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Abstract: Relations for retrieving precipitation and attenuation information from radar measurements
play a key role in radar meteorology. The uncertainty in such relations highly affects the precipitation
and attenuation estimates. Weather radar algorithms are often derived by applying regression
methods to precipitation measurements and radar observables simulated from datasets of drop
size distributions (DSD) using microphysical and electromagnetic assumptions. DSD datasets
can be derived from theoretical considerations or obtained from experimental measurements
collected throughout the years by disdrometers. Although the relations obtained from experimental
disdrometer datasets can be generally considered more representative of a specific climatology,
the measuring errors, which depend on the specific type of disdrometer used, introduce an element of
uncertainty to the final retrieval algorithms. Eventually, data quality checks and filtering procedures
applied to disdrometer measurements play an important role. In this study, we pursue two main goals:
(i) evaluate two different techniques for establishing weather radar algorithms from measured DSD,
and (ii) investigate to what extent dual-polarization radar algorithms derived from experimental DSD
datasets are influenced by the different error structures introduced by the various disdrometer types
(namely 2D video disdrometer, first and second generation of OTT Parsivel disdrometer, and Thies
Clima disdrometer) used to collect the data. Furthermore, weather radar algorithms optimized for
Italian climatology are presented and discussed.

Keywords: weather radar retrieval algorithms; disdrometer data; rain drop size distribution

1. Introduction

Networks of ground-based weather radars are widely used worldwide to obtain quantitative
precipitation estimations (QPEs) over large areas with fairly high temporal (5–10 min) and spatial
resolution (usually less than 1 km, although variable with the distance from the radar). In Italy,
the national weather radar network is managed by the Italian Civil Protection Department, and most
of its systems operate in dual polarization mode with polarization diversity, thus making it possible
to improve the retrieval of precipitation with important consequences in different fields, such as
management of hydrological risk, understanding of water cycle and ultimately investigation of
the effects of climate change. However, weather radar data are indirect measurements of rainfall,
and therefore proper radar relationships (retrieval algorithms) are often used to convert combinations
of radar measurements into rainfall rate, parameters characterizing drop size distribution (DSD),
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or specific attenuation. In radar meteorology, the most used radar rainfall retrieval algorithm is
the one that converts the equivalent reflectivity factor, usually at horizontal polarization (Zh in dB)
measured by a radar system, into rainfall rate (R in mm h−1) using a power law relation of the
form R = c1Zh

c2 [1]. This relation is often tuned by statistical matching between radar-measured
reflectivity factor and raingauge-measured rainfall accumulations [2]. However, because of the drop
size distribution (DSD) variability even at close distances [3] and differences in the sampling volume
of the devices, the parameters (c1 and c2) of the Zh vs. R relation are highly variable [4]. The use
of dual polarization radar measurements such as differential reflectivity (Zdr in dB) and the specific
differential phase shift (Kdp in ◦ km−1) can better constrain some features of the DSD and consequently
improve the QPE, providing relations less sensitive to variation of DSD [2,5]. Furthermore, when
precipitation-attenuated frequencies are used, relations between radar measurements and the specific
attenuation or differential attenuation (ah and ad, respectively, and both in dB km−1) are needed in
order to apply attenuation correction algorithms and obtain more reliable radar measurements [6].

Following the classification proposed in [2], radar rainfall estimation techniques can be classified
as either statistically based or physically based. The techniques adopting a statistical approach define
rainfall algorithms analyzing rain measurements and corresponding radar measurements collected
aloft by radar. The physically based techniques require a microphysical model of rain coupled with
an electromagnetic model for scattering and absorption to determine how radar observations are
related to rain within a radar resolution volume. In practice, they lead to approximated parametric
relations between rain and radar measurements, typically expressed through power laws whose
parameters are obtained starting from a set of drop size distributions. For each DSD in the set, using
additional assumptions that will be discussed later, rain rate and simulated radar measurements are
obtained. Parameters of the approximated relations are determined through a non-linear regression
analysis. DSD variability is one of the primary sources of error of radar QPE algorithms, especially
for algorithms based only on reflectivity measurements. Therefore, the choice of the set of DSDs
is important for training radar-based algorithms for rain precipitation and attenuation estimation.
Two methods are generally adopted for the selection of the DSD dataset: one is based on drop size
distributions measured by surface devices (such as disdrometers), and the other is structured around
sets of synthetic DSDs either generated by varying the parameters of an assumed theoretical functional
form [2], or more often obtained by fitting the measured DSD with a given model (e.g., [7], among
others). Usually the three-parameter gamma distribution is adopted as the theoretical distribution able
to represent the natural variability of rain. The latter approach assumes that the radar system always
samples raindrops whose sizes follow a gamma distribution (homogeneous within the radar sample
volume), from which both DSD moments (such as rain rate) and radar measurements can be computed.
However, the use of an a priori analytical DSD model (such as the gamma) could lead to errors in
weather radar algorithms. For instance, Ref. [8] pointed out that the gamma DSD assumption can
influence the radar rain rate estimation and, more recently, Refs. [9,10] investigated the validity of three
common used distributions to model the natural DSDs through evaluation of the goodness of fit for
large disdrometric databases. Moreover, the method used to fit a given functional form to the measured
DSD produces an estimation error that can influence the performance of the obtained weather radar
algorithms. For example, Ref. [11] demonstrated that the method of moments, which is widely used for
DSD parameter estimation, produced biased parameters, and the maximum likelihood or L-moments
methods perform better. Disdrometers are becoming more popular, and long-term measurements of
DSD are available and can be used to determine physically based rain algorithms. On the other hand,
considering disdrometer-measured DSDs avoids uncertainties related to the assumption of a specific
DSD functional form; however, disdrometer-estimated DSDs will have error that, in turn, will have
an impact on rain radar algorithms. In general, for physically based techniques, other factors, such
as radar measurement fluctuations, e.g., [12], sampling effects, e.g., [13,14], and other assumptions
such as the shape of the raindrops, e.g., [15], usually modelled as oblate spheroids, have to be taken
into account. Ref. [16] provides a review of the main techniques used to retrieve precipitation from
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remote sensing measurements. Another important advantage in using experimental DSD is that the
obtained algorithms are optimized for the climate region in which the disdrometer measurements
have been collected, whereas less customized algorithms are obtained using synthetic DSDs. Similar
considerations can be made for the relations between radar measurements and specific attenuation as
well, that is not directly measured by a radar, but is used in some QPE techniques when C- or X-band
frequencies, suffering from rain attenuation, are used.

Important aspects to be considered in using experimental DSDs to determine weather radar
algorithms are (i) the spurious variability of measured DSDs due to instrumental and observational
noise, and (ii) the error structure of the measured drop spectra in relation to the kind of device
used for the measurements. The first aspect has been partially addressed by [17], who investigated
the effect of the sequential intensity filtering technique (SIFT) to obtain more stable R-Zh relation.
Ref. [18] defined another sorting and averaging methods to reduce the disdrometer sampling error
based on two DSD moments (namely rainfall rate and median volume diameter), the so-called SATP
method. In the present study, the SIFT approach is used to establish different types of weather radar
algorithms, and the results are compared with the relations obtained from the classical approach
using 1-min disdrometer DSDs. The second aspect is the aim of this study and has never been
addressed systematically in the literature, with the exception of a very recent study ([19]) that compares
the performance of laser disdrometer Parsivel2 by OTT GmbH and Joanneum Research 2D Video
Disdrometer (2DVD), installed in South Korea, in estimating precipitation radar algorithms at S-band.
In fact, disdrometer data are often considered as “ground truth” for the measurements of DSD
at ground and in practice are used acritically for the determination of weather radar algorithms.
Sometimes they are preferred to standard raingauge as a reference for ground measurements of
rainfall especially for light precipitation ([20]), and therefore are not only DSD estimation instruments.
However, a WMO experiment for raingauge intercomparison showed a 15% bias with respect to
raingauges ([21]) for both an OTT Parsivel disdrometer and a Thies Clima LPM (Laser Precipitation
Monitor) in the estimation of rainfall intensity. In general, disdrometers can be affected by several
errors, which are caused by: (i) statistical sampling (e.g., [22,23]), (ii) instrument limitations (resolution
and sensitivity), and (iii) environmental factors such as wind effect (e.g., [24,25]), splashing (e.g., [7]) or
external interference from, for instance, insects or spider webs. Errors due to instrumental limitations
(referred to as error structure above) depend on the type of disdrometer and the measurement principle
adopted and can affect the measured DSD in different ways. Nowadays, different kind of devices
are commercially available. Based on their measurement principle, they can be classified in three
categories: impact-type, laser, and video. Several authors have compared measurements of different
disdrometers and have found systematic differences in the shape of measured drop spectra and
corresponding integral parameters (e.g., [7,26–29] among others).

