into
macro-clusters whose position is described by
with
. Centroid partitions is accomplished using a fuzzy logic “ -means” algorithm
as explained later. The result of this step is to assign every th
rain cell centroid
to one of the
clusters located at
.
3) Windowing: This step aims at constructing “analysis windows” for each macro-cluster identified in the previous step.
The th rectangular analysis window
is defined as the rectangular portion of which includes the th macro-cluster [see
Fig. 1(b)]. The rectangular window
is centered at the position
and, in general, it can be different from the
centroid
, the second being connected to the spatial
distribution of the reflectivity field whereas the first is derived
from geometrical considerations only. Radar reflectivities belonging to the analysis window
at time are indicated by
.
4) Advection: This step aims at estimating the displacement
vectors, respectively along the horizontal
and the vertical
direction, for each analysis window
. The components
,
are expressed in
the same units of the radar grid (kilometers) or conveniently in
number of pixels (if the spatial resolutions
along and
along are known). The displacement of each analysis window
is carried out using the phase correlation technique, as described in the next subsection.
5) Interpolation: This steps aims at interpolating the displacement vector components,
and
,
on the positions
of the radar grid. The output of this step
is the displacement field (or advection field) of the components
and
. It is worth noting that the positions
are a subset of all possible radar grid points
.
6) Application: This step aims at applying the estimated displacement field components
to the last available radar acquisition
at instant for a desired number
of forecast time period. The following relation is used to create a time
series of the predicted radar reflectivities
at
the th subsequent time step:

IE
W EE
eb P
r
Ve oo
rs f
ion

preliminarily tested on some case studies observed by the
Italian radar network [19].
Primary objectives of the present work can be summarized as
follows: i) illustrate the SPARE algorithm methodology and optimize its computational efficiency when running on a large national radar mosaic (in other words, evaluate its operational feasibility); ii) test SPARE on a statistically significant large data
set, including 31 case studies in order to compute a robust error
statistics of the forecasted fields and compare them with benchmark approaches; iii) quantify the predicted uncertainty using
the available information in order to provide a self-consistent
quality flag. The latter concept is an original way to assign a
confidence level to the nowcasting product. It is based on the automatic extraction of some spatial features of the available radar
fields which can be thought to be correlated with the expected
uncertainty of the foreseen images. The possibility to provide
short-time precipitation field predictions accompanied by quantitative uncertainty information might open new scenarios for
the operational usage of nowcasting techniques.
The paper is organized as follows. The main characteristics of
the SPARE nowcasting algorithm are illustrated in Section II. A
special effort is dedicated to emphasize the differences with respect to similar existing approaches. Section III describes the
large amount of data, acquired by the Italian radar network,
used to perform the test analysis. Finally, numerical results,
expressed in terms of skill scores, are shown in Section IV,
whereas the conclusions are drawn in Section V.
II. SPARE ALGORITHM DESCRIPTION

The flow diagram of the SPARE algorithm is described in
Fig. 1 where the different stages of the proposed scheme are
schematically shown in panels a–d. The SPARE main steps,
called identification, partition, windowing, advection and application, are illustrated below, whereas some related methodological aspects are discussed in the next paragraphs of this section.
We will consider the observed single-polarization radar reflectivity map
where indicates the instant of the last
radar acquisition while the couple
identifies the spatial
position within a Cartesian coordinate system. It is worth specifying that the SPARE technique might also be applied either
to any radar polarimetric observable field or to rain-rate spatial
field.
1) Identification: This step aims at identifying rain cells and
their reference positions (centroids) within the observed radar
reflectivity map
at the previous instant
where
is the temporal resolution. Centroids of rain cells are
indicated by the couple
with the integer index “ ”
ranging from 1 to the number
of identified rain cells within
the considered field. Rain cells are identified by means of a
thresholding scheme, as in [18] [see Fig. 1(a) where each identified cell is contoured by a grey rectangular box]. Note that rain
cells are, by definition, a set of connected pixels (i.e., pixels
which are spatially contiguous) so that they can be constituted
by a large number of pixels, as in the case shown in Fig. 1.
Moreover note that rain cells have to satisfy some constrains
in terms of rain cell average and standard deviation reflectivity
to be identified. Thus some rain cells could be discarded by the
identification process.

