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ABSTRACT

CLOUD PROPERTY RETRIEVALS USING POLARIMETRIC RADAR: UNTANGLING

SIGNALS OF PRISTINE ICE AND SNOW

Ice and mixed phase clouds are critical components of Earth’s climate system via their
strong controls on global precipitation distribution and radiation budget. Their microphysical
properties have been characterized commonly by polarimetric radar measurements. However,
there remains a lack of robust estimates of ice number concentration, due to the difficulty in
distinguishing embedded pristine ice from snow aggregates in remote sensing observations. This
hinders our ability to study detailed cloud ice microphysical processes from observations.

This thesis presents a rigorous method that separates the scattering signals of pristine ice
and snow aggregates in scanning polarimetric radar observations to retrieve their respective
abundances and sizes for the first time. This method, dubbed ENCORE-ICE, is built on an
iterative ensemble retrieval framework. It provides number concentration, median volume
diameter, and ice water content of pristine ice and snow aggregates with full error statistics. The
retrieved cloud properties are evaluated against in-situ aircraft measurements from a UK field
campaign. For a stratiform cloud system with embedded convective features associated with
observed ice number concentration of 0.1-10 L™! and ice water content from 0.01-0.6 g m™3, the
retrievals are mainly in the range of 1.0 —15 L~! and 0.003-0.6 g m™.

To investigate the ice property evolution in a Lagrangian sense, the retrieval method is
also applied to along-wind scanning radar measurements from an Atmospheric Radiation

Measurement (ARM) campaign in Finland. For the cases presented, snow aggregates are
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typically of 5-10 mm size in diameter, which is ~10 times larger than pristine ice and thus
dominates radar reflectivity. However, the partitioning in ice water content between pristine ice
and aggregates varies and largely depends on ice number concentration. More importantly, the
retrieved pristine ice number concentration exceeds the predicted concentration of primary ice
nuclei at a mid-cloud temperature of —15°C by two orders of magnitude, suggesting possible
secondary ice production, one of the outstanding issues in cloud physics. This highlights the
potential of using ENCORE-ICE to identify secondary ice production events and understand

their trigger mechanisms.
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CHAPTER 1

Introduction

Clouds cover approximately two thirds of our planet (Mace et al. 2009) and are critical
components of Earth’s climate system (Stephens et al. 2005) on timescales ranging from days to
decades. Their spatiotemporal variability is largely responsible for the redistribution of liquid
water throughout the land-ocean-atmosphere system via precipitation, or lack thereof (Boucher et
al. 2013). They are also critical components in earth’s radiative budget (Stephens et al. 2012),
because they reflect solar shortwave radiation back to space and absorb and emit terrestrial
longwave radiation. These radiative interactions lead to dueling cooling and warming effects,
respectively, which have proven difficult to quantify due to their intricate dependence on cloud
properties (Baran 2009). As such, clouds remain a dominant source of uncertainty in future
climate projections (Boucher et al. 2013).

This uncertainty stems from the sheer number and complexity of processes acting within,
and adjacent to, a cloud. These processes operate and interact on spatial scales from micrometers
to kilometers, temporal scales from seconds to hours, and involve the simultaneous cycling (and
recycling) of cloud water between gas, liquid, and ice phases. Clouds are comprised of liquid
water at temperatures warmer than 0°C and ice at temperatures colder than approximately —38°C
(Cantrell and Heymsfield 2005). However, between 0°C and —38°C, clouds can exist as both
liquid and ice (hereafter referred to as mixed-phase clouds) and are often characterized by

interactions between ice and supercooled liquid water.



This thesis will focus on clouds containing ice, whether they be purely ice phase or
mixed-phase clouds. Ice clouds are responsible for the majority of precipitation globally, and
even greater proportions (80—-90%) in the midlatitudes and polar regions (Field and Heymsfield
2015). Yet, relative to liquid clouds, many of the fundamental microphysical processes
governing the evolution of ice and mixed-phase clouds remain poorly understood and poorly
represented in numerical models (Boucher et al. 2013). This is partly due to a lack of global
observational constraints on ice cloud properties such as cloud ice number concentration
(Sourdeval et al. 2018). In contrast to liquid cloud properties such as droplet number
concentration and liquid water content, cloud ice number concentration is difficult to quantify
remotely because it is not directly related to other commonly retrieved cloud properties such as
optical depth or hydrometeor effective radius (Sourdeval et al. 2018). This lack of direct
mapping is a function of the tremendous range of ice crystal shapes and sizes (Bailey and Hallett
2009), dictated by further complex ice nucleation and growth processes which depend on
atmospheric conditions such as temperature, moisture, and vertical velocity (Tiira and Moisseev
2020).

For clouds with temperatures warmer than —38°C (the focus of this study), aerosol
particles known as ice nucleating particles (INPs) are required for ice to nucleate (Kanji et al.
2017). INPs lower the energy barrier required for formation of the initial ice embryo, known as
heterogenous ice nucleation, which would be otherwise thermodynamically unfavorable at such
temperatures (Kanji et al. 2017). Immersion freezing, by which an INP enters a liquid cloud
droplet and enables freezing once lofted to sufficiently cold temperatures, is thought to be the
most relevant heterogenous ice nucleation mode for mixed-phase clouds (e.g. Westbrook and

Ilingworth 2013). Ice formation in such clouds is thus directly related to the numerous types and



extremely heterogenous distributions (orders of magnitude variation globally) of aerosol particles
present (Yun and Penner 2012). Yet, despite considerable progress on the subject in decades
past, aspects of heterogenous nucleation remain mysterious (DeMott et al. 2010). This due in
part to the reduced correlation between aerosol concentrations and cloud ice number
concentration over time in the presence of additional ice formation processes such as secondary
ice production (SIP), ice growth processes such as aggregation and riming, and the redistribution
of ice from other regions in the cloud (DeMott et al. 2011).