In this study, we investigate to what extent differences in DSD estimated by different types of
disdrometer can impact the determination of weather radar algorithms. In other words, we aim at
understanding and quantifying how the different characteristics, sensitivities and measurement modes
of disdrometers influence the coefficients of the parametric algorithms adopted for the retrieval of
rainfall rate and attenuation from radar measurements.

Once the impact of the type of disdrometer on the weather radar algorithms has been carefully
addressed and examined based on data from experimental campaigns, the DSDs collected by
a quality-controlled Thies Clima optical disdrometer over five years in Rome (Italy) are analyzed in
order to provide polarimetric weather radar algorithms optimized for the Mediterranean region.

This study is focused on the most used weather radar algorithms for radar-based QPE and specific
attenuation estimation. The obtained relations are provided for the three frequencies of the bands
(S, C and X) that are commonly adopted for ground-based weather radars. The rest of the paper is
organized as follows. Section 2 describes the main characteristics of the disdrometers considered
in this study and of the measured datasets involved in the analysis. Section 3 reports the methods
adopted to define the weather radar algorithms. Section 4 deals with the influence of the measuring
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characteristics of the different types of disdrometers on the parameters of the weather radar algorithms.
The dual-polarization weather radar algorithms optimized for Italy are presented in Section 5. Finally,
Section 6 closes the paper by summarizing and commenting on the main results.

2. Devices and Datasets Description

2.1. Experimental Data

The experimental data used in this study was collected by four types of commonly used
disdrometers: Parsivel disdrometer (P1), Parsivel2 disdrometer (P2), which is an upgraded version of
P1, both manufactured by OTT Hydromet GmbH (Kempten, Germany), Thies Clima laser precipitation
monitor (TC), manufactured by Adolf Thies GmbH & Co. KG (Göttingen, Germany), and 2D Video
Disdrometer (2DVD), by Johanneum Research GmbH (Graz, Austria). The data used were mainly
collected in the area of Rome (Italy), but disdrometer measurements collected in Iowa (USA) were
also considered to enrich the analysis of the effect of the disdrometer type on the weather radar
algorithms (Figure 1). In Rome, data collected over roughly 5 years by a P1 and TC installed on the
roof of the Institute of Atmospheric Sciences and Climate (ISAC) of the National Research Council
(CNR) were used (hereafter ISAC-CNR P1 and ISAC-CNR TC, respectively). To the best of the authors’
knowledge, the latter represent the longest DSD datasets available in Italy. Furthermore, during the
two-month Hydrological cycle in Mediterranean Experiment (HyMeX) Special Observation Period
1 (SOP1) field campaign from September to November 2012 [30], P2 and 2DVD (hereafter HyMeX
P2 and HyMeX 2DVD respectively) were made available by the National Aeronautics and Space
Administration (NASA) thanks to a specific agreement to support such a field campaign. A P2
disdrometer was deployed next to P1 and TC on the ISAC roof, and one 2DVD was located on the roof
of the Department of Electrical Engineering and Telecommunications at Sapienza University of Rome
(14 km from ISAC-CNR; [31]). In Iowa, during the Iowa Flooding Studies (IFloodS) field campaign of
the NASA ground validation program of the Global Precipitation Measurement (GPM) mission, six
different sites aligned along a fixed direction were equipped with one 2DVD and one P2, and the data
are available online (hereafter IFloodS 2DVD and IFloodS P2, respectively; [32,33]). Furthermore, only
for comparison purposes (see Section 4), we built three new datasets as subsets of the long-term ones,
namely, ISAC-CNR P1 and ISAC-CNR TC. The rationale for this decision is to quantify the possible
effect of the duration of the period during which the data were collected. Specifically, ISAC-CNR
P1sub and ISAC-CNR TCsub denote subsets of the long-term datasets ISAC-CNR P1 and ISAC-CNR
TC, respectively, and consist of two months of data (from 24 September to 30 November 2015) during
which both of the devices collected data simultaneously. Furthermore, ISAC-CNR TCHY denotes
the data collected by TC during the HyMeX field campaign, and therefore it is another subset of the
ISAC-CNR TC dataset. Figure 1 shows the locations in Italy and Iowa of the devices used in this study,
and Table 1 summarizes the main characteristics of the considered datasets.
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2.2. Disdrometer Descriptions

A brief description of the design and operation of the disdrometers used in this study is presented
in order to highlight their main advantages and differences. In general, major causes affecting
disdrometer measurements include wind turbulence, splashing, mismatching between cameras (in the
case of the 2DVD) or laser homogeneity (in the case of laser disdrometer), drop sorting, multiple
drops appearing at the same time, margin-fallers, or external interference from, for example, insects
or spiderwebs, water or dust on the sensor windows. Proper installation and maintenance of the
instruments, along with a proper processing of raw disdrometer data, can reduce the effects of some of
these sources of error.

OTT Parsivel (PARticle SIze and VELocity) is a laser-based optical disdrometer for simultaneous
measurements of size and velocity of liquid and solid precipitation particles. It has an optical sensor
that produces a horizontal sheet of light (30 mm wide, 1 mm high and 180 mm long) that is focused in
a single photodiode in the receiver. In clear sky conditions, the receiver produces a 5-V signal at the
output sensor, while if a particle partially blocks the light sheet passing through it, a reduction of the
voltage is registered. The reduction of the signal amplitude provides information on the size of the
particle, while the duration of the reduction allows estimation of the particle’s fall velocity. The raw
output provided by the manufacturer’s software, either at 10-s or 1-min intervals, is the number of
drops in 32 size (from 0.062 to 24.5 mm) and 32 fall velocity (from 0.05 to 20.8 m s−1) categories with
variable widths. Its drop detection capabilities are lower at the left end of the drop spectrum (namely,
the smaller drops); in fact, the two smallest size classes are usually left empty [34], and the actual
minimum detectable diameter is approximately 0.25 mm. Recently, a second generation of the Parsivel
disdrometer was made available. The main improvement of P2 is better homogeneity of the laser
sheet, which is crucial for the accuracy of the measurements. The improvement of P2 over P1 in both
drop size and rainfall measurements was shown in [29]. In particular, P2 detects small and large drops
better than P1.

Another type of laser-based disdrometer is the Thies Clima Laser Precipitation Monitor [35]. It is
based on the same principle of operation of P1 and P2, consisting of a laser diode and optics which
produce parallel beams of infrared light of 780 nm thickness with a detection area of 20 × 228 mm.
The number of detected particles is recorded in a 22 size (from 0.125 to 8 mm) × 20 fall velocity (from
0.2 to 10 m s−1) matrix. Comparing DSD measured by P1 and TC, Ref. [26] found that the TC measures
a higher number of drops, mainly due to the fact the TC measures about three times the number of
small drops (diameter less than 0.6 mm) recorded by P1. Ref. [36] compared P2 and TC measurements
and found discrepancies between precipitation integral parameters estimated from the two devices
because TC detects a much larger number of drops, in particular of small size, even with respect to P2.