(1)

are expressed in dBZ, is an integer ranging
where and
from 1 to
, and the temporal resolution
is usually expressed in minutes. When and are set to zero in (1), the
special case of the Eulerian persistence is obtained [31]. Otherwise, assuming and constant over the considered space
domain, we get the so called Steady-State Displacement (SSD)
[23]. Within the SPARE approach the motion components and
are position-dependent and their estimation is carried out by
a new proposed correlation technique, as explained in the following section.
A. Phase Correlation

The bi-dimensional (2D) temporal cross-correlation is the
most used methodology to derive the motion vector from
two subsequent images or portion of them. Considering the
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Fig. 1. Main steps of the SPARE advection scheme. (a) Rainy structure identification (gray square box). (b) Macro Cluster definition after fuzzy logic -means
clustering. (c) Displacement vectors by phase correlation. (d) Advection field by cubic Interpolation. Reflectivity is color-coded and refer to the 2-km CAPPI on
November 8th, 2009, at 14:45 UTC.

reflectivity fields
and
, observed
respectively at
and , within the th analysis windows
, the cross-correlation
can be computed in a discrete
form as

(2)
where the symbol indicates the complex conjugate operator,
and
are the relative Cartesian coordinates
within the considered analysis window specified by the integers
and ranging within
and
; the integers
and
indicate the window size in terms of rows and columns of
and
, respectively. The quantity
and
are the displacements, where the integers and range within
and
,
respectively. Note that in (2),
results to be the spatially shifted version of
and, for this reason,
they have the same size. In other words, the SPARE algorithm
computes only one set of analysis windows at instant
and

shifts them to find a matching with the successive acquisition
at instant . The maximum of
indicates the position where
the two windowed fields
and
strongly match to each other thus providing the displacement
between the two. When
is computed, the obtained displacement vectors are associated to the positions
of
of the whole radar map. Thus, several displacement vectors are
obtained: one for each analysis window. As already mentioned,
when
is computed by considering the whole field
,
instead of
as in (2), only one displacement vector
is derived and the SSD method is implicitly implemented.
Another approach to compute
is based on the use of the
phase of
instead of its amplitude (i.e., phase cross- correlation). The need to process temporal cross-correlation by exploiting the phase feature of
is motivated by the analysis
of Fig. 2, where an example of the cross-correlation between
two radar reflectivity maps is shown. On the right panel b) of
this figure,
as in (2) is used: a sort of saturation effect in
proximity of the maximum is noted. Multiple maxima are possible as well, so that wrong motion directions and magnitudes
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Fig. 2. Cross correlation obtained applying phase correlation method (a) and classical cross correlation (b) to the same couple or radar images . Note that color
bars have been not modified and their dynamic range reflect the natural variations of cross correlation. Inset plots for each panel show the portion of correlation
within the rectangular domain highlighted by dot line.

can be easily obtained. Phase cross-correlation is a possible
method to overcome the problem just mentioned. Phase correlation is not a new technique [13], even though scarcely applied to radar data imagery [19]. In order to illustrate the phase
cross-correlation method, it is useful to deal with the Fourier frequency domain. Resorting to the Fourier shift theorem, which
states that the spatial lag
of a signal is equivalent to
a phase change in the spatial frequency domain
, the
2D cross correlation, expressed in (2), can be rewritten, in the
special case of two subsequent inputs
and
, as follows:
(3)

According to (3), the displacement components
are
accounted by the exponential term. This suggests to suppress the
modulus of the exponential term in (3) and derive the following
normalized phase correlation function
:

(4)

Relation (4) defines the phase temporal correlation method,
which produces as output, a delta function of Dirac , centered
on the searched displacements , as shown in Fig. 2(a). Note
that the last term of (4) holds only if the displacement is purely
linear or, in other words, no rotational components contribute
to the motion. When rotational components are present, spurious contributions arise as it can be noted near the maximum
in Fig. 2(a).

