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ABSTRACT

Nonuniform beam filling associated with the vertical variation of atmospheric reflectivity is an important
source of error in the estimation of rainfall rates by radar. It is, however, possible to correct for this error if the
vertical profile of reflectivity (VPR) is known. This paper presents a method for identifying VPRs from
volumetric radar data. The method aims at improving an existing algorithm based on the analysis of ratios of
radar measurements at multiple elevation angles. By adding a rainfall classification procedure defining more
homogeneous precipitation patterns, the issue of VPR homogeneity is specifically addressed. The method is
assessed using the dataset from a volume-scanning strategy for radar quantitative precipitation estimation
designed in 2002 for the Bollene radar (France). The identified VPR is more representative of the rain field
than are other estimated VPRs. It has also a positive impact on radar data processing for precipitation es-
timation: while scatter remains unchanged, an overall bias reduction at all time steps is noticed (up to 6% for
all events) whereas performance varies with type of events considered (mesoscale convective systems, cold
fronts, or shallow convection) according to the radar-observation conditions. This is attributed to the better
processing of spatial variations of the vertical profile of reflectivity for the stratiform regions. However, ad-
aptation of the VPR identification in the difficult radar measurement context in mountainous areas and to the
rainfall classification procedure proved challenging because of data fluctuations.

1. Introduction number of parameters such as the brightband altitude
and peak, the reflectivity vertical gradient beyond and
above the melting layer, and so on (Kitchen et al. 1994),
and 3) retrieval of the VPR by filtering the beam-sampling
effects from the comparison of radar data at different
distances and different altitudes (Andrieu and Creutin
1995; Andrieu et al. 1995; Seo et al. 2000). These studies
have inspired correction methods that are used opera-
tionally (Harrison et al. 2000; Germann et al. 2006; Tabary
2007; Tabary et al. 2007). Over the last decade, volumetric
sampling of the atmosphere by radar has become the

) ) . standard operational protocol for weather radars, leading
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The vertical variation of reflectivity in the radar beam
is a dominant source of error in the measurement of rain-
fall by radar. Its correction requires prior determination
of the vertical profile of reflectivity (VPR). Various ap-
proaches have been proposed to determine the VPR: 1)
climatological averages of measured reflectivities as a
function of the altitude (Joss and Lee 1995), 2) charac-
terization of a synthetic VPR by estimation of a limited
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of the VPR (Sanchez-Diezma et al. 2000; Gourley and
Calvert 2003; Zhang et al. 2008). Nevertheless, the re-
sulting corrections are not yet fully satisfactory for sev-
eral reasons listed by Bellon et al. (2005, 2007), who
emphasize the influence of VPR variability. This as-
sessment is confirmed by Berne et al. (2004), who show
that the differences between rain gauge and radar
measurements at short time steps are largely explained
by VPR fluctuations.

Thus, progress is needed in the correction of radar data
for VPR variability. Three approaches can be investi-
gated: 1) the use of polarimetric parameters to better
characterize hydrometeors (Matrosov et al. 2007), 2)
coupling of radar data analysis with the modeling of the
vertical variations of reflectivity, by means of detailed
microphysical models (Zawadzki et al. 2005) or more
simple models (Boudevillain and Andrieu 2003), and 3)
an in-depth analysis of volumetric radar data by means
of existing methods. This note examines this last alter-
native and evaluates the ability of the VPR identification
method proposed by Vignal et al. (1999) to cope with the
spatial variations of the VPR and different rain types. It
complements a recently published article (Delrieu et al.
2009) that describes a developmental radar quantitative
precipitation estimation (QPE) processing system called
Traitements Régionalisés et Adaptatifs de Données Ra-
dar pour I’'Hydrologie (Regionalized and Adaptive Ra-
dar Data Processing for Hydrological Applications), or
TRADHYy.

The TRADHYy strategy, focused on radar QPE from
noncoherent volume-scanning data, consists of four
steps: 1) a preprocessing step aimed at checking radar
calibration stability, determining the detection domain, and
characterizing dry-weather clutter; 2) identification during
the course of a rain event to dynamically determine clutter,
on the one hand, and rain types (convective, stratiform, or
undetermined) and the corresponding VPRs on the other;
3) corrections for both clutter and screening effects, along
with a projection of measured reflectivities onto the ground
level using the identified rain-typed VPRs—the VPR ef-
fects, together with the screening effects, are corrected
for using high-resolution terrain data of the area, a three-
dimensional model of the radar beam propagation assum-
ing beam refraction of standard atmospheric conditions
and accounting for the earth curvature effect, and an esti-
mation of the VPR (Pellarin et al. 2002); and 4) estimation
of rainfall at ground level by considering a reflectivity-rain
rate conversion that may depend on rain type.