The 2DVD is an optical device that uses two orthogonal light sheets that are projected onto
an array of discrete photodetectors inside two line-scan cameras. The intersection of the two light
sheets determines a virtual measuring area of approximately 10 × 10 cm2. A drop that falls through
such area casts a shadow on the photodetectors. Based on an a priori threshold level, the number
of obscured pixels is obtained, and the size of the particle is consequently determined. The vertical
velocity is based on the time it takes for a particle to move through the vertical distance between
the upper and the lower light sheets (~6 mm). Once installed at a new site, the 2DVD needs to be
calibrated for size, axis ratio and fall speed [37]. The calibration needs to be periodically checked.
2DVD DSD data have been considered the most reliable with respect to those obtained by other
commercially available instruments, although the instrument requires more careful maintenance with
respect to laser disdrometers such as P1, P2 and TC, which are calibrated by the manufacturer and
require a very limited maintenance. Ref. [19] found a good agreement between P2 and 2DVD for
mid-size drops (diameters ranging between 0.6 mm and 4 mm), and an overestimation of P2 for drops
larger than 4 mm.
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2.3. Data Processing and Description

All the datasets considered in this study underwent the same procedure of post-processing and
filtering. Firstly, a filtering criterion based on fall velocity was applied to filter out the so-called
spurious drops, supposed to be due to splashing, wind effects, or mismatching. The adopted
criterion rejects drops whose measured velocity falls outside the range ±50% of the still air terminal
velocity-diameter relation of [38]. This is a well consolidated procedure in disdrometer-related studies
(see [10], and references therein) that aims at mitigating the errors due to environmental factors. For the
2DVD measurements, the filtering criterion was applied to each single measured drop, while, since for
the Parsivel a 32 diameter × 32 velocity matrix is available, a mask that filters out all the cells outside
the ±50% of the [38] relation is used. Similar considerations can be made for the TC raw data. In this
case, a 22 diameter × 20 velocity matrix is provided by the instrument. The adopted criterion has the
advantage of eliminating non-liquid hydrometeors that have a diameter-fall velocity relation different
from the one considered for rain. Drops exceeding 10 mm are very likely not real drops and were
therefore discarded. Then, for each minute with at least 10 recorded counts of drops, we computed the
DSD as follows:

NP1;P2;TC(Di) =
1

AP1;P2;TC∆t ∆DP1;P2;TC
i

CP1;P2;TC
v

∑
j=1

nj,i

vj
(1)

N2DVD(Di) =
1

A2DVD∆t ∆D2DVD
i

Mi

∑
k=1

1
v2DVD

i
(2)

where the superscript indicates the specific instrument, N(D) is the drop size distribution (mm−1 m−3),
A is the instrumental measuring area (m2), ∆t is the sampling time (namely 60 s), ∆D is the width
of the size bin, ni,j is the number of drops measured in the ith diameter class and jth fall velocity
class, Cv is the total number of fall velocity bins, Mi is the total number of drops recorded by 2DVD
in the considered sampling time and v (m s−1) is the diameter-fall velocity relation [38], which was
used to compute DSDs for all of the devices. The width of each diameter class was provided by the
manufacturer for the Parsivel and Thies Clima disdrometers and was set to 0.2 mm for the 2DVD.

Once the DSDs have been obtained, the rainfall rate can be straightforwardly computed adapting
the formula:

R = 6 π 10−4∑Dmax
Dmin

v(D)N(D)D3 dD (mm h−1) (3)

As an additional criterion, we filtered out from the dataset very light rain (R < 0.1 mm h−1).
Also, DSDs with less than 4 consecutive drop diameter bins with non-zero values and isolated rainy
minutes were discarded [39]. A rainy minute is considered isolated if there are less than five rainy
minutes in the one hour before and after the considered sample. However, the latter two filtering
criteria discarded a low number (less than 2% for all the datasets) of samples. For each dataset,
the number of samples obtained after the application of the above filtering criteria is shown in Table 1.
The IFloodS 2DVD and IFloodS P2 datasets are composed of a huge amount of data, because, although
the collection of data lasted only two months, data were obtained by six devices (either 2DVD or P2,
depending on the dataset). Table 1 also shows the mean and maximum values of the rainfall rate
obtained for each dataset. Finally, the [40] classification algorithm has been applied to the disdrometer
data in order to identify the convective, stratiform and transition minutes. The algorithm classifies the
samples based on the values of the median volume diameter (D0) and Nw, the intercept parameter of
the normalized gamma distribution function with respect to the liquid water content, which can be
straightforwardly computed from measured DSD, regardless of gamma DSD assumption. As shown
in Table 1, the percentage of convective minutes ranges between 3.5% and 6.4%, depending on
the datasets.
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Table 1. For each dataset, provided are the type of device, the location, the time period when
measurements were collected, the total number of rainy minutes considered after the application
of the filtering, the mean and maximum values of the rainfall rate and the percentage of minutes
classified as Convective (C), or Stratiform (S), applying the [40] classification algorithm.

Dataset Name Type of
Device Location Time Period n. Rainy

Min.
Rmean

(mm h−1)
Rmax

(mm h−1) % C % S

ISAC-CNR P1 P1 Rome, IT June 2010–
March 2016 82,792 2.25 133.4 3.58 94.88

ISAC-CNR TC TC Rome, IT September 2012–
November 2017 72,520 2.59 117.2 4.70 93.36

HyMeX P2 P2 Rome, IT September–
November 2012 3306 2.41 69.68 3.62 95.01

HyMeX 2DVD 2DVD Rome, IT September–
November 2012 3610 3.32 113.94 6.43 90.12

IFloodS 2DVD 2DVD Iowa, USA April–June 2013 31,109 2.61 200.18 4.78 92.29

IFloodS P2 P2 Iowa, USA April–June 2013 40,685 2.27 158.32 3.72 94.36

ISAC-CNR P1sub P1 Rome, IT September–
November 2015 3164 2.05 92.18 4.36 94.50

ISAC-CNR TCsub TC Rome, IT September–
November 2015 3232 2.10 81.12 4.39 94.24

ISAC-CNR TCHY TC Rome, IT September–
November 2012 2612 3.20 107.60 5.70 91.92

2.4. Computation of Weather Radar Measurements

Starting from the disdrometer-estimated DSDs, the following dual-polarization weather radar
measurements can be obtained:

Zh,v =
λ4 1018

π5 |Kw|2
∑σhh,vv(D)N(D)dD (mm6 m−3) (4)

Zdr = 10 log10
∑σhh(D)N(D)dD
∑σvv(D)N(D)dD

(dB) (5)

Kdp =
180 λ 103

π ∑Re[ fhh(D)− fvv(D)]N(D)dD (◦ km−1) (6)

ah,v = 8.686 103 λ∑Im[ fhh,vv(D)]N(D)dD (dB km−1) (7)

where λ is the radar wavelength (in m), Kw is the dielectric factor, Zh,v is the equivalent reflectivity
(subscripts h and v denote horizontal or vertical polarization, respectively), Zdr is the differential
reflectivity, Kdp is the specific differential propagation phase shift, ah,v is the specific attenuation at

horizontal and vertical polarization. On the right side of the equations above, σhh,vv = 4π
∣∣Shh,vv

∣∣2 are
the radar cross section, and Shh,vv and f hh,vv are the backscattering and forward scattering amplitudes
(in m), where hh subscript strand for horizontal polarization transmit and horizontal polarization
receive, and vv for vertical transmit and vertical receive. Although not explicit, these quantities are
functions of the radar wavelength. Hydrometeor scattering properties depend on several factors, such
as composition, shape, orientation and size of the scatters, and the radar wavelength. For the purpose
of this study, the T-matrix method [41,42] was applied to compute the back and forward scattering
amplitudes of oblate hydrometeors, and therefore the polarimetric radar measurements Zh, Zdr, Kdp
and specific attenuations ah and ad for a given DSD. To perform the electromagnetic simulation, we
assumed an environmental temperature of 20 ◦C, and that the shape of the hydrometeors follows the
shape model proposed by [43]; we modeled the distribution of the hydrometeor canting angles with
a Gaussian distribution with mean 0◦ and standard deviation 10◦ [44]. It should be noted that the
model adopted in the T-matrix simulation to represent the shape of the raindrops can affect polarimetric
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measurement estimations, but this issue is beyond the scope of this study, being widely addressed in
the literature [15,45]. The T-matrix method was run for three different frequencies, namely, 2.85 GHz
(S-band), 5.6 GHz (C-band), and 9.375 GHz (X-band).