B. Fuzzy Logic Reflectivity Field Partition

The method used to group (or partitioning) rain cells into
macro rain cell systems (or clusters) is here briefly described.
The need to resort to such a partition strategy is due to the fact
that the displacement field, resulting from the rain cell grouping,
is more prone to represent complex situations [see, for example,
the vortex shown in Fig. 1(d)]. Indeed, several tests (not shown
here for brevity) have shown that, if the rain cell partitioning is
not applied, the resulting displacement field becomes unstable,
showing frequent spatial discontinuities which tend to deteriorate the scores of the predicted field. Otherwise, the selection of
few macro clusters might provide a displacement field which is
not able to describe the large variety of rainfall scenarios that
are typically observed within the considered dataset.
In the following description, the maximum number of identifiable clusters is set to
for efficiency purposes, but the clusters are automatically formed on the basis of the spatial distribution of rain cells appearing in the current radar image.
The rain cell clustering is obtained applying the -means
fuzzy logic algorithm, here summarized in five steps for the sake
of clarity. Fuzzy logic partition is applied to the rain cells, positioned at coordinate
and identified within the radar
map
. The main steps are as follows.
1) Selection of a first guess of
centroids
, chosen within rain cell positions
to be grouped. If the number of identified
rain cells is less than
, the rain cells themselves
constitute the desired cluster and the partition procedure
stops.
2) Assignment of the rain cell centroids
to one
of the clusters, identified at step 1), using the minimum
distance criterion. The current rain cell partition is indicated by the location couple
which indicates
the membership of the rain cell th to the th rain system
cluster.
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TABLE I
ANALYZED CASE STUDIES OF REFLECTIVITY 2 KM CAPPI TAKEN FROM THE ITALIAN WEATHER RADAR NETWORK .

3) Computation

of

,

the
rain
system
given the current

centroids
rain cell

partition
.
4) Repetition of steps 2) and 3) until the centroid positions
do not show appreciable variations
below a given threshold.
5) Assignment of
,
.
At the end of the partitioning procedure, the obtained
centroids
and the rain cells
belonging to them
allow to define the analysis windows, as described in Section II.
III. TEST CASES

Several storm case studies, occurred in 2009, were collected from the Italian radar mosaic, coordinated by the Italian
Department of Civil Protection (DPC). The available dates,
together with duration and some statistical parameters, are
listed in Table I. According to the analysis accomplished by
the Italian national institute of statistics (ISTAT) [1], the years
2009 and 2002 were the wettest within the decade going from
2000 to 2009. Indeed, more than 800 millimeters of average
precipitation per year were registered by the Italian gauge
network [1]. This consideration suggests that the collected

dataset is quite representative of the rainfall regimes typically
occurring in Italy.
The radar product
, used in this work for nowcasting
purposes, consists of horizontal cuts of radar volumes (specifically CAPPI, Constant Altitude Position Plan Indicator) from
the Italian radar composite at the height of 2 km above the sea
level. This choice tends to mitigate the unavoidable clutter contamination due to the complex orography which characterizes
northern and central Italy. Radar acquisition are available every
min in terms of co-polar horizontal reflectivity factor,
with a spatial resolution
km . Environmental
clutter is operationally mitigated by DPC automatic procedures
through a proper combination of a clear-air clutter map, an empirical visibility range-bin mask, a Doppler filtering and a spatial texture automatic analysis [29].
Among other undesired factors, which may decrease the
quality of radar data mosaic, the data delivery connection
timeout can play an important role. It may occasionally manifest for some radar sites with a temporal intermittent behavior
(i.e., reflectivity field tend to “appear” and “disappear”). This
phenomenon is deleterious when applying a nowcasting technique, such as SPARE, and can indirectly reflect into skill score
analysis. This undesired effect has been soothed by visual
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inspection, discarding the anomalous situations and selecting
the temporal interval when this problem does not occur.
IV. RESULTS
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In this section, the error budget of SPARE predictions is evaluated by using the case study dataset, listed in Table I. This analysis is carried out from two distinct points of view. The first one
is based on the classical score indexes, which are used to quantify the statistical error between SPARE predictions and radar
actual observations (i.e., those radar measurements made available after their acquisitions every
period). This is an a posteriori error evaluation, which allows to globally characterize
the performance of the nowcasting algorithm, but it may be less
interesting within an operational framework where the uncertainty of the forecasted field should be made available when the
nowcasting product is issued. The aforementioned considerations have led to the introduction of a new concept of the “uncertainty prediction”, which will be described later.
The SPARE technique has been applied to a total of 1506
radar maps within the case studies listed in Table I. The initial
number of clusters has been set to
, the number of future
steps to be forecasted has been set to
(which means a
prediction period of 2 hours ahead with respect to the starting instant ). The execution time is of the order of 120 s for each run,
taking into consideration that the handled maps are matrices of
size 1200 1200 pixels. Tests have been performed using standard computational resources (i.e., a commercial home computer with a processor clock of 1.7 GHz and a memory of 2 GB).
The source code has been developed in MatLab® environment.
It is worth noting that the execution time of the proposed SPARE
technique is not significantly dependent on the size of the handled radar grid because only the interpolation step is processed
on a pixel basis.
A. Spare Performances

