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Abstract

The benefits of using polarimetric weather radar data to infer microphysical
properties of and processes within observed precipitation is becoming more widely
recognized. The quasi-vertical profile (QVP) technique has emerged as one way to
examine vertical profiles of precipitation, but is not ideal for investigations of finescale
polarimetric signatures. In this study, a new radar data processing technique, the
column-vertical profile (CVP) technique, is introduced as an alternative way to pro-
cess and present operational polarimetric radar data in a time-height format. Using
CVP data, polarimetric ice microphysical retrieval algorithms are used in conjunction
with aircraft in situ microphysical data to gain a deeper understanding of the ice mi-
crophysical structure of MCSs, and determine the usefulness and effectiveness of such
new ice microphysical retrieval algorithms and the CVP technique. In situ aircraft
microphysical data from two flights in both the MC3E and PECAN campaigns were
analyzed as the UND Citation and P-3 aircraft flew within the stratiform rain region
of four total MCSs. Vertical profiles of polarimetric variables were created following
the aircraft using the CVP technique, and compared to analogous profiles made with
GridRad radar data. CVP profiles were quite similar to those made with GridRad
data, except for the enhanced vertical resolution of CVPs, confirming the effective-
ness of the CVP technique in resolving vertical profiles of radar data along the flight
track.

Novel ice microphysical algorithms were applied to these CVPs to get retrievals
of Dm, N¢, and IWC. Extracting polarimetric radar data from the CVP along the
flight track, point-by-point comparisons of in situ aircraft and radar retrieved ice
microphysical data were made, and the effectiveness of the retrievals was examined in
regions of low Zpgr, low Kpp, large CVP distance from the radar, and small distance

above the melting layer. It was found that small distance above the ML was the best

XIX



predictor of poor quality retrievals, with a distance of 1 km above the ML related
to worse estimates of all 3 variables.

Additionally, these retrievals were performed on QVPs of archetypal MCSs
from both midlatitude and tropical environments. In midlatitude MCSs, an increase
of Dy, and decrease of Nt with depth, with a nearly constant IWC, suggest aggregation
through the depth of the cloud. In tropical MCSs, nearly constant Dy, paired with
increasing N¢ and IWC with depth suggest nucleation of new hydrometeors with much

weaker aggregation.
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Chapter 1

Introduction and Background

1.1 Microphysical Properties of Stratiform Regions of Mesoscale

Convective Systems (MCSs)

Mesoscale convective systems (MCSs) are one of the most pervasive thunderstorm
types in the United States. Houze (2004) broadly defines an MCS as “a cumulonim-
bus cloud system that produces a contiguous precipitation area 100 km or more in at
least one direction.” MCSs occur throughout large parts of the United States, often
producing severe weather (e.g., Parker and Johnson, 2004) such as damaging straight
line winds, hail, and tornadoes (e.g., Storm et al., 2007). Some of the first investi-
gations into MCSs included Newton (1950), Fujita (1955), and Pedgley (1962) in the
midlatitudes, and Hamilton and Archbold (1945) and Zipser (1969) in the tropics.
A thorough review of the internal structure, dynamics, and large-scale interactions
of MCSs beyond the general overview which is offered herein can be found in Houze
(2004) and Houze (2018).

MCSs typically consist of a leading convective line, a transition zone, and a trailing
stratiform region. Houze et al. (1990) found that two-thirds of mesoscale precipita-
tion systems contributing to major rain events during the springtime in Oklahoma
from 1977-82 could be classified as leading line-trailing stratiform types. Addition-
ally, Parker and Johnson (2000) found that, in May of 1996 and 1997, the trailing
stratiform mode of linear MCSs accounted for 60% of all MCSs observed. A widely
accepted conceptual model of the vertical structure of an MCS is presented in Houze
et al. (1989), shown as Fig. 1.1 herein. This model shows a “vertical cross section

(oriented perpendicular to the line of convective clouds) through a squall line with
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Figure 1.1: Conceptual model of a squall line with a trailing stratiform area viewed
in a vertical cross section oriented perpendicular to the convective line (i.e., parallel

to its motion). Taken from Houze et al. (1989).

trailing stratiform precipiation region.” The heavy black and light scalloped lines
indicate the extent of the cloud that is observed via weather radar and satellite ob-
servations, respectively. Stippled regions are indicative of enhanced radar reflectivity.

The trailing stratiform region dominates the horizontal area that the MCS covers,
with a cloud shield extending well beyond what is observed by the radar. Within
the trailing stratiform region on Fig. 1.1, there exists a region of enhanced radar
reflectivity at a nearly constant altitude and of limited depth. This band of enhanced
reflectivity indicates the level at which ice particles are melting into rain, referred
to as the melting layer (ML), with the enhancement itself referred to as the “bright
band” (e.g., Austin and Bemis (1950) and references therein). This enhancement
occurs because as the snowflakes melt, they acquire a thin water coating, enhancing
the particle’s dielectric constant as observed by the radar. This enhancement does
not extend to the ground, however, since as the ice particles melt and collapse into
raindrops, their terminal fall speed increases dramatically, reducing the total number
concentration of hydrometeors in a unit volume below the ML and therefore reducing

reflectivity.