Figures 2–4 show for S-, C-, and X-band frequencies, respectively, the values of Kdp/Zh vs. Zdr
obtained by T-matrix simulation as a function of the maximum drop diameter (Dmax in mm) of each
measured DSD for the considered datasets. This compact representation was proposed to illustrate the
self-consistency property of the polarimetric radar measurements to be used to check the calibration
of the radar system and to verify the influence of shape-size relations [45] and is helpful in pointing
out the behavior of radar measurements obtained from T-matrix simulation. It can be noted that
the marked reduction of 10log10(Kdp/Zh) at C-band, shown in Figure 3, for Dmax larger than 5.5 mm
and for high values of Zdr, is particularly impactful for the datasets collected by laser disdrometers.
Our hypothesis if that this is likely due to the quantization effects for the large drop diameters (for
P1 and P2, the drop diameter class width is 1 mm for D > 5.5 mm, whereas for TC, the class width
is 0.5 mm for D > 2.0 mm) combined with the fact that Zdr and Kdp values are highly influenced by
the presence of few large drops (frequently only one or two large drops are counted and no drops are
recorded in one or two lower adjacent bins) and that Parsivel disdrometers overestimate the number
of large drops [19]. Thus, drops whose size is closer to the boundaries of a quantization interval can be
erroneously associated with the adjacent quantization bin resulting in an error in the assignment of
the correct drop size (i.e., quantization error). Furthermore, we found an increase of C-band Zdr for
DSDs that have a maximum drop diameter larger than ~5.5 mm. This is well explained by looking at
the scattering properties of a single drop, as shown in Figure 5, which reports the ratio between the
backscattering cross section (Figure 5a) and the differences between the forward amplitudes (Figure 5b)
at horizontal and vertical polarization, as obtained from T-matrix simulations. As pointed out by
several studies in the literature, in the interval between 5 mm and 6 mm of drop diameter, the C-band
σhh/σvv rapidly increases, causing an increase of Zdr values ([46], and references therein), whereas the
fhh − fvv values decrease, producing a decrease of Kdp (see Equation (6)). X-band Zdr is affected by
resonance for drops larger than roughly 3 mm, although the effect is less pronounced (Figure 4).
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3. Weather Radar Algorithms

In this section, the disdrometer-estimated DSDs are used to establish the following weather radar
algorithms:

ah = α1Kdp, (8)

ad = α2Kdp, (9)

R = α3Zh
β3 , (10)

R = α4Zh
β4 Zdr

γ4 , (11)

R = α5Kdp, (12)

R = α6Zdr
β6 Kdp

γ6 . (13)

In Equations (8)–(13), the radar measurements Zh and Zdr are in linear units ([2]), Kdp is in (◦ km−1)
and the coefficients αn βn γn n = 1, 2, . . . , 6 are defined so that the resulting attenuation is in (dB km−1)
and the rain rate is in (mm h−1). The error structure of these algorithms has been widely studied,
and (10) is considered to be the most sensitive to the DSD variability.
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For each 1-min DSD, the rainfall rate (R) can be straightforwardly computed using (3), and the
radar measurements (Zh, Zdr and Kdp) and specific attenuation (ah, ad) can be estimated through
T-matrix simulations. Then, a nonlinear regression method was performed to obtain the coefficients of
the estimators (8)–(13). Comparing the estimated quantity (y) and the reference ones (x) (i.e., R and ah,
ad from Equations (8)–(13) and from (3) and (7), respectively), several quality indices that define the
goodness of the regression can be adopted. The statistics used to define the intrinsic performance of
the weather radar algorithms are the following:

NMAE =
|xi − yi|

x
(14)

NB =
y
x
− 1 (15)

RMSE =

√
(x− y)2 (16)

cc =
(x·y)− (x·y)
std(x)·std(y)

(17)

where the overbar (·) above the symbols stands for the average operator.
NMAE (normalized mean absolute error) values indicate the possible influence of DSD variability

on the accuracy of the estimates. NB (normalized bias) is an index of the systematic error: negative
values indicate an underestimation of the parameter obtained through the considered weather radar
algorithm with respect to disdrometer-based value. RMSE (root mean square error) is a measure of the
accuracy of the proposed algorithm and is expressed with the same unit of the estimated parameter.
The Pearson correlation in (17) is abbreviated in cc and expresses the existence of a linear relation
between x and y.

The use of measured DSDs makes it possible to establish weather radar algorithms that can be
considered to be more representative of the climatology of the area where the DSDs were collected [47].
However, disdrometer DSDs can be affected by spurious variability (e.g., due to drop sorting, small
sampling volume, and instrumental noise), which can result in errors in the established weather radar
algorithms. To filter out the spurious DSD variability, keeping the natural DSD variability due to the
different physical processes involved in the formation and evolution of rainfall, different filtering
techniques have been proposed in the literature, such as random DSD averaging, time sequential DSD
averaging, or the sequential intensity filtering technique (SIFT) [17]. It has been shown that SIFT is
very efficient in stabilizing the Zh-R relation derived from microwave disdrometer data, making it
possible to obtain a relation less scattered around the best-fit line with respect to the other mentioned
methods. The SIFT procedure consists in ordering R (or Z) disdrometer-based values obtained within
a given time window (W) and in computing a moving average of M consecutively ordered samples.
After a sensitivity study, the use of M = 10 1-min samples was suggested in [17].

In the present study, we define the weather radar algorithms based on both (i) 1 min DSDs (namely
1-min data regression method, hereafter 1-min DRM), and (ii) DSD sampled every 10 min according
to the SIFT approach. The application of the SIFT approach is expected to reduce the spread of the
measured data and, as a consequence, makes it possible to improve the performance of the obtained
relationship between polarimetric radar measurements and precipitation/attenuation parameters.
An example of the effect of the SIFT on the Zh-R relationship is shown in Figure 6. Table 2 shows the
differences of NMAE obtained following the 1-min DRM approach and the SIFT approach; positive
values indicate a reduction of the NMAE when the SIFT approach is adopted. As shown in Table 2,
except for few cases, the SIFT approach makes it possible to reduce the intrinsic error (in term of
NMAE) of the weather radar parametrizations. Among the rain rate estimators, the R(Zh) relation is
the most affected by the application of the SIFT, with a reduction of NMAE of roughly 0.2 between the
two approaches, which corresponds to a reduction of NMAE of between 50% and 60%. A comparable
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percentage of decrement is obtained for R(Kdp,Zdr) for all the considered frequencies and datasets,
while for the other estimators, the decreases range between 10% and 50%. The SIFT approach also
produces, in general, a reduction of the NB obtained for the different estimators, but this is not always
valid. Table 3 shows the differences of the absolute values of NB obtained considering the 1-min DRM
approach and the SIFT approach; as for the NMAE, positive values indicate a reduction of the absolute
value of the bias when the SIFT approach is applied. The better performance of the SIFT approach is
not dependent on the type of device considered to collect the DSDs.Atmosphere 2018, 9, x FOR PEER REVIEW  14 of 30 
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lines represent the Z-R relation obtained from 1-min DRM and applying SIFT. (a) S-band; (b) C-band;
(c) X-band.
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Table 2. For each dataset and for each band, the table provides the variation of the NMAE estimator (namely, differences between NMAE obtained following the
1-min DRM approach and the SIFT approach) obtained for the different weather radar algorithms computed considering 1-min samples and the SIFT approach.
Positive values indicate a reduction of the NMAE when the SIFT approach is adopted.

S-Band—NMAE

ISAC-CNR P1 ISAC-CNR TC HyMeX P2 HyMeX 2DVD IFloodS P2 IFloodS 2DVD

ah = α1 Kdp 0.032 0.034 0.053 0.032 0.023 0.027
ad = α2 Kdp 0.390 0.287 0.090 0.100 0.494 0.109
R = α3 Zh

β3 0.198 0.188 0.203 0.195 0.115 0.198
R = α4 Zh

β4Zdr
γ4 0.012 0.025 0.064 0.075 0.015 0.045

R = α5 Kdp 0.085 0.080 0.082 0.080 0.089 0.061
R = α6 Zdr

β6Kdp
γ6 0.046 0.048 0.063 0.062 0.044 0.055

C-Band—NMAE

ISAC-CNR P1 ISAC-CNR TC HyMeX P2 HyMeX 2DVD IFloodS P2 IFloodS 2DVD

ah = α1 Kdp 0.216 0.200 0.118 0.150 0.204 0.146
ad = α2 Kdp 0.383 0.314 0.271 0.302 0.370 0.316
R = α3 Zh

β3 0.257 0.248 0.233 0.195 0.160 0.237
R = α4 Zh

β4Zdr
γ4 −0.048 −0.042 0.087 0.100 −0.062 0.045

R = α5 Kdp 0.058 0.058 0.092 0.084 0.058 0.056
R = α6 Zdr

β6Kdp
γ6 0.100 0.108 0.104 0.113 0.100 0.102

X-Band—NMAE

ISAC-CNR P1 ISAC-CNR CT HyMeX P2 HyMeX 2DVD IFloodS P2 IFloodS 2DVD

ah = α1 Kdp 0.054 0.059 0.101 0.087 0.061 0.051
ad = α2 Kdp 0.146 0.103 0.143 0.121 0.112 0.088
R = α3 Zh

β3 0.216 0.205 0.221 0.215 0.122 0.206
R = α4 Zh

β4Zdr
γ4 −0.053 −0.002 −0.037 0.022 −0.094 −0.031

R = α5 Kdp 0.047 0.046 0.058 0.051 0.044 0.041
R = α6 Zdr

β6Kdp
γ6 0.074 0.074 0.079 0.069 0.071 0.066
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Table 3. As for Table 2, but for the absolute value of NB.