Regarding the identification of the rain types, variants of
the algorithms by Steiner et al. (1995) for identifying
convective cells and Sanchez-Diezma et al. (2000) for de-
tecting the bright band (indicative of stratiform rainfall)
are implemented to determine convective and stratiform
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rainfall, respectively. A decision tree was elaborated for
the synergy of these two algorithms. They were found to be
very effective at short range (less than about 80 km) and,
because of radar sampling limitations, much less satisfac-
tory as range increases. The brightband altitude identifi-
cation proved in particular to be very sensitive to radar
sampling strategy and radar range. VPR identification is
performed using the algorithm presented in this note. It
was found to be useful to refine the rain classification using
the identified VPRs, resulting in a coupled identification of
the rain types and the corresponding VPRs. In the cor-
rection scheme, the profile determined for all rainy pixels
(referred to as “global” VPR hereinafter) is used for the
“undetermined” area.

This note focuses on VPR identification using rain
types (convective or stratiform) and is organized as fol-
lows. Section 2 reviews the VPR identification method.
Section 3 introduces the case study, and section 4 details
the application conditions of the VPR identification
method for time-varying geographical domains. Section
5 proposes various assessments of the method, and
section 6 concludes the paper.

2. The VPR identification method

We define the VPR as a function describing the evo-
lution of the mean equivalent reflectivity (i.e., the sixth-
order moment of the rain drop size distribution, assumed
to be in liquid phase) as a function of the altitude, over
a given space-time domain. This definition generates a
number of comments: 1) The VPR function is represen-
tative of the variability of the reflectivity field from a ver-
tical perspective over the domain. Rainfall heterogeneity
results from complex microphysical processes, and vari-
ability around the VPR function is likely to be strong. 2)
One practical problem in VPR estimation lies in the fact
that measured reflectivity values integrate the VPR over
a given altitude range. Using measured reflectivities pro-
duces increasingly smoother VPR functions as the radar
range increases. 3) In accordance with Andrieu and Creutin
(1995), we are actually considering a normalized func-
tion for the VPR. In so doing, it becomes implicitly as-
sumed that reflectivity factor Z(x, 4) at location x and
altitude 4 can be expressed as the product of its value at
ground level and the VPR value at the considered altitude:

Z(x,h) = Z(x,hy)z,(h), (1)

where Z(x, hg) is the reflectivity factor at the reference
altitude A (usually ground level). The function zp(h) is
called the VPR and is assumed to be homogeneous over
the considered domain D.

We define the various types of VPRs being discussed
in this paper. Note that their space—time characteristics
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differ from those of the “true” VPR retrieved quasi in-
stantaneously on very small domains by vertically point-
ing radar because they are representative of much larger
domains and time integration periods. They differ from
each other by the space-time domain D upon which the
VPR is retrieved (details are given is section 4a) and
to what extent the beam effects are corrected in the VPR
identification:

1) the apparent VPR (which is also the a priori VPR) is
computed by averaging reflectivities conditioned by
rain types measured up to ~60 km from the radar
and is influenced by smoothing radar sampling ef-
fects (details are given in section 4b);

2) theidentified VPR is corrected for the radar sampling
effects and is retrieved from typed reflectivities mea-
sured up to ~120 km from the radar, which corre-
sponds to the window of the Cévennes—Vivarais
Mediterranean Hydrometeorological Observatory
(CVMHO) pilot site (see Delrieu et al. 2005, 2009)
where dense rain gauge networks are available.

The method developed hereinafter addresses specifi-
cally the issue of VPR homogeneity by performing the
identification over areas of homogeneous rain types.
Relative to previous work, we expect to increase the
representativity of the VPRs if computed on domains of
consistent microphysical processes. The radar sampling
issue is addressed with the correction method initially
proposed by Andrieu and Creutin (1995) and Andrieu
etal. (1995) and further developed by Vignal et al. (1999).
Itis adapted here to the case of time-varying geographical
regions (Kirstetter 2008).

We recall that the method applies to a ratio of radar
measurements linked to the VPR by a nonlinear model
of the radar sampling:

Z(x, A,)

,A —
9:(x Z(x, A

’ Al) =
ref ref)

1+ (80,47)
J o PO Wz ()
= il e

H+(90aArsf)

) 48y, )z, (h) dh

H’(el)'Aref

where ¢ is the reflectivity ratio, f*(6, &) is the two-way
normalized power-gain function of the radar antenna at
altitude £, 0 is the 3-dB beamwidth, and A,.; and A; are
the reference (often the lowest) and a higher elevation
angle, respectively. The ratios are computed at the same
location and at different elevation angles as a function of
distance. They can then be used to filter the horizontal
variability of radar reflectivity factor at ground level. The
function g, may be interpreted as the signature of the
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VPR zp modified by both the beam geometry and the use
of a ratio. If the VPR is discretized into n, vertical com-
ponents of incremental height D, regrouped in the vector

Z(z, ...,z,), then Eq. (2) becomes
k=n_
2 b, Az,
9ij = |k=n, ’ 3)

]; ¢k(xj’ Aref)zk

where the coefficient ¢, represents the contribution of
the received power associated with the kth VPR com-
ponent at distance x; for the elevation angle A;.