Aside from the MCS dynamics discussed in Houze et al. (1989) and Houze (2004),
another important area of study concerning MCSs is their microphysical structure.
A number of field campaigns have focused on gaining a deeper understanding of
the microphysical structure of MCSs, including the Bow Echo and MCV Experiment
(BAMEX; Davis et al., 2004), the Midlatitude Convective Clouds Experiment (MC3E;
Jensen et al.; 2016), and the Plains Elevated Convection At Night Field Project
(PECAN; Geerts et al., 2017). Such campaigns and studies typically focus on the
trailing stratiform region, as that region is much safer to fly and collect measurements
in than the leading convective line. Of particular interest are regions such as the ML
and dendritic growth layer (DGL), a zone from -10 to -20 C where particles can grow
quickly via diffusion and often grow in a highly anisotropic manner (e.g., Bailey and
Hallett, 2009).

A thorough understanding of the ice microphysical properties of the stratiform
rain region of MCSs is imperative for two main reasons. The first is that such regions
typically contain high concentrations of very small ice crystals, especially between
regions from -10 to -50 C (e.g., Fridlind et al., 2015). This creates a serious risk
for commercial aviation due to possible engine power loss and damage from aircraft
engines ingesting ice in regions of low reflectivity (Z < 20 dBZ) where such aircraft
do not expect a high concentration of ice. The values of ice water content (IWC) in
the high ice water content (HIWC) regions can be as high as 3-4 g=m?3, with typical
median volume diameters of ice particles less than 0.5 mm (Fridlind et al., 2015;
Strapp et al., 2016; Leroy et al., 2017).

The second reason why understanding the ice microphysical properties of these
regions is imperative is that modeling studies have yet to fully capture the structure of
the stratiform rain region of MCSs, especially at high altitudes. Fridlind et al. (2017)
modeled the microphysical structure of a midlatitude continental MCS observed on

May 20, 2011 during the MC3E field campaign, and found that the simulation they



used overpredicted mean volume diameter of ice particles by a factor of 3-5 and
underpredicted number concentration by up to an order of magnitude. The simulated
radar reflectivity at high altitudes was about 20 dBZ higher than that measured with
radars. Fan et al. (2015) found a similar result for the same MCS, as did Stanford
et al. (2017) in for a tropical MCS near Darwin, Australia, using a C-band polarimetric
radar for observations and multiple microphysical parameterization schemes within
their model. Both studies showed that modeling attempts highly overestimated the
size of particles and reflectivity in the higher regions of the cloud. All of these studies
show a deficiency in the community’s ability to model microphysical processes and
properties of such stratiform rain, and a need for additional details about the ice
microphysical properties of MCSs.

The majority of the information collected about the microphysical structure of
MCSs has been done via the use of in situ instrumentation, especially aircraft in situ
probes. Aircraft in situ data, including IWC, total number concentration per unit
volume (N¢), and median mass diameter (Dpym) provide valuable information about
the properties of hydrometeors observed within a given volume. However, collecting
information in this manner is incredibly costly, primarily done only during large field
campaigns, and is only collected on a thin path where the aircraft flies. A more
effective way to gain a deeper understanding of the microphysical structure of these
regions would be to use data that are collected much more regularly, and on a much
larger scale. Weather radar data, particularly data collected by the United States
Weather Surveillance Radar, 1988, Doppler (WSR-88D) operational S-band weather
radar network, can potentially serve as those data. A total of 143 WSR-88D weather
radars exist all over the United States, and perform volume scans on the order of every
5 minutes (Crum and Alberty, 1993). Additionally, with the network’s recent upgrade
to dual-polarization capabilities, opportunities abound to further relate polarimetric

signatures to microphysical properties of different precipitation structures.



1.2 Ice Microphysical Retrieval Techniques

To use weather radar data most effectively to further understand the stratiform
rain region of MCSs, first these data must be examined in conjunction with aircraft
in situ data to determine the meaning of various single- and dual-polarization signa-
tures observed within the WSR-88D data. The most notable example of retrieving
hydrometeor properties from polarimetric weather radar data is the development of
the WSR-88D hydrometeor classification algorithm (HCA; see Park et al., 2009, and
references therein). However, HCA output gives insight into what the dominant hy-
drometeor type likely is in a given radar volume (e.g., dry aggregated snow, graupel,
heavy rain, etc.), but does not offer any quantitative information on the particles’
shapes, sizes, or concentrations.

For specific information about the ice microphysical properties of radar observed
precipitation, ice microphysical retrieval techniques have been developed. Sassen
(1987) reviews ice microphysical retrieval techniques starting from the early 1970’s,
with a focus on using reflectivity (Z) to develop Z-IWC and Z-R (where R is rain rate)
relations, particularly for K-band weather radar. For decades, radar reflectivity was
the primary radar variable utilized for estimating IWC. A number of studies have
suggested various Z-IWC relations in clouds comprised of ice and snow, including
Sassen (1987); Atlas et al. (1995); Liu and Ilingworth (2000); Hogan et al. (2006);
Delanoe et al. (2014); Heymsfield et al. (2005, 2016) and Protat et al. (2016). Hogan
et al. (2006) proposed perhaps the most widely used Z-IWC relation, with their
algorithm estimating IWC using a combination of Z and atmospheric temperature
T. One of the most recent studies employing a Z-IWC relation to retrieve particle
information was Tian et al. (2016), which used Z alone to estimate IWC and Dy,
or mean volume diameter. Relations that depend solely on radar reflectivity often
struggle because such a single parameter is unable to capture the variability of the

size distributions of ice and snow particles, their habits, and their densities. Simply



using a single parameter to try and quantify the size, shape, orientation, density,
and concentration of particles, among other properties, will fail to capture the true
microphysical variability within one and across many precipitation structures.