S-Band—NB

ISAC-CNR P1 ISAC-CNR TC HyMeX P2 HyMeX 2DVD IFloodS P2 IFloodS 2DVD

ah = α1 Kdp −0.036 −0.024 0.036 0.025 −0.081 0.009
ad = α2 Kdp 0.318 0.219 0.033 0.069 0.479 0.064
R = α3 Zh

β3 0.012 0.008 0.007 −0.016 −0.061 0.003
R = α4 Zh

β4Zdr
γ4 −0.038 −0.023 0.006 0.025 −0.016 −0.005

R = α5 Kdp 0.055 0.046 0.053 0.065 0.050 0.028
R = α6 Zdr

β6Kdp
γ6 −0.004 0.002 0.007 0.023 0.005 0.009

C-Band—NB

ISAC-CNR P1 ISAC-CNR TC HyMeX P2 HyMeX 2DVD IFloodS P2 IFloodS 2DVD

ah = α1 Kdp 0.053 0.034 0.005 0.079 0.026 0.019
ad = α2 Kdp 0.119 0.073 0.073 0.163 0.065 0.066
R = α3 Zh

β3 0.166 0.149 0.076 0.027 0.048 0.112
R = α4 Zh

β4Zdr
γ4 −0.015 −0.028 0.031 0.012 0.016 0.018

R = α5 Kdp 0.032 0.030 0.061 0.067 0.021 0.025
R = α6 Zdr

β6Kdp
γ6 0.010 0.014 0.011 0.022 0.029 0.024

X-Band—NB

ISAC-CNR P1 ISAC-CNR CT HyMeX P2 HyMeX 2DVD IFloodS P2 IFloodS 2DVD

ah = α1Kdp 0.009 0.005 0.042 0.052 0.002 0.004
ad = α2 Kdp 0.051 0.031 0.060 0.076 0.023 0.028
R = α3 Zh

β3 0.018 0.007 0.029 −0.017 −0.063 −0.035
R = α4 Zh

β4Zdr
γ4 −0.060 −0.026 0.013 −0.005 −0.100 −0.045

R = α5 Kdp 0.025 0.022 0.037 0.039 0.017 0.018
R = α6 Zdr

β6Kdp
γ6 0.010 0.012 0.025 0.027 0.020 0.016
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4. Sensitivity of Weather Radar Algorithms to Disdrometer Type

The studies mentioned above show that different types of co-located disdrometers provide DSDs
that differ in particular in the upper and lower part of the distribution (namely small and large
drops). Such differences have an impact on the variables estimated from Equations (4)–(7) and on the
coefficients of the algorithms (8)–(13). The disagreement in shapes of measured DSD among different
types of disdrometers can impact the various rainfall parameters differently: an overestimation of the
number of large drops has a higher effect on the radar reflectivity factor, which in the Rayleigh-Gans
scattering regime is the sixth moment of the DSD, than on the rainfall rate, which is roughly the third
moment of the DSD. Consequently, differences can arise in the weather radar algorithms obtained
from DSDs collected by different types of disdrometers. In this section, we try to assess this effect
by comparing the estimators (8)–(13) derived from DSDs measured by different disdrometer types
deployed in the same geographic area and operated in the same time period (see Section 2.1).

For each of the nine datasets considered in the study (see Table 1), the estimated weather radar
algorithms (8)–(13) were obtained following both the 1-min DRM and the SIFT approach. Figure 7
shows the algorithms obtained with the SIFT approach for the three frequencies. In particular,
Figure 7l–n shows the R estimates obtained for a given range of Zh and for the Zdr values that
correspond to the best power-law fit between Zh and Zdr (namely, Zh = c1Zdr

c2 ; [48]). The coefficients
of the Zh(Zdr) estimator were obtained using experimental DSD measured by TC and are c1 = 0.1090
and c2 = 0.2785 for S-band, c1 = 0.0932 and c2 = 0.3066 for C-band, and c1 = 0.1438 and c2 = 0.2584 for
X-band. The authors would like to underline that in this study, the Zh(Zdr) estimator was used for
plotting and comparing purposes. Similarly, in Figure 7r–t the best power-law fit Zdr = c3Kdp

c4 is
used (c3 = 3.0597 and c4 = 0.4069 at S-band, c3 = 2.7088 and c4 = 0.4714 at C-band and c3 = 0.2715 and
c4 = 0.4385 at X-band) to obtain the rainfall rate. Furthermore, for each algorithm, the corresponding
statistical parameters (14) and (15) are shown in Figure 8. Please note that we do not show coefficients
of all the estimators derived from the different datasets for the sake of brevity, but also because some
parameterizations do not have climatological validity since they are based on only two months of data;
however, they are useful for evaluating the effects of the different disdrometer types.

Figures 7 and 8 provide an overview of all estimators (8)–(13) obtained from the different
types of disdrometer and, as a first step, make it possible to qualitatively evaluate the effect of
the disdrometer type on the algorithms. Generally speaking, looking at Figures 7 and 8, we can
assert that the coefficients and the parameterization errors of the relations (8)–(13) derived from DSD
datasets collected by different disdrometers are similar, indicating a moderate influences of the type of
disdrometer on the relations (8)–(13). The attenuation retrieval algorithms are very similar at S-band
(Figure 7a,d), while higher differences are evident at C-band (Figure 7b,c). R(Kdp,Zdr) seems to be the
algorithm least sensitive to disdrometer type; in fact, the different lines in Figure 7r–t are very close,
indicating that different disdrometers provide similar algorithm-based R estimates for given values
of Kdp. On the other hand, more differences in the R estimates are obtained when R(Kdp) algorithms
derived from different sets of disdrometer data are used (Figure 7o–q). For R(Zh) and R(Zh,Zdr), some
differences are evident for values of Zh > 45 dB (Figure 7g–i,l–n). From Figure 8, we can conclude that
a small reduction of the parameterization errors (namely NMAE, NB) between DSD-based parameters
and estimated parameters is evident for the weather radar algorithms obtained from 2DVD datasets
with respect to those obtained from the optical disdrometer dataset. A similar conclusion can be drawn
for the 1-min DRM approach (not shown for brevity) and for the other two merit factors considered in
this study (RMSE and cc).
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Figure 7. Representation of the weather radar algorithms obtained using different datasets of measured DSD and following the SIFT approach. (a–c) are ah(Kdp) relations for S-, 
C-, and X-band, respectively; (d–f) are ad(Kdp) relations for S-, C- and X-band, respectively; (g–i) are R(Zh) relations for S-, C-, and X-band, respectively; (l–n) are R(Zh,Zdr) 
relations for S-, C-, and X-band, respectively; (o–q) are R(Kdp) relations for S-, C-, and X-band, respectively; and (r–t) are R(Zdr,Kdp) relations for S-, C-, and X-band, respectively. 

Figure 7. Representation of the weather radar algorithms obtained using different datasets of measured DSD and following the SIFT approach. (a–c) are ah(Kdp)
relations for S-, C-, and X-band, respectively; (d–f) are ad(Kdp) relations for S-, C- and X-band, respectively; (g–i) are R(Zh) relations for S-, C-, and X-band, respectively;
(l–n) are R(Zh,Zdr) relations for S-, C-, and X-band, respectively; (o–q) are R(Kdp) relations for S-, C-, and X-band, respectively; and (r–t) are R(Zdr,Kdp) relations for S-,
C-, and X-band, respectively.