The method identifies the VPR that demonstrates the
best compromise with respect to the maximum likeli-
hood between 1) reconstituting the experimental values
of ratios [according to the theoretical model of the radar
sampling defined by Eq. (2)] and 2) staying close to an
a priori guess. The apparent VPR thus serves as this
a priori guess. The identification is performed by a clas-
sical algorithm (Menke 1989) that consists of minimizing
the following expression:

¢(z.q) = (z—12))'C, (z—2)) +(q—q)'C,'(q - q))
q=m(z) ;
4)

where ¢ is a likelihood function, m is the theoretical
model relating the vector of ratios q to the vector of the
discretized VPR z, qq denotes the vector of observed
ratios, 2, is the a priori VPR, and C4 and C, are the co-
variance matrices of ratios q and VPR components z,
respectively (the superscripts —1 and T stand for “in-
verse” and ‘“‘transpose”, respectively). The covariance
matrices reflect the respective confidence allocated to the
a priori VPR and the ratios and their specification allows
establishing a balance between data (i.e., ratios) and
a priori information. The statistical distributions of both q
and z are assumed to be Gaussian. Menke (1989) dem-
onstrates that the solution vector z’ satisfies

Z=z7,+CM M CM+C,)"
X[gy —m(z') + M(z' —2y)], Q)

where M is the matrix of partial derivatives of the model
m. If the model m is nonlinear, then Eq. (5) can be
solved using an iterative method. The algorithm mod-
ifies the a priori VPR to derive the identified VPR in
a series of converging steps.

The method was initially developed to derive in-
formation on the VPR from radar data at two elevations
angles (Andrieu and Creutin 1995; Andrieu et al. 1995).
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It was extended to volumetric radar data by Vignal et al.
(1999). The enhanced volumetric sampling of the at-
mosphere [e.g., 10 plan position indicators (PPI) in the
paper referred to above] made it possible to estimate
“local” VPRs at the hourly time step for fixed geo-
graphical domains of typically 15° of azimuth extension
and 10-30 km of radial extension, depending on the
radar range. This work and two additional assessment
exercises conducted within the Swiss and U.S. radar
networks (Vignal et al. 2000; Vignal and Krajewski
2001) proved that VPR correction based on such local
VPRs improves slightly but systematically the rainfall
estimation at ground level relative to no VPR correction
and to correction based on apparent VPRs [the VPRs
estimated by averaging measured reflectivities in the
vicinity of the radar site, using, for instance, the method
proposed by Germann and Joss (2002)]. As compared
with the fixed geographical domains considered in these
early studies, space—time-varying geographical domains
derived from the rain classification algorithm may make
it possible to improve VPR identification.

3. Case study

A detailed description of the Bollene 2002 experiment
can be found in Delrieu et al. (2009). This experiment
was designed to evaluate the benefits of a radar volume-
scanning strategy for radar QPE in mountainous regions
and served to establish the TRADHy developmental
software. During the experiment, the Bollene radar
performed 3 PPIs at angles of 0.8°, 1.2°, and 1.8° at an
antenna rotation rate of 10° s~ ', complemented by two
sets of 5 PPIs, alternated every 5 min at an antenna ro-
tation rate of 15° s~ !, allowing a good sampling of the
atmosphere at 10-min intervals (see Table 2 in Delrieu
et al. 2009). The radar reflectivity data are available for
each 1 X 1 km? Cartesian mesh of each PPL.

Five intense rain events were sampled during the Bollene
2002 experiment, including the catastrophic mesoscale
convective system of 8-9 September 2002 (Delrieu et al.
2005; Bonnifait et al. 2009), two frontal systems (21 October
and 21 November 2002), and two shallow convective
events triggered by the orography of the Cévennes re-
gion (24 November and 10-13 December 2002). Table 3
in Delrieu et al. (2009) summarizes the main charac-
teristics of the five rain events selected for this study;
these events cover a broad array of Mediterranean rain
systems and span a total duration of 176 h. To illustrate
the application conditions of the VPR identification in
section 4, we will be using 1 h of radar data, character-
ized by a marked spatial heterogeneity, collected during
the 8-9 September 2002 case. For the assessment of the
method in section 5, the entire radar dataset will be used
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together with the rain gauge data available from the
CVMHO networks (Delrieu et al. 2009).