To help rectify this problem, polarimetric radar data have shown promise for be-
ing the basis of quantitative retrievals of ice microphysical properties. As is often
noted, the basic premise of polarimetric radar data is to provide further informa-
tion on the size, shape, and orientation of hydrometeors within a volume beyond
what limited information is offered with single-polarization radar (e.g., Zhang, 2017).
However, polarimetric retrievals of ice microphysical properties remain largely un-
explored. Pioneering work was done in the late 20th century performing ice micro-
physical retrievals using polarimetric radar data by Vivekanandan et al. (1994), who
suggested using specific differential phase Kpp to estimate IWC. Because Kpp essen-
tially depends on the particle aspect ratio and orientation whereas IWC does not (see
subsection 1.3.5 for more information on Kpp ), the use of Kpp requires the a priori
knowledge of the particles’ shapes and orientations, which is not ideal. Following the
work on Vivekanandan et al. (1994), Aydin and Tang (1997) modeled ice crystals in
the shapes of hexagonal columns and plates, combining Kpp and Zpgr for estimation
of IWC, and producing relationships with biases and standard errors less than 5 and
15 percent, respectively.

Following the work of Vivekanandan et al. (1994) and Aydin and Tang (1997),
Ryzhkov et al. (1998) developed a polarimetric relation relating IWC to Kpp and

Zpp, where Zpp is defined as the reflectivity difference and is expressed as
Zop =Zn Zy=Zu(l Z,% (1.1)

where Zg, is differential reflectivity expressed in linear scale. They found that the
ratio Zpp=Kpp is very robust with respect to the variability of the particles’ aspect
ratios and their orientations. This is because particle aspect ratio and orientation

affect the values of Zpp and Kpp in a similar way and, therefore, these effects are
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canceled out when the ratio of these two variables is used. Through testing of Eqn.
1.1 by Ryzhkov et al. (1998) and Nguyen et al. (2017), it was shown that such a
relation provides significant improvement over the conventional Z-IWC method when
the cloud is a mixture of small ice particles and large aggregates, with additional
tuning of the polarimetric relation potentially necessary. Bukovcic et al. (2018) in-
vestigated radar snow rate estimates using Z and Kpp, using an extensive dataset of
2D-video-disdrometer (2DVD) measurements of snow in central Oklahoma to derive
polarimetric relations for liquid-equivalent snowfall rate S and IWC in the forms of
bivariate power-law relations. However, in situ validation of IWC estimates is neces-
sitated beyond ground observations possible with the 2DVD used in the study. For
validation of a given algorithm’s effectiveness, the ice microphysical values retrieved
by such algorithms must be compared to some measure of “truth,” typically in the
form of aircraft in situ measurements.

For the most exact comparison of such estimates to in situ measurements, po-
larimetric radar data must be collocated in time and space to the location of the
in situ measurements. This poses a considerable challenge, as operational weather
radar data are collected on the order of 5 minutes and over areas spanning hundreds
of kilometers in diameter via plan position indicator (PPI) scans, whereas aircraft in
situ measurements are often collected at frequencies at or below 1 Hz, along the very
thin path the aircraft flies. To date, little has been done to directly compare opera-
tional polarimetric radar data and in situ measurements at a specific point. Finlon
et al. (2016) related in situ measurements of ice particle habits, bulk cloud properties,
and measurements of particle morphology to polarimetric radar data collected by an
X-band dual-polarization radar within winter cyclones during the Profiling of Winter
Storms (PLOWS) campaign. However, the radar was operating in range-height in-
dicator (RHI) scanning mode when data collocation was performed, such that their

methodology as it relates to radar scanning strategy is inapplicable to comparisons



of in situ microphysical and operational weather radar data. This was also the case
with Zrnic et al. (1993), where S-band polarimetric radar data were collected via RHI
scans along with aircraft in situ data in the stratiform rain region of MCSs during
the Cooperative Oklahoma P-3 Studies (COPS-89) campaign. Cazenave et al. (2016)
compared aircraft in situ data to X-band radar measurements collected using PPI
scans in the stratiform rain region of MCSs in the Sahel, but did so to verify a fuzzy
logic technique, not to directly collocate and compare data.

Therefore, there exists a rich opportunity to use in situ microphysical measure-
ments to validate ice microphysical retrieval algorithms optimized for S-band oper-
ational weather radar data, and gain a deeper understanding of the microphysical
structure of a number of phenomena, specifically MCSs, as a result. This is the goal
of this study—to utilize operational polarimetric radar data and polarimetric ice mi-
crophysical retrieval algorithms in conjunction with in situ aircraft data to gain a
deeper understanding of the ice microphysical structure of MCSs, and determine the
usefulness and effectiveness of such new ice microphysical retrieval algorithms and

radar data processing techniques.

1.3 Radar Polarimetry

The potential benefits of radar polarimetry for enhancing understanding of me-
teorological phenomena have been recognized as far back as nearly seven decades.
Kumjian (2013a) details some of the earliest work and advancements in radar po-
larimetry, dating back to the 1950’s and 1960’s in the United Kingdom, United
States, and Soviet Union. In the late 1970’s, Seliga and Bringi (1976) pioneered
the first investigation into calculating rainfall rates using “differential and absolute
reflectivity measurements at orthogonal polarizations,” introducing to the commu-
nity what is now known as differential reflectivity. Specific differential phase was

then introduced by Sachidananda and Zrnic (1986, 1987), again in an attempt to



calculate rainfall rate. The interest in microphysical interpretation of polarimetric
radar data continued in a three-part paper by Jameson (Jameson, 1983a,b, 1985), in
attempts to deduce properties of the drops in the volume. Expanding these analyses
of the usefulness of dual polarization radar in inferring microphysical properties to
investigations of hail, Balakrishnan and Zrnic (1990a,b) explored using polarization
diversity to discriminate between regions of rain and hail. Although a non-exhaustive
list at best, such work focusing on radars transmitting waves at orthogonal linear
polarization (i.e., “dual-polarization” radars; Kumjian (2013a)) led to the upgrade
of the National Severe Storms Laboratory’s (NSSL) 10-cm S-band Doppler weather
radar, or Cimarron radar, to dual-polarization capabilities as detailed in Zahrai and
Zrnic (1993). The Cimarron radar measured three additional polarimetric variables,
specifically “differential reflectivity, differential phase, and the correlation coefficient
between copolar weather signals,” beyond what was already provided by the conven-
tional (non-polarimetric) WSR-88D radars.