Widely used statistical skill score indicators, such as the
Probability Of Detection (POD), False Alarm Rate (FAR), Critical Success Index (CSI) [21], and the Correlation Coefficient
without the mean subtraction (CC) [31], are used to compare
SPARE and the Eulerian persistence predictions. They are
calculated for the observed and predicted
at the forecast
instants
and for pixels where
and
where the reflectivity threshold
has been set to 10 dBZ. For
the sake of clarity, the skill score definitions are summarized in
Appendix A.
Fig. 3 shows the average trend of score indices POD, FAR,
CSI and CC, as a function of the forecast lead time for all the
considered case studies. SPARE and Eulerian persistence are
shown in red diamond and black circles, respectively. The score
index trend, shown in Fig. 3, outlines the expected worsening at
increasing lead time together with an overall outperforming of
SPARE with respect to the Eulerian persistence over the entire
forecast period. A comprehensive comparison between SPARE
and Eulerian persistence is given in Fig. 4 in terms of correlation
diagram. Every forecast lead time, within the 2-hour forecast
period, is considered in that figure where the 2D density distribution of occurrences is also color-coded. Fig. 4 shows that
SPARE tends to outperform the Eulerian persistence, especially

Fig. 3. Temporal average behavior of the Probability of Detection (POD), False
alarm Rate (FAR), Critical Success Index (CSI) and correlation coefficient (CC)
for the SPARE (red diamonds) and the Eurelian Persistence (black circles) predictions for the whole analyzed case studies.

in terms of POD, CC and CSI (note how the core part of the
distribution tends to be distant from the 1–1 lines), whereas the
FAR scores are more comparable.
Average values of the scores indices POD, FAR, CSI and CC
for all the considered cases are listed in Table II. Average values
of CSI for one hour forecast are 0.32 and 0.36 for the Eulerian
persistence and SPARE, respectively, whereas for CC we have
values equal to 0.43 and 0.48. Relatively to the 2-hour forecast, the average CSI decreases down to 0.21 and 0.22, respectively for the Eulerian persistence and SPARE. Regarding the
average CC, it was found to decrease down to 0.31 and 0.34 for
the Eulerian persistence and SPARE, respectively. Generally,
there is an average improvement of 10% and 5% of SPARE
with respect to the persistence for 1 and 2 hours of forecast
time, respectively. Furthermore, the spreading of the scatterplots shown in Fig. 4 indicates that there are cases where SPARE
performs markedly better than persistence, especially for fast
time-evolving events. On the other hand, the low average values
of CSI for 2-hour forecast, listed in Table II, are related to high
false alarms, probably induced by the high variability of precipitation which characterize most of the Italian territory. It is worth
to mention that the low values of CSI found in this work are in
agreement with those obtained by other authors, e.g., [23], [17],
[33].
The SPARE skill score has been analyzed in terms of seasonal
trend as well. The results are shown in Fig. 5 where only average
CSI for SPARE (black markers) and Eulerian persistence (grey
markers) at 15 min (circles) and 120 min (squares) forecast time
are shown. The highest values of the average CSI have been obtained from March to May and from September to November.
Otherwise, the differences between SPARE and Eulerian persistence performances are more pronounced from March to August
and tend to reduce from September to December. The minima
of CSI, especially concentrated in the late winter and summer
season, might be probably attributed to the long-lasting winter
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TABLE II
SKILL SCORE INDEXES DEFINED BY (A.1)–(A.4) IN APPENDIX A FOR SPARE AND PERSISTENCE NOWCASTING.