4. Application conditions of VPR identification

The VPR identification method is sensitive to the choice
of the a priori VPR z, retained to initialize the algorithm
and to the error structure of the data (reflectivity ratios).
As stated by Vignal et al. (1999), the VPR homogeneity
and the rainfall intermittency on the identification domain
affect the calculation and the representativeness of the
ratios and the retrieved VPR. Thus, the application of the
VPR identification method requires careful preparation to
1) satisfy as well as possible the assumption of VPR ho-
mogeneity, 2) define the a priori VPR and its level of
confidence, and 3) choose the data and their level of con-
fidence. These three points are examined in the following
paragraphs.

a. VPR identification domain

Figure 1 displays the rain-partitioning results in the
study domain at two time steps (0100 and 0200 UTC) on
9 September 2002. The rain classification detects con-
vective, stratiform, and transition (or undetermined)
rainfall. As noted in Delrieu et al. (2009), the convective
algorithm is found to be satisfactory while the stratiform
algorithm fails at detecting the entire stratiform trail of
the mesoscale convective system (MCS; north part of the
images) as a result of the radar sampling limitations, es-
pecially at ranges that are greater than 100 km. However,
we work hereinafter with this version of the rain separa-
tion, which will be the subject of further improvements in
the future. Figure 2 displays corresponding quantiles of
the probability density functions of hourly apparent VPRs
(0100-0200 UTC) for all of the rainy pixels and for the
convective and stratiform rainy pixels. Various range in-
tervals are considered: 20-30, 40-50, and 60-70 km. The
convective and stratiform median profiles are very dif-
ferent, which confirms that rain separation provides an
effective way of sorting. It may be assumed that VPR
populations are more homogeneous within each rain type.
This result justifies the use of rainfall classification for
VPR identification. Two variabilities can be distinguished
by considering the range-dependent distributions. The
variability of VPR with distance is caused by radar sam-
pling; a residual variability appears whatever the range is.
The apparent VPR degrades with range, and it clearly
appears that the bright band of stratiform VPRs becomes
thicker and less intense because of the beam widening.
The stratiform distribution at range interval 60-70 km is
so degraded that it looks like the convective distribution.
This could be related to the range limitations of the
brightband identification and of the rain classification,
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FIG. 1. Results of rain separation in the case of the MCS observed at (left) 0100 and (right) 0200 UTC 9 Sep 2002:
(black: convective rainfall; light gray: stratiform rainfall; dark gray: undetermined). Range markers are displayed at

50-km intervals.

and it emphasizes the need to identify the VPR to filter
the beam effects as much as possible.

As a consequence, a representative VPR is to be
identified for each rain-typed zone and each time step.
Germann and Joss (2002) recommend matching spatial
and temporal scales (2 h and 100 km for their case).
Extensive analysis of the VPR distributions indicates that
the statistical distributions of both the convective pixels
and the stratiform pixels were very comparable in terms
of quantiles at the 5- and 60-min time steps, the latter
being smoother and more regular. Although in-depth
analysis of the convective and stratiform patterns may be
useful to precisely define such relevant space—time scales,
our choice for VPR identification is to consider the space—
time domains defined by the rain regions classified in
a given rain type over the 1-h period preceding the time
of interest. We therefore assume that the VPR remains
spatially homogeneous at an hourly time step inside
each type of rain zone. A difficulty comes from the fact
that these rain zones move from one time step to the
next (Fig. 1), which makes it impossible to consider fixed
geographical domains. Now we have to define the a pri-
ori VPR and the data for the selected domain.

b. Choice of the a priori VPR

VPR identification is initialized by an a priori VPR.
Our confidence in this a priori VPR is quantified by the
error covariance. The adopted a priori VPR is the
apparent VPR; it was inspired by Germann and Joss
(2002), who derived an average VPR from measured
reflectivities not too far from the radar (e.g., 70 km) to

limit the beam-smoothing influence. Hereinafter, the do-
mains of the apparent VPRs are similar to the identi-
fied VPR (an hourly time step inside each type of rain
zone) but on a closer vicinity to the radar site (typically
60 km). This a priori VPR, detailed in Delrieu et al.
(2009), may be seen as a range-weighted average VPR. It
takes into account the radar sampling properties and
gives a more important weight as the radar measurements
are closer to the radar site. The weights are computed
from radar sampling modeling that considers a radar
measurement performed at an altitude / to represent the
VPR integrated over an altitude range determined by the
3-dB beamwidth using a Gaussian model for the antenna
diagram. The VPR thus calculated remains, however,
influenced by beam smoothing as the radar range in-
creases and in the presence of strong vertical reflectivity
gradients (stratiform VPR). The a priori VPRs are illus-
trated in Fig. 3. Note that the convective and stratiform
apparent VPRs are very distinct, which confirms the ef-
ficiency of the rainfall classification. In accordance with
simulations of beamwidth-smoothing effects versus range
(Sanchez-Diezma et al. 2000; Vignal et al. 1999), we may
expect the true bright band of the stratiform VPR to be
finer and higher than the bright band of the apparent
VPR. The global apparent VPR is not very different from
the convective one, indicating the dominant weight of the
convective pixels within the 60-km range (Fig. 1).