Zrnic (1996) speculated on future trends and needs for radar polarimetry within
the radar meteorology community, giving particular focus to the potential operational
uses. He describes the significant but incremental improvements to the community’s
collective knowledge of radar meteorology, starting with the use of weather radar
to detect precipitation echoes using radar reflectivity, and advancements including
Doppler weather radar and polarimetry (Fig. 1.2). Following such extensive work
investigating the uses of dual-polarization radars, Doviak et al. (2000) outlined the
potential benefits of upgrading the WSR-88D radar system to have dual-polarization
capabilities. With the completion of the WSR-88D radar network upgrade to dual-
polarization capabilities within this decade, opportunities to further use polarimetry
to study a wide variety of precipitation structures and weather systems abound.
Polarimetry has been used extensively in the weather radar community since that

time, including polarimetric WSR-88D data, in work including but not limited to
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Figure 1.2: Relative benefit-cost in meteorological research and applications starting
with the first use of radar. Major enhancements over reflectivity measurements are

indicated. Taken from Zrnic (1996).
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tornadic debris signatures (e.g., Ryzhkov et al., 2002, 2005¢; Kumjian and Ryzhkov,
2008; Van Den Broeke and Jauernic, 2014; Snyder and Ryzhkov, 2015), hydrometeor
classification (e.g., Zrnic and Ryzhkov, 1999; Straka et al., 2000; Zrnic et al., 2001;
Heinselman and Ryzhkov, 2006; Park et al., 2009; Elmore, 2011; Snyder and Ryzhkov,
2015), and quantitative precipitation estimation (e.g., Ryzhkov and Zrnic, 1996b;
Ryzhkov et al., 2005b; Giangrande and Ryzhkov, 2008).

Before transitioning to a discussion of radar data and how they have been and can
be utilized to gain a deeper understanding of the stratiform rain region of MCSs, a
thorough description of the polarimetric radar variables is necessitated. A large part
of the discussion of polarimetric variables herein reflects the information provided in
Kumjian (2013a), with that paper and the others in the series (Kumjian, 2013b,c)
serving as ideal references for additional commentary on and further understanding of
these radar variables, and of their uses in interpreting meteorological echoes. Ryzhkov
et al. (1998, 2018); Hogan et al. (2006, 2012); Rasmussen et al. (2003); Zhang (2017);
Bukovcic et al. (2018); Carlin et al. (2016) and Matrosov et al. (1996) were heavily
referenced for discussions related specifically to the polarimetric variables’ behavior
in regions of ice and snow.

The five polarimetric radar variables of interest in this study are radar reflectivity
factor (Z), differential reflectivity (Zpr), co-polar cross correlation coefficient ( hy),
differential propagation phase shift (®pp ), and specific differential phase (Kpp ). The

following subsections each offer a description of these variables.

1.3.1 Radar Re ectivity Factor

Radar reflectivity factor (Z) is one of the three moments measured by conventional
weather radars, with the other two being Doppler velocity and Doppler spectrum
width. These moments were all previously measured at only horizontal polariza-

tion before the WSR-88D network’s upgrade to dual-polarization capabilities, as the
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conventional WSR-88D radars only transmitted and received signals at horizontal
polarizations. Although different from radar reflectivity , radar reflectivity factor
is typically referred to and will be herein referred to as radar reflectivity, or simply
reflectivity.

Doviak and Zrnic (2006) define Z at horizontal polarization as

4 4
i _ < iSphil > 1.2
5w D=(w+2)J2 John) (1.2)

where , is the dielectric constant of water, is radar wavelength, and Spp is the
backscatter amplitude, with angular brackets denoting integration of the variable
over all particles. In the case of spherical scatterers, Van de Hulst (1981) shows that
simple analytical formulas can be obtained for the forward and backward scattering
amplitudes Sg;)g and Sg;g :

D3 1

0
S;;g = Sg;b) = (1.3)

where a is the axis of rotation of the spheroid, D = (ah?)'* is the equivolume diameter
of the particle, is the dielectric constant, and L, and Ly are shape parameters of

the particle. In the case of spherical particles (a = b),

2p3 1

Furthermore, if scatterers are spherical, then
< jSpnj? >=< js{ 2 >=<js! ) > (1.5)

and eqn. 1.2 can be written for spherical particles as

<i( D +2)PD¢>
Z, = i(w D=(wet2)f (1.6)

In the case of raindrops, =  and eqn. 1.6 can be simplified down to

Z
Z,=<D®>= D°N(D)dD (1.7)



where N(D) is the particle number concentration. In the case of graupel and small

hail, where does not change with size, eqn. 1.6 can be rewritten as

z
_ 0 D= +2)72 6
Zn= 7 ~Taaiop O (D)dD (1.8)