B. Uncertainty Prediction
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An a priori error budget analysis is accomplished in this section, conversely to the previous approach where skill scores
were used a posteriori to quantify the performance of SPARE
and where both
and
were considered at future instants
. This means that for the SPARE score evaluation we
can compute some features of at instant
, with
or 1, and verify whether they are related to skill scores (e.g.,
POD, CSI, etc.) computed at
, once
is generated.
Characteristic features of
here considered are
the texture parameters such as: Contrast (CON), Homogeneity
(HOM) and Power Spectral Density (PSD) slope and the correlation coefficient (CC). The definition of the aforementioned
texture parameters is reported in Appendix B.
Fig. 6 shows the results, in terms of linear correlation, for
CON, HOM, PSD slope and CC computed before running
SPARE with
(i.e., on the last available radar acquisition)
and the CSI obtained after running SPARE (i.e., for from 1 to
) and once the reference radar maps are available (i.e., after
min). For all the considered score indexes, there is a
functional relation which has been parameterized as follows:

Fig. 4. Scatter plot of the Probability of Detection (POD), False alarm Rate
(FAR), Critical Success Index (CSI) and correlation coefficient (CC) for the
SPARE and the Eurelian Persistence predictions for the whole analyzed case
studies.

(5)

Fig. 5. Monthly average Critical Success Index (CSI) over the whole available data set for SPARE (blak markers) and Eurelian Persistence (grey markers)
predictions after 15 min (circles) and 120 min (squares) from the nowcasting
starting instant. Seasonal regression fit are also shown with dash-dot and dashed
lines.

storms and orographically-induced summer storms. These precipitation regimes are both difficult to predict using only radar
data.

where
is the CSI predicted at future instants
and
is the score index computed at previous instant with
or HOM or CC or PSD slope. Regression coefficients ,
and are listed in Table III for each combination of
and
.
In principle, with the use of (5) and the coefficients of
Table III, it is possible to estimate the SPARE expected CSI
as a function of the forecast time for every generation of the
SPARE-predicted radar maps. Moreover, in Fig. 6 the relation
between the PSD and CSI (upper left corner of the same figure)
shows that higher negative slopes (close to 3.2) correspond
to higher expected values of CSI, whereas the opposite is true
as well. This is in some way an expected behavior because
higher PSD negative slopes mean higher spatial correlation in
the space domain and than less spatial variability. Thus, the
results of Fig. 6 upper left corner suggest that images with
smoothed variability of reflectivity are probably easy to predict
(i.e., higher CSI) with radar-based extrapolation technique like
SPARE.
Eventually, in Fig. 7 a comparison between the predicted CSI,
obtained through (5) before the generation of the SPARE nowcasting maps, and CSI, computed after the nowcasting generation, is shown. The various panels describe different choices of
the variable
in (5). The prediction of CSI is in fairly good
agreement with its a posteriori estimation with better results
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Fig. 6. Correlation diagrams between Power Spectral Density (PSD) slope, HOMogeneity (HOM), Correlation Coefficient (CC) and Contrast (CON) computed
before running the SPARE procedure (on the abscissa of each panel plot) and Critical success index calculated after acquiring the reference “truth” radar maps.

TABLE III
REGRESSION COEFFICIENTS OF (5) USED TO OBTAIN THE CURVES OF FIG. 6
SLOPE OR HOMOGENEITY (HOM) OR CONTRAST (CON)
WHERE
OR CORRELATION COEFFICIENT (CC) AND

when
or
are used as estimators in (5).
These results are encouraging and tend to confirm the potential
to deal with a real-time uncertainty evaluation of precipitation
nowcasting techniques.

V. CONCLUSIONS

A new nowcasting technique, named SPARE, based on a extrapolation approach, has been introduced in this work. Some
original ingredients, like phase correlation and reflectivity field
partition by -means fuzzy logic approach, have been introduced to improve the quality and reliability of the motion field
estimation. A large data set of radar reflectivity fields, for a total
of 31 case studies occurred in 2009, has been considered to test
the SPARE technique. It refers to the national mosaic of the
Italian radar network. Such large set of radar data supports the
robustness of the performed statistical analysis in terms of skill
scores.
Overall results show an improvement of SPARE with respects
to the Eulerian persistence reference method of about 10% and
5%, respectively, at 1 hour and 2 hours of forecast time. It is
interesting to note as, in some stratiform slow evolving cases,
persistence can reach high score indexes (e.g., CSI and CC up
to 0.8 and 0.85, respectively) and this vanishes any efforts to
bring forecast improvements with SPARE. The concept of “uncertainty prediction” has been introduced as well. Parametric relations between CSI and spatial features of the radar maps have
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Fig. 7. Correlation diagram between the calculated CSI after running SPARE nowcasting and CSI obtained through (5) and coefficients in Table III before running
SPARE nowcasting. Symbols ( ), ( ), and ( ) indicated CSI at forecast instant of 15, 60, and 120 m, respectively. The standard deviation confidence interval
is also shown as grey lines above and below the bisector line.