c. Data

The observed data are the reflectivity ratios calculated
up to 120 km from the radar using the following expression:
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FIG. 2. Statistical distributions of the VPRs between 0100 and 0200 UTC 9 Sep 2002. The 20%, 50%, and 80% quantiles of the
normalized reflectivity factor distributions are displayed (top) for all rainy pixels and for (middle) convective and (bottom) stratiform
pixels. The median profile is represented by the plain curves. The reflectivity factor at a given altitude is normalized by the average
reflectivity factor value in the first kilometer above sea level. The profiles are established using reflectivity factor measurements within the
(left) 20-30-, (center) 40-50-, and (right) 60-70-km ranges. Note that the range abscissa is 0—4 for global and convective types and 0-10 for
the stratiform type.

N(rALA,) The values Z,,(r, A;) and Z,,, j(r, Arer) (mm® m~>) are

Z (r A) measured reflectivities (subscript ) at a given time and

(AL A )= =1 my ©) location (symbolized by subscript j) observed at a dis-
B B Aret) = N(r,AjA) ’ tance r and at upper and reference elevation angles A;
z, j(r’ A and A, respectively. Although the radar data are cor-

j=1 rected for ground clutter and partial beam blocking
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FIG. 3. (left) Apparent (a priori) VPR (top) for all the rainy pixels, (middle) for the convective pixels, and (bottom)
for the stratiform pixels and (right) global reflectivity ratios computed from observations made between 0100 and
0200 UTC 9 Sep 2002. The corresponding upper-elevation angle is shown for each ratio curve. The apparent profiles
have been established using reflectivity measurements within 60 km of the radar, whereas the reflectivity ratios used

by the VPR inversion use reflectivity measurements up to 120 km from the radar.

before being handled by the VPR identification method,
we avoid using measurements for which A, is signifi-
cantly obstructed or is significantly contaminated by
ground echoes. A space-time integration of the reflec-
tivity at the two heights before the derivation of the ratio
is applied. The requirement of the reflectivity at A,.; ex-
ceeding a certain threshold (12 dBZ) is imposed to reduce
the probability of abnormally large ratios. Note that esti-
mating the numerator and denominator of Eq. (6) strictly
with the subset of N(r, A;, A.g) reflectivity observations
available simultaneously for the two altitude classes
hy(r, A;) and h..¢(r, Aret) at a given distance r within the
same rain type region and over a 1-h period is an im-
portant condition to avoid biasing the reflectivity ratios.

After the time integration of the reflectivity-factor
measurements at the two heights and given a distance
and two elevation angles, numerous ratio values can be

calculated for different azimuth angles. From this pop-
ulation, a relative standard deviation associated with the
average ratio value [using Eq. (6)] can be derived that
characterizes the dispersion around the average value.
The average value is the data for the VPR inverse
method, and the standard deviation is accounted for in
the data covariance matrix derivation.

For example, the ratio values calculated between 0100
and 0200 UTC 9 September are represented in Fig. 3.
Relative to previous applications of the VPR identifi-
cation method (e.g., Vignal et al. 1999), the variability of
the measured ratios was found to be very high. These
fluctuations, related to the high rainfall variability at short
space—time scales and slanted trails of precipitation caused
by vertical wind shear, are aggravated by several factors:
1) time-varying geographical domains are considered and
therefore, for a given range and elevation angle pair, the
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representative ratios (intermediate censoring), and (c) the minimum sample of representative ratios required to document each altitude
class of the VPR (strong censoring). (top) Empirical reflectivity ratios [dashed gray lines in (a) and (b); crosses in (c)] and the ratios
derived from the identified VPRs (black solid lines). The corresponding upper-elevation angle is shown for each ratio curve. (bottom) The

a priori VPRs (dashed lines) and identified VPRs (solid lines).

ratios are established with reflectivity measurements that
may come from different locations, 2) the observations for
the numerator and denominator of Eq. (6) are not strictly
synchronous, and 3) the VPR calculation is severely af-
fected in the case of parasite detections, which are par-
ticularly strong for the considered wavelength and the
considered mountainous and anthropogenic-influenced
environment. The latter point puts the emphasis on the
efficient correction of the parasite detections prior to the
VPR identification.