For frozen particles whose dielectric constants are not constant across the size spec-
trum of particles (such as dry snow, whose density decreases with increasing size),

eqn. 1.6 can be rewritten as

4
jKij? 2

e 2(D)DN(D)dD (1.9)

h

where Ki= (i 1)=(i+2), Kn=(w 1)=(w+2), iis the dielectric constant of
solid ice with density j, and ¢ is the density of snow which depends on D. Knowing
that ¢ is nearly inversely proportional to particle diameter, for dry snow, Z is no
longer proportional to the 6th moment of the size distribution as with rain, but rather
is proportional to the 4th moment, due to how Z depends on the product of 2D®
within the integral of eqn. 1.9. Additionally, the ratio of jK;j? and jKj? is less than
1, which further explains why Z in snow is typically much less than Z in rain for
volumes with comparable particle diameters and concentrations. These depressed Z
values are found in almost all volumes of snow when compared to equivalent volumes
of rain, except in the bright band, where large aggregates with thin water coatings
produce local maximum values of Z in the vertical.

Reflectivity data are most commonly converted from their native units of [mm®m 3]

to [dBZ], where
Z[mm®m 3]

(1.10)

Often, 7Z is subscripted to denote at which polarization the signal was transmitted
and received, with lowercase subscripts denoting data with units of [mm®m 2], and
uppercase subscripts denoting data with units of [dBZ]. Since primarily reflectivity
data at horizontal polarization (Zy) are analyzed herein, the subscript will be dropped

and Z will denote reflectivity at horizontal polarization unless otherwise specified.
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Because of reflectivity’s relation to the 6th moment of the size distribution in
rain and 4th moment in snow, measurements of Z are highly affected by the largest
particles in the volume. For example, for a unit volume, the reflectivity from one
wet marble sized! hailstone (D = 10 mm) is the same as the reflectivity from 100
relatively large drops (D = 4:6 mm). However, the total water content calculated
from these two volumes will be an order of magnitude larger for the volume containing
large drops compared to the volume containing the single hailstone.

Doviak et al. (2000) also noted that at the time, reflectivity was used exclusively
to estimate rainfall rate R, but such equations constrain the drop size distribution
to one having only a single parameter. Since, in general, the drop size distribution
of a volume is only described accurately by using multiple parameters, these equa-
tions would fail to capture differences in hydrometeors between two volumes of equal
reflectivity, such as in the two volumes described in detail above. Additionally, for
ice, Bukovcic et al. (2018) discussed past attempts to quantify liquid water equiva-
lent snowfall rate (S) in terms of Z, with most relations in the literature assuming
a power-law relation where Z / S?. However, as with rain size distributions, snow
particle size distributions cannot be accurately quantified using only one variable, due
to the variability of particles’ size, shape, and orientation, to name a few. For that
reason, they found that of the Z S relations in literature that they examined, there
exists roughly an order of magnitude difference in estimates of S using the same Z.
Estimates of IWC from Z also struggle, as was discussed in section 1.2. Reflectiv-
ity does not give any information on the shape or orientation of the particles, just
the concentration and size of hydrometeors, though it is not possible to separate the

contributions of size and concentration to the value of Z. These deficiencies show a

!The author recognizes that “marble sized” can be a misleading characterization of hail size,
since marbles vary widely in size, but chooses to describe hail in accordance with the qualitative

descriptors used by the Storm Prediction Center.
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need for additional measurements and therefore additional information collected by

operational weather radars.

1.3.2 Di erential Re ectivity

The nature of the upgrade of the WSR-88D radar network to polarimetric capa-
bilities is that these radars are now equipped with the technology to send and receive
signals at both horizontal and vertical polarizations. This upgrade allows signals re-
ceived at both horizontal and vertical polarizations to be compared quantitatively.
Differential reflectivity (Zpr) is defined as the logarithmic ratio of the reflectivity

factors at H and V polarizations, expressed in [dB]:

z
Zpr[dB] = Zy  Zy = 10log Z—“ (1.11)
v

As mentioned in Kumjian (2013a), Zpr was first defined and used by Seliga and
Bringi (1976) for the precipitation measurements and estimation of rainfall rate. They
explained that non-zero Zpg in rain is a result of the oblate shape of raindrops falling
at their terminal velocities. The particles become larger in the horizontal as they
approach their terminal velocities, and therefore return more power at horizontal po-
larization than vertical, leading to a positive Zpgr. For that reason, it is evident that
ZpR is directly related to the particles” mean axis ratio within the sampling volume.
For a volume of randomly oriented particles, power is returned equally at both hor-
izontal and vertical polarizations, and Zpr = 0 dB. Zpg is independent of particle
concentration, but can be affected by radar miscalibration, as miscalibration biases of
Z in the two orthoganal channels are commonly different, leading to a miscalibration
of Zpr. It is related to the complex dielectric constant of the target, meaning that
Zpr values will be higher for a single raindrop than for an ice hydrometeor of the
same shape and size, similar to how Z differs between an analogous raindrop and ice
hydrometeor. Although Zpg is concentration independent, the Zpgr value for a given

volume will be representative of the most abundant/dominant hydrometeor shape in
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that volume (e.g., a low concentration of highly anisotropic hydrometeors with large
Zpr values can mask a large concentration of more isotropic hydrometeors).

Beyond the information it can provide about the shape and size of raindrops,
Zpr also provides a wealth of information about ice hydrometeors. For a given
hydrometeor shape, the value of Zpg is strongly dependent on the dielectric constant.
For this reason, for a raindrop and snowflake of analogous shape and size, Zpr will
be higher for the raindrop. Zpgr also depends on the orientation of particles as they
are falling. Magnitudes of Zpr can be incredibly high for pristine ice, which can have
preferred oblate (positive Zpr) or prolate (negative Zpgr) orientations. Whereas large
raindrops typically fall with their major axis oriented vertically, producing positive
ZpR, snowflakes often fall in a more random and chaotic fashion, where the absence of
a preferred orientation decreases Zpr. After the onset of aggregation, large aggregates
typically have a very low density, further decreasing Zpg, as it is linearly proportional
to the density of dry snow ¢ (Kumjian, 2013a).