Atmosphere 2018, 9, 360 21 of 30
Atmosphere 2018, 9, x FOR PEER REVIEW  21 of 30 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 8. For the different estimators considered in this study, (a,c e) represent the values of NMAE, 
and (b,d,f) those of NB at S-, C- and X-band following the SIFT approach. 

Figures 7 and 8 provide an overview of all estimators (8)–(13) obtained from the different types 
of disdrometer and, as a first step, make it possible to qualitatively evaluate the effect of the 
disdrometer type on the algorithms. Generally speaking, looking at Figures 7 and 8, we can assert 
that the coefficients and the parameterization errors of the relations (8)–(13) derived from DSD 
datasets collected by different disdrometers are similar, indicating a moderate influences of the type 
of disdrometer on the relations (8)–(13). The attenuation retrieval algorithms are very similar at 

Figure 8. For the different estimators considered in this study, (a,c e) represent the values of NMAE,
and (b,d,f) those of NB at S-, C- and X-band following the SIFT approach.

To quantify the effect of disdrometer type on the relations (8)–(13), the disdrometer-based radar
algorithms derived from the different measured DSD datasets were compared in pairs. In other
words, for a given radar relation, the difference in terms of weather radar algorithms obtained from
a different type of disdrometer is defined as the NMAE between the estimates obtained from two
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different DSD datasets. To obtain these NMAE values, the nine available datasets were compared as
follow: ISAC-CNR P1 vs. ISAC-CNR TC, ISAC-CNR P1sub vs. ISAC-CNR TCsub, ISAC-CNR TCHY vs.
HyMeX P2, HyMeX P2 vs. HyMeX 2DVD and IFloodS P2 vs. IFloodS 2DVD.

Table 4 shows, for each estimator and for each frequency, the values of NMAE obtained through
pairwise comparison of the estimates obtained from weather radar algorithms based on 1-min
measured DSDs and following the SIFT approach (values in brackets). Therefore, in this case, the x
and y values of (15) are estimates (i.e., R and ah, ad from Equations (8)–(13)) derived from two different
disdrometer datasets. Lower is the values of NMAE and better is the agreement between the estimator
(8)–(13), or in other words, lower is the influence of the disdrometer type on the weather radar
algorithm. Table 4 shows that the errors in terms of mean NMAE obtained when comparing the
attenuation at horizontal polarization estimated from relations derived from DSD collected by different
laser disdrometers (despite being from different manufacturers or of different versions) are limited
(less than 5%). When the 2DVD-based horizontal attenuation estimators are compared with those
obtained from P2 DSDs, the errors increase, reaching 15% at S-band and 21% at C-band for both the
considered 2DVD-P2 pairs (namely, the ones installed in Rome during HyMeX and the ones installed
in Iowa during IFloodS). Meanwhile, at X-band, the errors remain low when 2DVD and P2 results are
compared. Therefore, we can conclude that estimator (8) is influenced by the type of device used to
establish the relation at S- and C-band, while the effect at X-band is limited. As shown in Figure 5,
at C-band, the resonance effects on the big drops is higher with respect to X- and S-band; therefore,
the possible difference on the sampling of large drops among different devices has a higher impact on
the obtained estimators. The effect of the SIFT approach is limited, and it does not have a clear trend.
In fact, sometimes, it reduces the differences between the devices and sometimes it increases them.
Similar conclusions can also be drawn for the differential attenuation estimators (9). In fact, also in
this case, the differences between the estimated attenuations are higher when 2DVD and P2-based
relations are compared at S- and C-band, while lower NMAE values are obtained when comparing
different types of laser disdrometers. For the X-band, the discrepancy between 2DVD and P2 datasets
is smoothed obtaining an error lower than 15%. It should be noted that the remarkable differences for
differential attenuation at S-band are due to the limited range of these values.

Reflectivity-based rain rate estimators (10) derived from the ISAC-CNR P1 and ISAC-CNR TC
datasets show negligible differences, with a discrepancy in terms of rain rate lower that 6% for all three
bands. The latter error increases for all three bands when P2 vs. TC and 2DVD vs. P2-based relations
are compared, the highest values of NMAE being obtained for the C-band (Table 4). These results
underscore the fact that disdrometers with different measurement principles provide R(Zh) estimates
that can differ by up to 30% in mean, although the devices are co-located and reasonably sample the
same precipitation. A slight increase of the NMAE values in Table 4 is observed when the two subsets,
ISAC-CNR P1sub and ISAC-CNR TCsub are compared, indicating the likely influence of the type of
precipitation on the results. Please note that the use of the SIFT approach does not produce a systematic
reduction of the discrepancies between the reflectivity-based rain rate derived from different DSD
datasets. However, as also shown in Figure 8g–i, the discrepancy among the R-Zh estimators derived
from different disdrometer types is higher for very low and very high values of horizontal reflectivity.
In fact, the same errors in the range from 15 dB to 35 dB (which correspond roughly to the 15th and
90th percentile of the horizontal reflectivity values computed for the ISAC-CNR TC dataset) decrease,
resulting in mean differences less than 10% in terms of estimated rain rate in most of the cases. Limiting
Zh between 15 dB and 35 dB means considering precipitation that varies roughly between 0.3 mm h−1

and 5 mm h−1.
For polarimetric rain rate estimators (11)–(13), the obtained NMAE values (Table 4) are, in general,

lower than (or comparable to) those obtained for the R(Zh) relation, indicating that they are less
sensitive to the disdrometer type that collected the experimental DSDs. The latter consideration
is particularly valid for the C-band. In fact, for the C-band frequency, the NMAE values between
polarimetric-based rainfall estimates from 2DVD and P2 datasets is considerably lower (values lower
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than 15%) than that obtained comparing the 2DVD vs. P2 R(Zh) estimates (roughly 30%). This result
can be explained by considering that polarimetric rain rate estimators are usually less sensitive to DSD
variability. The R(Kdp,Zdr) estimator is the least sensitive to the disdrometer type; in fact, the NMAE
values are less than 10% for each considered pair of datasets and for each frequency.

Table 4. For each frequency, the values of NMAE (in %) obtained by pairwise comparison of the
parameters estimated through the weather radar algorithm established from 1-min DSDs collected by
the different devices are reported, as described in the title of each column of the table. The values in
brackets refer to the NMAE obtained using the SIFT approach.

S-Band

ISAC-CNR P1
vs.

ISAC-CNR TC

ISAC-CNR P1sub
vs.

ISAC-CNR TCsub

ISAC-CNR TCHy
vs.

HyMeX P2

HyMeX 2DVD
vs.

HyMeX P2

IFloodS 2DVD
vs.

IFloodS P2

ah = α1 Kdp 5% (3%) 2% (2%) 5% (7%) 15% (3%) 14% (2%)
ad = α2 Kdp 11% (5%) 8% (18%) 1% (5%) 109% (69%) 84% (31%)
R = α3 Zh

β3 2% (5%) 8% (11%) 15% (10%) 14% (12%) 19% (14%)
R = α4 Zh

β4Zdr
γ4 6% (5%) 10% (4%) 3% (3%) 17% (16%) 10% (2%)

R = α5 Kdp 5% (6%) 6% (5%) 9% (6%) 19% (18%) 13% (10%)
R = α6 Zdr

β6Kdp
γ6 5% (3%) 9% (2%) 1% (3%) 7% (13%) 6% (2%)

C-Band

ISAC-CNR P1
vs.

ISAC-CNR TC

ISAC-CNR P1sub
vs.

ISAC-CNR TCsub

ISAC-CNR TCHy
vs.

HyMeX P2

HyMeX 2DVD
vs.

HyMeX P2

IFloodS 2DVD
vs.

IFloodS P2

ah = α1 Kdp 2% (3%) 9% (14%) 0% (10%) 19% (11%) 21% (21%)
ad = α2 Kdp 9% (11%) 6% (14%) 6% (10%) 34% (22%) 34% (34%)
R = α3 Zh

β3 6% (3%) 15% (22%) 28% (24%) 28% (32%) 29% (33%)
R = α4Zh

β4Zdr
γ4 4% (2%) 10% (20%) 13% (9%) 16% (17%) 6% (32%)

R = α5 Kdp 9% (10%) 2% (0%) 12% (10%) 14% (16%) 7% (8%)
R = α6 Zdr

β6Kdp
γ6 5% (5%) 2% (1%) 1% (16%) 6% (4%) 5% (5%)

X-Band

ISAC-CNR P1
vs.