Consideration of all of the computed ratios (as for fixed
geographical domains) is not suitable in our case. Figure
4a illustrates for the stratiform case (the most affected by
beam effects) the consequences of an inappropriate ini-
tialization stage, which results in an estimated VPR that is
dramatically inconsistent with physical considerations. In
this example, the presence of abnormal reflectivity ratios

(especially between 0 and 40 km) makes identification
unstable. The representativeness of the experimental ra-
tios was improved by means of a ratio data-censoring
approach. Data censoring is based on the relative standard
deviation of ratios, which gives an indication of the ro-
bustness and the representativeness of the ratio. A ratio
value is assumed to be all the more representative of the
vertical structure of reflectivity as its relative standard
deviation decreases: in most cases, the ratios associated
with lower robustness were found to correspond to the
highest, and often spurious, values. Selecting the most
statistically robust ratios seems therefore to be an efficient
way to reduce the influence of the (unphysical) variability
of the ratios. This approach can be used to select a nec-
essary and sufficient subdataset to perform VPR identifi-
cation. The ratio data-censoring approach is applied at
the same space-time scale as the VPR identification (rain
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FIG. 5. A priori (dashed lines) and identified (solid lines) VPRs for the radar observations performed between 0100 and 0200 UTC 9 Sep
2002. The VPRs are computed from the most statistically representative ratios (high level of ratio censoring).

typed-1 h). For each range-height cell, we may dispose
of several ratios, which are sorted by increasing relative
standard deviation as an indication of their robustness.
The highest level of censoring means retaining only one
ratio (associated with the lowest relative standard devia-
tion) by range-height cell to dispose of a sufficient dataset
to perform the VPR identification. An intermediate level
of censoring will retain, for example, two or more mean
ratios by range—height cell if available.

Figures 4b and 4c illustrate the performance of the in-
version for two levels of ratio censoring. In Fig. 4c, the
highest level of censoring is considered with only one
mean ratio value being retained for each altitude in-
crement (90% of the total amount of original ratios have
been eliminated). This subdataset of most representative
reflectivity ratios is sufficient because it samples all of the
VPR altitude components. An intermediate level of cen-
soring is considered in Fig. 4b with 50% of the original
ratios eliminated. Despite the radical nature of this ap-
proach, the highest level of censoring was found empiri-
cally to produce the most robust identification results,
whereas, as seen in Fig. 4b, spurious oscillations of the
identified VPR reflect the difficulty the inversion method
encounters in attempting to produce a coherent synthesis
of the data for the intermediate level of ratio censoring. In
summary, data censoring makes it possible to select rep-
resentative ratios of reflectivity, thereby improving the
robustness of VPR identification.

5. Results

The VPR identification method identifies hourly VPRs
associated with rain types. It is initialized by a priori VPRs

directly derived from measured reflectivity data in the
vicinity of the radar site. The inversion method is
assessed by evaluating the improvement achieved with
respect to this first estimate. This can be done in three
different ways: 1) by using a qualitative approach that
consists of verifying that the obtained VPRs display
better characteristics than the corresponding apparent
VPRs, 2) by checking that the identified VPRs better
reproduce the reflectivity ratios than the a priori VPRs
(note that the reflectivity ratios are the signature of the
actual VPRs, as seen by the radar), and 3) by checking
that identified VPRs improve rainfall estimation in com-
parison with correction based on climatological VPR or
apparent VPR.

As an illustration, the results obtained for the example
of 0200 UTC 9 September 2002 are displayed in Fig. 5.
Comparison of the a priori and the identified VPR shows
the effects of the VPR identification method. As ex-
pected, the convective-identified VPR is close to the ap-
parent VPR but the stratiform-identified VPR presents
a finer and higher bright band, consistent with simulations
of beamwidth-smoothing effects (Sanchez-Diezma et al.
2000). Note that the stratiform-identified VPR presents
still a large bright band relative to values mentioned in the
literature from vertically pointing radar observations (e.g.,
Fabry and Zawadzki 1995). This behavior can most likely
be explained by the observation conditions (slant eleva-
tion angles) and the spatial variations of the bright band
within the domain of interest: the identified stratiform
VPR shows the mean features of the stratiform VPR
population. Nevertheless, the identified bright band is
half as thick as the apparent one. The proposed ap-
proach therefore corrects a significant amount of the radar
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stratiform regions. The 10%, 50%, and 90% quantiles of the distribution are displayed with dotted and solid black lines.

beam-smoothing effects. The identified VPR for all of the
rainy pixels (referred to as “global” in Fig. 5) exhibits
a small bright band and lies somewhere between the
convective- and stratiform-identified VPRs. Note that
because there are about 2 times more stratiform pix-
els than convective pixels within the 120-km range one
would expect a bigger brightband effect for the global
VPR. However, both the algorithms for the apparent and
identified VPR estimation favor the information that is
less affected (smoothed) by the beam effects, that is, that

comes from near ranges. Figure 1 clearly shows that the
convective pixels are dominant close to the radar, which
explains the observed behavior.