Because Zpg is dependent both on particle axis ratio and density, it can be used
to infer the relative concentrations of isotropic and anisotropic ice particles within a
volume. Small ice hydrometeors produced at levels colder than the DGL are com-
paratively more isotropic than those produced within the DGL, and thus produce
low values of (still positive) Zpr. Within and just below the DGL, the dendrites in
this region are highly anisotropic (oblate) and quite dense, such that they can have
very high Zpr values, as high as 6-10 dB. Below the DGL and above the ML, indi-
vidual ice hydrometeors begin to aggregate, and the radar sample volumes start to
be dominated by isotropic, low-density aggregates. For this reason, Zpg is near zero
above the ML, usually around 0.2-0.25 dB (Ryzhkov and Zrnic, 1998; Ryzhkov et al.,
2005a). This is correlated with an increase in Zy in this region, as the particles are
becoming larger as they descend towards the top of the ML. Strong Zpgr signatures in

the DGL were observed by Griffin et al. (2018) in their work exploring polarimetric
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signatures in winter storms, as well as in Andric et al. (2013) and Williams et al.
(2015). Such signatures may be absent, however, if the volume sampled by the radar
remains dominated by small, quasi-isometric ice hydrometeors falling into the DGL
from aloft, or if dendrites do not exist within the DGL. In the former case, the po-
larimetric signature expected of the anisotropic dendrites (i.e., high Zpr) is masked

by the presence of the much more abundant isometric ice.

1.3.3 Co-Polar Cross Correlation Coe cient

Whereas Zpr provides information on the shape and orientation of the most
dominant particle type in a sampling volume, co-polar cross correlation coefficient
( hv; henceforth referred to as correlation coefficient) gives information about the
diversity of particles within the sampling volume. As stated by Kumjian (2013a),
“ hv is a measure of the diversity of how each scatterer in the sampling volume
contributes to the overall H- and V-polarization signals. This diversity includes any
physical characteristic of the scatterers that affects the returned signal amplitude
and phase. Thus, when there exists a large variety in the types, shapes, and/or
orientation of particles within the radar sampling volume, [ p,| is decreased.” A
volume containing scatters of nearly analogous type (i.e., complex dielectric constant),
shape, and orientation will return values of py near unity; any deviation from this
uniformity decreases the value. Particle size does not necessarily have to be uniform,
unless the values of the other three aforementioned particle characteristics change
across the size spectrum. py is independent of particle concentration and is immune
to radar miscalibration, attenuation or differential attenuation, and beam blockage.

Values of py in pure rain are near unity ( nh, > 0:98) at S and X bands, but
may drop down to values closer to 0.9 at C band due to the effects of resonance
scattering (occurs with drop sizes of 5-7 mm at C band; e.g. Carey and Petersen,

2015). Values are also high for dry snow aggregates ( n, = 0:97) since their low
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density counteracts the effects of shape irregularity and increased wobbling, and in
pristine ice ( py > 0:96). The slight reduction in 1, possible for pristine ice is due
to high anisotropy and lack of preferred crystal orientation giving the appearance of
a higher diversity of particle shapes in the sampling volume (i.e., a dendrite with a
canting angle of 0 will return power differently than a dendrite with a canting angle
of 40 ). When ice hydrometeors melt, a reduction of py is often seen (< 0:90) due
to the addition of liquid meltwater on the particles contributing to a larger complex
dielectric constant, exaggerating any pre-existing variability in particle shapes and

orientations (Kumjian, 2013a).

1.3.4 Di erential Propagation Phase Shift

As the H- and V-polarized waves travel through various media in the atmosphere,
the speed of each of the waves is affected by the type of medium they travel through.
In any medium other than a vacuum, the speed of each wave will be slower than
that of the speed of light, with waves traveling through ice or water more slowly than
those traveling through air. When a polarized wave encounters a hydrometeor, if the
horizontal and vertical dimensions of the particle are different, one wave (i.e., either
the H- or V- polarized wave) will travel a longer path through the particle than the
other. This means that that wave will travel at a lower rate of speed for a longer
time than the other, producing a phase shift between the two waves. This phase
shift will be greater the greater the difference between the hydrometeors’ horizontal
and vertical dimensions, and the higher the concentration of particles the waves pass
through. This concept is the premise of differential propagation phase shift (Ppp),
hereafter simply differential phase. Positive is defined as depolarization resulting from
the H-wave being slowed compared to the V-wave, and commonly, differential phase
is always positive with a few exceptions (e.g., in the presence of vertically oriented

crystals due to strong electrostatic fields in thunderstorms).
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As previously mentioned, ®pp is related to the axis ratio of the particle (and
therefore often the particle size, as larger raindrops tend to be more oblate in size),
and the number concentration of the particles in the volume. The same applies for
ice hydrometeors; however, particle shape is not as directly related to particle size,
as small pristine ice crystals can produce much higher ®pp than large, isotropic
aggregates. Therefore, particle orientation has a large impact on ®pp, especially
for ice particles. As a phase measurement, ®pp is attractive to use in a number
of capacities because it is not affected by attenuation, partial beam blockage, or
radar miscalibration, and is not biased by noise. This measurement is not often
used operationally and is used less so in research compared to its counterpart specific

differential phase (Kpp ), which is explained in the next section.