been set up to produce the SPARE nowcasting prediction uncertainty. This allows to estimate in advance the performance
of SPARE for each forecasted radar maps. A seasonal correlation of the SPARE output has been also found, suggesting that
winter and summer storms may need a special effort to improve
the performance of the proposed SPARE algorithm.
Future developments will be focused both on the implementation of an evolution scheme to allow changing reflectivity values
with time and the inclusion of the information related to orography and seasonal dependence of the rainy systems over Italy.
The use of polarimetric variables into the SPARE nowcasting
scheme can also be envisaged by processing rain-rate polarimetric estimate, instead of the single-polarization radar reflectivity, as done in this work. It is not expected that this change can
significantly modify the SPARE data processing steps, whereas
it can improve its robustness to spatial rain field artifacts.
APPENDIX A
SCORE INDEXES

This Appendix summarizes the statistical score indexes we
used for comparing prediction and observations. They are the

Probability Of Detection, the False Alarm Rate (FAR), the Critical Success Index, [21], and the Correlation Coefficient (CC)
without the mean subtraction, [31]. To be consistent with the
notation used within the text, we indicate with and
the observed and predicted reflectivity field, respectively. Note that in
general the treatment which follows is general and it is not necessarily related to reflectivity fields. POD, FAR, CSI, and CC
are defined as
(A.1)
(A.2)
(A.3)
(A.4)

stands for “hit” and it is the number of pixels where
where
and
are both larger than a given threshold (
); , ,
and stand for “false”, “misses” and “negatives”, respectively,
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and they are defined as the number of pixels where
and
;
and
;
and
. In (A.4) the operator
indicates the spatial average and the meaning of the dependence of “CC” by
indicates that the and
are conditioned to pixel position where
both
and
. Interval of variation of indexes in
(A.1)–(A.4) are between 0 and 1 . Optimal scores are obtained
when
,
,
and
. For the purpose of nowcasting, both and
in (A.1)–(A.4) are taken at
the same forecast time
with covering each instant of
the whole available dataset and ranging within
at integer steps. Within the main text
has been fixed to 10 dBZ.

(B.5)
where is the PSD slope to be estimated. Previous equation
is justified by considering that AAPSD usually decreases following a power law [17].
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APPENDIX B
TEXTURE INDEXES

linear regression on the Azimuthally Average PSD (AAPSD).
This is formalizes below:

This Appendix gives the definition of texture parameters,
often used to extract information from remote sensing images.
The definition of Power Spectral Density (PSD) slope is also
given. To be useful, these parameters have to be extracted
from maps organized in Cartesian coordinates. The texture
parameters, used in this work, are the Contrast (CON) and
Homogeneity (HOM) defined as
(B.1)
(B.2)

are the elements of the co-probability matrix
where
derived from the co-occurrence matrix
[11], defined as
the distribution of the co-occurring values within the reflectivity
field
, at a given spatial lag of Cartesian components ,
and with the subscript
or
in our
case. Note that the threshold
in (B.1) and (B.2) implicates
the use of values of
for which
. Formally, the
vales of the co-occurrence matrix
, at row and column
of the considered radar map can be written as follows:

if
otherwise

and

(B.3)

where
and
are generic discrete values of the field
. The square root of the number of elements in
defines the number of levels in which the field
is discretized
before computing the co-occurrence matrix
. Once
is
normalized with respect to the total number of co-occurrence,
a co-probability matrix
is obtained and it is used to extract
CON and HOM in (B.1) and (B.2) for example. When the handled field is constant,
,
. For what concerns
the power spectral density, PSD, it can be estimated as
(B.4)

where and are the spatial and frequency variable vectors
of components , and , , respectively, and “ ” is the
Fourier operator. The slope of PSD is estimated by making a
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