As a generalization of this specific case, Fig. 6 shows the
apparent and identified VPR distributions for the suc-
cessive hours of the 8-9 September 2002 event. For the
median profiles, the qualitative improvements (thinner
and higher bright band) are confirmed for the event VPR
population. This confirms the robustness of the proposed
approach in dealing with various conditions of sampling
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of the radar and typed VPR identification on a more
representative region than the apparent VPR.

The effectiveness of the VPR identification method
may also be assessed by testing its ability to reproduce the
experimental reflectivity ratios, which are representative
of the reflectivity field. The Nash-Sutcliffe criterion may
be computed between the experimental ratios and those
that can be derived from both the apparent and identified
VPRs for each hourly time step. These criterion values
may then be sorted in increasing order to compute a so-
called efficiency curve (Creutin and Obled 1982), equiv-
alent to the distribution function of this criterion. The
closer the efficiency curve is to the horizontal line at 1, the
better is the tested method. To compare the different
methods fairly, the validation dataset must be different
from the one used for fitting. The empirical ratio samples
retained as a reference for the calculation of the criteria
are 2 times as numerous as the samples retained for VPR
identification (e.g., empirical ratios sample of Fig. 4b).
The performance assessment of VPR identification is il-
lustrated in Fig. 7. In comparing the a priori VPR with
the identified VPR, it clearly appears that the identified
VPRs better reproduce the observed ratios than the a
priori VPRs. The best improvements are obtained for the
stratiform case, which somewhat compensates for the
moderate ratio reproduction from the apparent strati-
form VPR; improvements are less marked in the con-
vective case (where room for improvement is lower) and
are moderate in the global case. The VPR identification
method therefore provides VPRs that are more repre-
sentative of the reflectivity field over a larger region
(within a radar range of 120 km, as compared with an
area extending over a 60-km range for the apparent VPR
estimation).

Last, an indirect means to evaluate the effectiveness of
VPR identification may be to quantify the contribution of
the identified VPR in radar data processing. By compar-
ing the radar QPE with a reference rainfall on the ground,
itis possible to check whether this identification improves
the radar rainfall estimation. We expand hereinafter the
assessment results presented in Delrieu et al. (2009) to
highlight the relative performance of the VPR identifi-
cation method with respect to the apparent VPRs. We
simply recall here that five intense rain events observed
during the autumn of 2002 were considered in such as-
sessment, globally and for 3 groups of events corre-
sponding to an extreme MCS (28 h), two frontal events
(total of 32 h), and two shallow convective events (total of
116 h). We restrict the following analyses to the case of
the processing strategy that includes rain classification
and the use of the apparent or identified VPRs and of two
predefined radar reflectivity-rainfall (Z-R) relationships
for the convective type (Z = 300R"*) and the other rain
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apparent VPRs (dashed curves) and identified VPRs with the most
representative ratios (solid curves) for (top) all of the rainy pixels,
(middle) convective pixels, and (bottom) stratiform pixels during the
8-9 Sep 2002 event.

types (Z = 200R"®). Table 1 lists the assessment criteria
with 1) the mean relative error [ MRE = (R — G)/G,
where G and R stand for rain gauge and radar mean rain
amounts, respectively], 2) the mean absolute difference
(MAD = |R - G|/G), and 3) the determination co-
efficient (square of the linear correlation coefficient). The
overall level of radar-rain gauge agreement is high at the
event time step (determination coefficient of about 0.9),
and it remains relatively good at the hourly time step
(determination coefficient of 0.76). The scatter naturally
increases as the time scale decreases. The MRE is sig-
nificantly reduced for identified VPRs relative to that of
apparent VPRs, and both the MAD and the determi-
nation coefficient are almost unchanged. Table 1 indi-
cates that this overall trend remains the same for the
three groups of events whereas performance varies with
the group of events. For the MCS case, the stratiform part
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TABLE 1. Assessment criteria for different rain event groups at hourly and event time steps.
Apparent VPR Identified VPR
No.hours  No.pairs MRE (%) MAD (%) p*> MRE (%) MAD (%) p°
Assessment at the hourly time step
All events 176 24868 -6 46 0.76 0 49 0.74
MCS event 28 6395 -9 40 0.80 -6 38 0.80
Frontal events 32 5979 -10 44 0.76 —4 45 0.77
Shallow convective events 116 12239 -1 54 0.56 10 59 0.51
Assessment at the event time step
All events 176 1240 -12 25 0.90 =7 25 0.89
MCS event 28 249 -13 20 0.92 -9 19 0.92
Frontal events 32 498 —16 25 0.71 -11 24 0.71
Shallow convective events 116 498 -19 33 0.76 —10 33 0.71