1.3.5 Speci c Di erential Phase

A polarimetric variable derived from differential phase, specific differential phase
(Kpp) is half the range derivative of ®pp, and therefore a quantity which “provides
a measure of the amount of differential phase shift per unit distance (usually given in
units of degrees per kilometer) along the radial direction” (Kumjian, 2013a). Because
it is derived from ®pp, Kpp is also related to particle axis ratio and concentration,
and is immune to attenuation, partial beam blockage, radar miscalibration, and biases
from noise. Whereas ®pp values typically remain constant or increase downradial,
showing the total effect of phase shift as the polarized waves propagate, Kpp shows
the effect of phase shift at each range gate. To determine Kpp, a slope of the radial
dependance of ®pp is determined over the range windows of 17 or 49 gates as a linear
fit, depending on whether or not Zy is greater than (17) or less than or equal to (49)
40 dBZ (Ryzhkov and Zrnic, 1996a; Ryzhkov et al., 2000).

Because Kpp is related to hydrometeor concentration, it has proven itself to be

particularly useful in liquid water content (e.g., Doviak and Zrnic, 2006; Bringi and
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Chandrasekar, 2001) and ice water content estimation (e.g., Vivekanandan et al.,
1994; Ryzhkov et al., 1998; Bukovcic et al., 2018). However, relations using Kpp
can suffer from the inherent noisiness of the variable (e.g., Kumjian, 2013a). While
a big advantage of Kpp is that it is not biased by noise, attenuation, or radar mis-
calibration, the magnitude of Kpp in ice and snow is relatively small, particularly at
longer radar wavelengths, so any noisiness of the variable is even more impactful in
microphysical calculations using Kpp in ice. At S band, Kpp in dry ice and snow
is usually smaller than 0.3 and typical values are below 0.05 deg/km in aggregated
snow at warmer temperatures (Ryzhkov and Zrnic, 1998; Griffin et al., 2018).

Normalized values of Kpp, or the ratio of Kpp for monodispersed size distribu-
tion with equivolume diameter D to the total concentration of raindrops, for frozen
precipitation such as dry graupel and small hail are about two orders of magnitude
less than normalized Kpp values for raindrops of a similar size (Ryzhkov et al., 2013).
This reduction of Kpp facilitates easier identification of regions of frozen hydrome-
teors among rain. It can be shown that, for dry aggregated snow, Kpp / 2D3.
Knowing that ¢ is inversely proportional to particle diameter for snow, this means
that Kpp is proportional to the 1st moment of the snow size distribution (i.e., the
mean diameter of particles in the volume; Bukovcic et al., 2018, see their eqn. A25).
This means that Kpp for dry aggregated snow is typically quite low compared to
rain, where it is proportional to the 3rd moment of the size distribution. However,
for high density pristine crystals (such as plates, columns, and dendrites), Kpp is
close to the 3rd moment of the size distribution (Bukovcic et al., 2018) and can be
quite large. This is a result of these crystals’ high density, very high or low aspect
ratio, and typically quite common alignment (e.g., Kumjian, 2013a, and references
therein).

In regions of ice hydrometeors, Zpr and Kpp can be used in conjunction to

qualitatively determine the dominant ice hydrometeor type or particle habit within
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the region. For regions of spherical ice particle or aggregates, values of Zpr will be
low due to the nearly isotropic shape of the particles, but Kpp can still be high due
to the large concentration of such particles. Conversely, in regions of pristine ice
crystals such as dendrites, Zpr can be quite high due to their anisotropy, but Kpp
can remain fairly low due to the low concentration of particles. Griffin et al. (2018)
noted this apparent anticorrelation of Zpr and Kpp magnitudes in the DGL within
a number of winter storms, attributing the signatures to the depth of the cloud and
relative impact of seeding of ice particles into the DGL from aloft. Such signatures and
other “polarimetric fingerprints” (Kumjian, 2012) can prove helpful in qualitatively
understanding the dominant hydrometeor type and microphysical structure of varying

precipitation systems.

1.4 Quasi-Vertical Pro les (QVPs)

Quasi-vertical profiles, or QVPs, have emerged as a novel way to view polarimetric
radar data in a time-height format. These plots are created by taking radar data
from PPI scans and processing it such that data collected at a single elevation angle
are displayed as one vertical column. The elevation angle is typically chosen as the
highest elevation angle scanned in one radar volume scan, with available elevation
angles contingent on the scanning strategy used. Such plots facilitate more direct
comparison of radar data to various meteorological data collected in a time-height
format, such as aircraft microphysical data.

The idea was first posed in Troemel et al. (2013), where quasi-vertical profiles of
Z, Zpr, hv, and ®pp were created from PPI scans performed by JuXPol, a dual-
polarization X-band radar in Julich, Germany. These analyses were one-dimensional
in nature, as they analyzed data from a single elevation from only one volume scan,
giving information only in the range (height) dimension and no information regarding

temporal evolution of the system. Such analyses using these one-dimensional QVPs
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Figure 1.3: Conical volume representing azimuthally averaged quasi-vertical profiles

of radar variables. Taken from Ryzhkov et al. (2016).

were used primarily to propose new methods for estimating backscatter differential
phase in rain and in the melting layer. Kumjian et al. (2013) also employed the
use of such profiles to analyze instances of hydrometeor refreezing in winter storms
observed by a dual-polarization WSR-88D S-band radar and dual-polarization C-
band radar in central Oklahoma. Similar to Troemel et al. (2013), this study created
such profiles at a specific time using data from a single elevation angle scanned during
one volume scan. Such one-dimensional profiles are useful in observing polarimetric
signatures in precipitation at a given time, but are unable to diagnose any evolution
of polarimetric signatures in time.