ISAC-CNR TC

ISAC-CNR P1sub
vs.

ISAC-CNR TCsub

ISAC-CNR TCHy
vs.

HyMeX P2

HyMeX 2DVD
vs.

HyMeX P2

IFloodS 2DVD
vs.

IFloodS P2

ah = α1 Kdp 4% (4%) 3% (4%) 7% (5%) 5% (8%) 1% (1%)
ad = α2 Kdp 0% (1%) 7% (8%) 6% (2%) 15% (19%) 8% (8%)
R = α3 Zh

β3 2% (6%) 8% (10%) 18% (12%) 9% (13%) 18% (19%)
R = α4 Zh

β4Zdr
γ4 10% (14%) 13% (8%) 3% (44%) 7% (42%) 6% (23%)

R = α5 Kdp 5% (5%) 5% (4%) 6% (5%) 10% (11%) 6% (6%)
R = α6 Zdr

β6Kdp
γ6 4% (4%) 5% (1%) 2% (5%) 8% (5%) 2% (2%)

Finally, we evaluate the differences among the polarimetric rain rate estimators for different
rain types, namely, light (i.e., R < 2.5 mm h−1), moderate (2.5 mm h−1 < R < 10 mm h−1) and heavy
(R > 10 mm h−1). In general, the lowest differences among R(Zh,Zdr) relations derived from different
datasets are obtained for moderate rain with values of NMAE very low and always lower than 10%.
For R(Kdp) there are no differences with rain type, since it is a linear estimator. Finally, the differences
for R(Kdp,Zdr) as a function of the rain type are less pronounced.

5. Weather Radar Algorithms for Italian Climatology

Two of the datasets considered in this study (namely, ISAC-CNR P1 and ISAC-CNR TC) are the
longest DSD time series so far collected in Rome (Italy) and, taking into account the possible differences
with respect to other disdrometer types, as shown in the previous section, they can be used to establish
weather radar algorithms optimized for Italian climatology classified as Csa (C: hot temperature,
s: summer dry, a: hot summer) in [49]. We found that the differences in terms of weather radar
algorithms between the different types of optical disdrometers are limited, in particular when Parsivel
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and ThiesClima are compared. Furthermore, in Section 3 we evaluated the advantages of the SIFT
approach in reducing spurious DSD variability within a measured dataset. Table 5 reports the values
of the coefficients of the estimators (8)–(13) derived from the ISAC-CNR TC dataset. The estimators
were defined using the SIFT approach with M = 10. To the best of our knowledge, the relations
reported in Table 5 represent the first attempt to provide weather radar algorithms optimized for
Italian climatology based on a very long time series of quality control measured DSDs. Furthermore,
for each relation, the merit parameters were reported (namely (14)–(17)) in order to give a suggestion
of the quality of the fit and therefore of the intrinsic error related to the provided relations.

Table 5. Coefficients of the estimators (9)–(14) obtained from ISAC-CNR TC dataset for S-, C- and
X-bands along with the values of the NMAE (in %), NB (in %), corr and RMSE (in dB km−1 or mm h−1).

ISAC-CNR TC—S-Band—SIFT Approach

α β γ NMAE NB Corr RMSE

ah = α1 Kdp 0.0134 \ \ 26% −22% 0.988 0.0004
ad = α2 Kdp 0.0041 \ \ 47% 18% 0.918 0.0003
R = α3 Zh

β3 0.0224 0.6354 \ 15% −2% 0.983 1.05
R = α4 Zh

β4Zdr
γ4 0.0040 0.9461 −3.5300 14% −8% 0.994 0.66

R = α5 Kdp 33.6200 \ \ 37% −33% 0.980 1.45
R = α6 Zdr

β6Kdp
γ6 87.5898 −1.8417 0.9580 8% −4% 0.998 0.33

ISAC-CNR TC—C-Band—SIFT Approach

α β γ NMAE NB corr RMSE

ah = α1 Kdp 0.1154 \ \ 29% 20% 0.983 0.0082
ad = α2 Kdp 0.0404 \ \ 67% 52% 0.966 0.0043
R = α3 Zh

β3 0.0510 0.5397 \ 25% 2% 0.937 1.99
R = α4 Zh

β4Zdr
γ4 0.0778 0.4705 0.5587 28% 4% 0.938 1.96

R = α5 Kdp 16.1810 \ \ 37% −33% 0.981 1.41
R = α6 Zdr

β6Kdp
γ6 24.0739 −0.3855 0.8383 8% −4% 0.997 0.45

ISAC-CNR TC—X-Band—SIFT Approach

α β γ NMAE NB corr RMSE

ah = α1 Kdp 0.3454 \ \ 15% 12% 0.997 0.0144
ad = α2 Kdp 0.0649 \ \ 35% 27% 0.990 0.0054
R = α3 Zh

β3 0.0342 0.5662 \ 18% −3% 0.976 1.22
R = α4Zh

β4Zdr
γ4 0.0089 0.8524 −3.5254 18% −6% 0.985 0.97

R = α5 Kdp 11.3739 \ \ 31% −28% 0.988 1.16
R = α6 Zdr

β6Kdp
γ6 23.4934 −1.1082 0.9325 6% −3% 0.999 0.29

Of the two attenuation estimators (8) and (9), ah(Kdp) is the one with the lowest error for all the
three bands; the lowest value of NMAE (i.e., 15%) is obtained for the X-band, indicating that the scatter
of the data along the best fit line is the smallest. However, as expected, the error in terms of RMSE
(in dB km−1) is higher for the X-band (0.0144 dB km−1) than for the S- and C-bands due to the fact that
the attenuation effects are more pronounced at higher frequencies. Among the rainfall rate estimators
(10)–(13), the R(Kdp,Zdr) fit is that with the highest accuracy (NMAE less than 8%, RMSE less than
0.45 mm h−1 and negligible bias for all bands). Comparable values of the merit parameters are obtained
for R(Zh) and R(Zh,Zdr) estimators in terms of NMAE and NB, although a slightly higher RMSE is
associated with the reflectivity-rainfall rate estimator. Low values of NB for the R(Zh) estimator are
obtained; at C-band, the use of the SIFT approach decreases the bias considerably (NB for R(Zh) with
the 1-min DRM approach is 16%), while for the S- and X-bands, the reduction is smaller. Finally,
the R(Kdp) estimator is the one with the highest values of NMAE, NB and RMSE. The biases associated
with the R(Kdp) estimator are negative for all the considered frequencies, indicating an underestimation
of the rainfall rate derived from the algorithm with respect to that obtained directly from the measured
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DSDs. The high values of NB for the R(Kdp) estimator indicate the poor performance of this algorithm
in comparison to the other rainfall estimators. The latter’s errors are higher at S-, and C-band with
respect to X-band.

To provide weather radar algorithms that are more accurate for different rain types, Tables 6 and 7
report the estimators (8)–(13) obtained at different frequencies from convective DSD samples and
stratiform DSD samples of the ISAC-CNR TC dataset, respectively. Considering the attenuation
estimators, the performance of the fitting in terms of NMAE is better for convective rain than for
stratiform rain. This is due to the fact that Kdp at low rain intensity can be very low, and therefore
the dispersion of the data along the best fit relation is higher for stratiform rain. On the other hand,
a higher value of RMSE is obtained for convective attenuation estimators with respect to the stratiform
one because the attenuation increases, increasing the precipitation intensity. The coefficients of the
attenuation estimators for all rain and convective rain are very close, while those obtained for stratiform
rain are lower. Similar considerations are valid for R(Kdp) estimators.

Table 6. As for Table 5, but for convective rain.