of the system generated a much smaller contribution in
terms of rainfall than the convective part. In addition, the
location of the event at close range of the radar and the
high altitude of the bright band (3.2 km) also explain
the limited influence of the VPR correction. In that spe-
cific case, the choice of the (convective) Z—R relationship
was certainly a more critical issue in terms of QPE. There
is still a positive though moderate impact of the identified
VPRs relative to the apparent VPRs in terms of bias
reduction; of interest is that the MAD is also signifi-
cantly improved while the determination coefficient is
unchanged for both time steps. For the rain events as-
sociated with cold-frontal systems, there is a more sig-
nificant improvement in terms of MRE reduction. As
noted in Delrieu et al. (2009), the performance for the
shallow convective events is poor because of the obser-
vation conditions in that mountainous part of the region.
In summary, the use of identified VPRs has a positive and
very systematic impact in terms of bias reduction in
comparison with the use of apparent VPRs, whereas the
scatter remains unchanged or slightly altered. This result
is attributed to the better processing of spatial variations
of the vertical profile of reflectivity for the stratiform re-
gions. This statement is supported by the MRE reduction
at the event time scale while the determination coefficient
remains basically unchanged, as an indication of the bet-
ter processing of the low rain rates (stratiform) while the
high rain rates (convection) are not significantly changed.

6. Conclusions

This note has proposed improvements to the VPR
identification algorithm proposed by Vignal et al. (1999)
based on inversion of reflectivity ratios computed over
the distance from the radar. VPR identification is a valu-
able approach to synthesize radar data that provide het-
erogeneous information on the VPR, being differently
affected by the range influence. It complements and im-
proves methods that directly derive VPRs from measured

reflectivity data (Germann and Joss 2002; Delrieu et al.
2009). The improvements of the method concern 1) the
use of a range-weighted apparent VPR as a first guess
of the VPR identification, 2) the application of the VPR
identification method to time-varying geographic do-
mains in which the type of precipitation is homogeneous,
and 3) the selection of the most representative data (re-
flectivity ratios) to perform the VPR identification.

The study of the spatial variations of VPRs made it
possible to better define the application conditions of the
proposed method. By aggregating typed rain data over
1 h, we expect to define domains over which the vertical
structure of reflectivity will show a relative prior homo-
geneity. The apparent VPR used to initialize the method
may be considered to be a well-designed prior estimator,
in comparison with which the inverse method is a refined
homogenization.

The applicability of this VPR identification method
has been tested in the difficult context of intense rain
events where a reliable evaluation of rainfall is a major
issue for flood warning. Despite the fact that the VPR
homogeneity assumption is more fully satisfied using the
rain separation algorithm, adapting the inversion tech-
nique to the case of variable geographic domains still
proved challenging relative to previous implementa-
tions based on fixed spatial domains (Andrieu et al.
1995; Vignal et al. 1999, 2000; Vignal and Krajewski
2001). Two conditions ultimately allowed for robust in-
versions to be achieved: 1) aggregating data from several
successive (1 h) time steps and 2) implementing a ratio
data-censoring approach.

Positive results have been obtained, insofar as the
identified VPR 1) qualitatively presents physically con-
sistent shapes and better characteristics than the apparent
VPR considering beam effects, 2) better reproduces the
reflectivity ratio curves, which are representative of the
reflectivity field and represent the radar signature of
the actual VPR, and 3) has a positive impact on radar
data processing for quantitative precipitation estimation
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in terms of bias reduction. The identification method is
efficient to correct for the beam effect’s smoothing on
VPR shape; it is all the more significant in the presence of
strong vertical gradients in the VPR shape, as for the
stratiform type.

However, given the variability of the ratios in the dif-
ficult radar measurement context of the Cévennes—
Vivarais region, it would appear that the limits of this
VPR identification method have been reached. As the
VPR identification is based on the key assumption of
spatial homogeneity of the VPR, these fluctuations are
liable to make the VPR identification unstable and pre-
vent its application. Moreover the method is based on
statistical control of the variations of the VPR compo-
nents about their a priori values, and in the case of strong
and possibly abnormal fluctuations of the observed data
this statistical control is not sufficiently robust to prevent
identified VPRs that are unrealistic from a physical point
of view. A more promising approach would be to replace
the statistical control of the VPR about its a priori value
by the introduction of physically based constraints into
the inverse algorithm to identify a more physically shaped
VPR. This approach will be the subject of an upcoming

paper.
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