Ryzhkov et al. (2016) expanded on these initial analyses to create a QVP that
spans over a specific length of time, allowing for analyses of the evolution of polari-
metric signatures that were absent in earlier studies. Such two-dimensional QVPs
(henceforth simply QVPs) are created analogously to one-dimensional QVPs, using
data from one elevation scan typically between 10-20 in elevation. However, these

profiles differ in that they use multiple scans at the chosen elevation, extracted from
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Figure 1.4: The height-vs-time representation of quasi-vertical profiles of (a) Z, (b)
ZpR, (¢) v, and (d) Kpp retrieved from the KVNX WSR-88D radar. Data shown
were collected at elevation 19.5 in the case of an MCS observed in northern

Oklahoma on 20 May 2011 from 10:00-13:30 UTC. Overlaid are contours of Z.
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successive volume scans. The processing of data for QVPs, both one-dimensional and
two-dimensional, is fairly straightforward. As the beam goes out in distance from the
radar, it also increases in height due to expected beam propagation with a typical
atmospheric refractivity, such that radar data collected at ranges further from the
radar are located higher in the vertical than data closer to the radar. Therefore, data
at a given range are assigned a corresponding height to be used in plotting. To filter
out spurious data, QVPs exclude data points where Z < 10 dBZ and/or p, < 0:8.
Additionally, extra heterogeneity checks are implemented with regards to ®pp. For
each radial, a five-point running mean of ®pp is performed three times. That thrice-
averaged radial profile of ®pp is considered the average value in calculations of the
standard deviation of ®pp at each range gate along each radial, calculated over a
five-point interval surrounding the point in question. Data points where the standard
deviation of ®pp is greater than 10 are excluded from the QVP calculation.

Data that were not filtered by aforementioned techniques at all distances in range
are averaged over the full 360 of the elevation scan, and those average polarimetric
radar data at each range gate are plotted at the altitude that correlates to that dis-
tance in range. Fig. 1.3 shows a conical volume representing azimuthally averaged
quasi-vertical profiles of radar variables. This data averaging is particularly advan-
tageous for examining Kpp, as such averaging helps to smooth out the variable’s
inherent noisiness. Fig. 1.4 shows a QVP of an MCS passing over the Vance Air
Force Base, OK (KVNX) WSR-88D radar in north central Oklahoma on May 20,
2011. It is clear that QVPs provide a unique insight into and opportunity to gain
a deeper understanding of the vertical structure of various precipitation systems, in-
cluding MCSs, beyond what is offered by the data in its traditional plan-position
indicator (PPI) format.

In addition to the four standard dual-polarization variables plotted in QVPs (Z,

Zpr, nv, and ®pp), QVPs can also be made for Kpp as explained in Griffin et al.
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(2018) and shown in Fig. 1.4, with appropriate special processing due to strong
contribution of to ®pp in the melting layer (see also Troemel et al., 2014). For
cases where the radar experienced a Zpr bias, QVPs of Zpr are manually calibrated
such that values just above the ML are approximately 0.2-0.25 dB (Ryzhkov and
Zrnic, 1998; Ryzhkov et al., 2005a). QVPs have been used in a number of studies to
connect observed or modeled microphysical processes with what is observed by radar
(e.g., Van Den Broeke et al., 2017; Bukovcic et al., 2017; Kumjian and Lombardo,
2017; Sulia and Kumjian, 2017; Ryzhkov et al., 2017; Troemel et al., 2017). Analyses
to date have mainly focused on using the QVP technique with S-band radar data,
typically from the WSR-88D S-band radar network in the United States (Crum and

Alberty, 1993).
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Chapter 2

Column-Vertical Pro le (CVP) Methodology

2.1 Motivation

The development of the QVP technique has led to a number of studies mentioned
previously investigating the microphysical properties and processes within different
meteorological phenomena. However, one main drawback of QVPs is that they as-
sume a degree of horizontal homogeneity in the sampled precipitation, as data are
averaged over the full range and azimuth sampled by the radar (Ryzhkov et al., 2016).
Therefore, QVPs struggle with accurately representing phenomena with considerable
heterogeneities across the area sampled by the radar. For systems such as MCSs, this
broad-brush azimuthal averaging of data has the potential to blur together polarimet-
ric signatures from distinct precipitation substructures such as the leading convective
line and trailing stratiform region. Fig. 2.1 shows the evolution of an MCS as it
passed through the KVNX radar domain in north central Oklahoma from 13-17 UTC
on May 20, 2011. It is clear that various precipitation structures, including leading
line convection and trailing stratiform, are present, such that azimuthal averaging
of the data over the entire 360 surrounding the radar would likely blur together
distinct polarimetric signatures from the various precipitation substructures, making
polarimetric analyses of such substructures difficult if not impossible.

For this reason, a more tailored method of processing operational polarimetric
radar data to be viewed in a time-height format is necessitated. This method should
restrict data sourcing to a specific region in the horizontal, allowing the user to select
specific precipitation substructures of interest to analyze, and removing the effects
of azimuthally averaging data from various precipitation substructures within the

horizontal area sampled by the radar. For such an approach, using a single elevation
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Figure 2.1: PPI images of radar re ectivity (dBZ) collected at the 0.5 degree
elevation angle by the KVNX radar from 13-17 UTC. Images were selected at
approximately half-hour intervals, with time increasing alphabetically and specic

times of data collection listed in each panel.
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