ISAC-CNR TC—S-Band—SIFT Approach—Convective Rain

α β γ NMAE NB Corr RMSE

ah = α1 Kdp 0.0130 \ \ 9% −3% 0.977 0.0013
ad = α2 Kdp 0.0042 \ \ 31% −1% 0.842 0.0013
R = α3 Zh

β3 0.0046 0.7688 \ 16% 0% 0.955 4.33
R = α4 Zh

β4Zdr
γ4 0.0012 1.0712 −3.9424 5% 0% 0.993 1.41

R = α5 Kdp 31.779 \ \ 12% −5% 0.982 3.14
R = α6 Zdr

β6Kdp
γ6 90.606 −1.9383 1.0313 3% 0% 0.996 0.78

ISAC-CNR TC—C-Band—SIFT Approach—Convective Rain

α β γ NMAE NB Corr RMSE

ah = α1Kdp 0.1180 \ \ 16% 6% 0.976 0.0317
ad = α2 Kdp 0.0422 \ \ 23% 10% 0.968 0.0151
R = α3 Zh

β3 0.0223 0.6083 \ 30% −1% 0.824 8.47
R = α4Zh

β4Zdr
γ4 0.0163 0.6552 −0.3297 29% −1% 0.825 8.44

R = α5 Kdp 15.2837 \ \ 11% −5% 0.987 2.84
R = α6 Zdr

β6Kdp
γ6 23.3346 −0.4995 0.9521 6% 0% 0.992 1.49

ISAC-CNR TC—X-Band—SIFT Approach—Convective rain

α β γ NMAE NB Corr RMSE

ah = α1 Kdp 0.3526 \ \ 4% 2% 0.995 0.0376
ad = α2 Kdp 0.0672 \ \ 10% 2% 0.984 0.0169
R = α3 Zh

β3 0.0058 0.7091 \ 18% −1% 0.943 4.90
R = α4 Zh

β4Zdr
γ4 0.0033 0.9806 −4.4888 10% 0% 0.980 2.76

R = α5 Kdp 10.7913 \ \ 8% −4% 0.990 2.24
R = α6 Zdr

β6Kdp
γ6 22.0551 −1.1018 0.9754 3% 0% 0.995 1.00

Table 7. As for Table 5, but for stratiform rain.

ISAC-CNR TC—S-Band—SIFT Approach—Stratiform Rain

α β γ NMAE NB Corr RMSE

ah = α1 Kdp 0.0201 \ \ 21% −15% 0.982 0.0001
ad = α2 Kdp 0.0032 \ \ 53% 32% 0.669 0.0001
R = α3 Zh

β3 0.0246 0.6390 \ 15% 2% 0.968 0.48
R = α4 Zh

β4Zdr
γ4 0.0066 0.9678 −5.6907 7% −1% 0.993 0.22

R = α5 Kdp 64.9792 \ \ 20% −16% 0.982 0.45
R = α6 Zdr

β6Kdp
γ6 101.9187 −2.3339 0.9420 6% −2% 0.997 0.14
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Table 7. Cont.

ISAC-CNR TC—C-Band—SIFT Approach—Stratiform Rain

α β γ NMAE NB Corr RMSE

ah = α1 Kdp 0.0729 \ \ 14% −4% 0.978 0.0010
ad = α2 Kdp 0.0120 \ \ 50% 23% 0.859 0.0005
R = α3 Zh

β3 0.0867 0.4749 \ 31% 10% 0.913 0.80
R = α4 Zh

β4Zdr
γ4 0.0510 0.6257 −2.7690 27% 9% 0.927 0.74

R = α5 Kdp 31.6234 \ \ 20% −15% 0.987 0.40
R = α6Zdr

β6Kdp
γ6 30.9720 −0.7932 0.8653 8% −2% 0.994 0.21

ISAC-CNR TC—X-Band—SIFT Approach—Stratiform Rain

α β γ NMAE NB Corr RMSE

ah = α1 Kdp 0.2615 \ \ 7% 1% 0.995 0.0026
ad = α2 Kdp 0.0365 \ \ 26% 15% 0.953 0.0013
R = α3 Zh

β3 0.0461 0.5480 \ 21% 4% 0.948 0.61
R = α4 Zh

β4Zdr
γ4 0.0128 0.8740 −4.8960 13% 1% 0.971 0.45

R = α5 Kdp 19.1441 \ \ 18% −13% 0.992 0.33
R = α6Zdr

β6Kdp
γ6 23.6538 −1.0178 0.9194 7% −2% 0.997 0.15

The performance of the fitting for R(Zh) estimators does not change considerably between all rain,
convective rain and stratiform rain; however, some differences are evident in the values of the relation
coefficients. At S- and X-bands, the prefactor α3 for convective rain is one order of magnitude less than
that obtained for all rain and stratiform rain. Meanwhile, at C-band, the prefactors for the different
rain types are more similar.

6. Conclusions

As widely reported in the literature, co-located disdrometers can sample the DSD differently
due to the differences in hardware and software. The main discrepancies between the devices are
in the lower and upper parts of the spectra (namely, small and large drops) and in the number of
detected drops. These disagreements produce differences in the integral rainfall parameters estimated
from measured DSD, and the impact of the DSD disagreement varies from one parameter to another,
despite the fact that disdrometer measurements are often considered to be “ground truth” and are
used to establish weather radar algorithms applied to retrieve rainfall rate or attenuation from remote
sensing measurements.

In this study, a huge amount of DSDs collected by different types of disdrometers were used (i) to
establish weather radar algorithms at S-, C- and X-band considering two different techniques, and (ii)
to evaluate the impact of the instrumental errors on these algorithms. In particular, the weather radar
algorithms were established from (i) 1-min samples, and (ii) following the SIFT approach. Comparing
the two techniques, we found that:

• as also demonstrated in [17], we confirm that the use of the SIFT approach to establish the
R-Zh relation from measured DSDs makes it possible to reduce the intrinsic error of the
parameterization, or, in other words, to provide a more stable relation. We found, for all three
bands, a reduction in the NMAE of between 50% and 60% when the SIFT approach was used;

• testing the effect of the SIFT approach on all the other weather radar algorithms considered in
this study, we found that the specific attenuation estimators (i.e., Equations (8) and (9)) and the
polarimetric rainfall rate estimators (i.e., Equations (11)–(13)) also benefit from the application
of SIFT. A reduction of NMAE of between 10% and 50% was obtained for these estimators, with
a few exceptions for the R(Zh,Zdr) relation at C- and X-band;

• the reduction of the NMAE due to the application of the SIFT approach is independent of the type
of disdrometer used to collect the data.
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Regarding the effect of the disdrometer type on the weather radar algorithm estimations, we can
summarize the main results as follows:

• the SIFT approach does not have a clear and unequivocal effect on the comparison between
weather radar algorithm obtained from different disdrometer types. In other words, although
SIFT reduces the scatter of the data along the best fit relation, it conserves the differences among
the devices; in fact, the disagreement obtained when comparing different devices, although
limited, is not always reduced when the SIFT approach is adopted instead of the 1-min DRM;

• the coefficients of the relations for rain rate and specific attenuation estimation in Equations (8)–(13)
derived from different DSD datasets are similar; also, the parameterization errors are comparable;

• the comparison of radar algorithms obtained from different types of laser disdrometers (namely
P1, P2 or TC) gives an error of less than 10% for all (except for very few exceptions) of the
considered relations and frequencies;

• the agreement in terms of radar algorithm estimates between P2 and 2DVD (which is considered
the most accurate commercial disdrometer for measurements of DSD) is a bit lower, in particular
at S- and C-band, with differences in rainfall rate (differential attenuation) estimates that can reach
30% at C-band when the R(Zh) (ad(Kdp)) estimator is considered;

• limiting the comparison to moderate rainfall (2.5 mm h−1 < R < 10 mm h−1), the disagreement
between 2DVD and P2 estimates R(Zh) and R(Zdr, Kdp) decreases (maximum values 10%);

• it is confirmed that polarimetric rain rate estimators seem to be less sensitive to disdrometer type
with respect to the R(Zh) relation, in particular at C-band.

Taking into account the results obtained in this study and the characteristics of the
disdrometer-measured dataset used (see Table 1) we can conclude that the use of a low-cost
easy-maintenance laser disdrometer to establish long-term climatological radar algorithms does
not produce considerable differences in comparison to more accurate devices such as the 2DVD,
whereas for single events, a more accurate microphysical analysis can benefit from the use of more
sophisticated 2DVD.

Finally, for the first time, we provided radar algorithms optimized for Italian climatology based
on a long time series of measured DSDs in Rome. The use of this relation is expected to improve the
QPE estimation from radar systems in Italy.
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