SIP processes are similarly poorly understood and difficult to observe, yet can lead to
rapid increases in ice number concentration that can impart large forcing on cloud radiative and
precipitation properties (Field et al. 2017). However, for SIP to occur, some amount of ice must
have already formed via primary formation mechanisms and exist in atmospheric conditions that
support SIP. Necessary and sufficient preexisting ice number concentrations and atmospheric
conditions supportive of SIP are also poorly understood (Field et al. 2017). This intricate
relationship between primary and secondary ice formation mechanisms further solidifies the
importance of understanding primary ice formation mechanisms. Overarchingly, it is critical that
the community understand processes governing the abundance of ice particles in clouds, because
the relative partitioning of cloud water between ice and liquid phases impacts a cloud’s radiative
properties (Fusina et al. 2007) as well as its precipitation efficiency and lifetime (Lindsey and
Fromm 2008). Ice growth processes such as aggregation and riming are also strong controls on
precipitation production and cloud lifetime because they enhance particle mass and fall speed
(Gultepe et al. 2017).

While considerable knowledge has been gleaned from laboratory and modelling studies,

both settings do not, and currently cannot, capture the full complexity of ice microphysical



processes and their interactions in a cloud. Therefore, process-driven observational studies are
critical for documenting the variability and evolution of these processes and to better inform their
representation in numerical models. Such observational platforms include in-situ (i.e. aircraft)
and remote sensing platforms like ground-based radar/lidar and earth-observing satellites. While
aircraft can document cloud microphysical properties at high spatiotemporal resolution, they are
not an ideal observing platform for holistically capturing microphysical process evolution due to
their limited sampling volumes (Korolev et al. 2017; Gryspeerdt et al. 2018). Earth-observing
satellites can characterize cloud microphysical properties on much larger spatiotemporal scales
than aircraft or ground-based platforms, but are still limited to a temporal snapshot that is
insufficient for characterizing process evolution at sub-cloud scale. Furthermore, satellite-based
observing methods typically focus on the ice properties of high clouds at temperature colder than
—30°C (e.g. Sourdeval et al. 2018) and are optimized for such conditions. Ground-based
polarimetric radar, on the other hand, can contiguously document cloud evolution with spatial
resolutions of hundreds of meters or less and temporal resolutions on the order of seconds for
extended periods of time. These characteristics make ground-based polarimetric radar an ideal
candidate for documenting the Lagrangian evolution of ice microphysical properties and how
this translates to changes in cloud evolution.

Polarimetric radar can provide information on ice particle size, concentration, fall speed,
and orientation through its near-simultaneous measurement of horizontally and vertically
backscattered power. Consequently, it has long been used to qualitatively identify “fingerprints”
of ice growth processes such as vapor deposition (e.g. Kennedy and Rutledge 2011), riming (e.g.
Grazioli et al. 2015), and snow aggregation (e.g. Moisseev et al. 2015). However, a longstanding

hurdle in polarimetric studies of ice microphysics is an inability to separate and quantitively



interpret the individual contributions to the cumulative polarimetric radar signal from different
ice hydrometeor species (Magono 1962) because of their diverse scattering properties (Bringi
and Chandrasekar 2005). For example: larger, pseudo-spheroidal snow aggregates that tumble as
they fall often dominate the radar signal (Hogan et al. 2002) and thus mask contributions
associated with smaller, preferentially oriented, high aspect ratio pristine ice crystals (Keat and
Westbrook 2017). Information from one polarimetric variable alone, such as the total
backscattered power (horizontal reflectivity; Zy), is insufficient to characterize such mixtures of
ice hydrometeors (Oue et al. 2018). This inability to isolate their respective signals has limited
the amount of progress towards retrieving the explicit number concentration of pristine ice from
polarimetric radar.

However, greater insight is possible when multiple polarimetric variables are used in
concert. Such approaches have been used to estimate cloud ice number concentration and other
bulk ice microphysical properties. Murphy et al. (2020) used empirical relationships between Zy,
the difference between horizontal and vertical reflectivities (Zpp), differential reflectivity (Zpr),
and specific differential phase shift (Kpp) to estimate ice water content (IWC, denoted as q;), ice
number concentration (N), and particle median volume diameter (D). However, these
polarimetric relationships, developed by Ryzhkov et al. (2018), are for bulk properties and do not
enable the separation of contributions from pristine ice and snow aggregates. Spek and Unal
(2007) developed a nonlinear least-squares optimization approach for retrieving particle size
distribution (PSD) parameters of pristine ice crystals and snow aggregates from the spectral
forms of Zy and Zpg by exploiting the distinct differences in their fall behaviors. Schrom and
Kumyjian (2015) married Zy, Zpg, and Kpp to similarly estimate the PSD parameters of pristine

ice crystals in the dendritic growth zone of Colorado winter storms. Keat and Westbrook (2017)



also demonstrated that it is possible to estimate the relative radar signal contributions of pristine
ice crystals using Zy, Zpg, and copolar correlation coefficient (pgy, ). However, these methods
either fail to account for the complex morphologies of snow aggregates (e.g. Spek and Unal
2007), make a priori assumptions about the scattering contributions of snow aggregates (e.g.
Schrom and Kumyjian 2015; Keat and Westbrook 2017), or are limited to temperatures colder
than —10°C to —15°C (Ryzhkov et al. 2018; Murphy et al. 2020).

Here, a novel framework is presented for simultaneously retrieving the respective N and
q; of pristine ice crystals and snow aggregates using polarimetric radar observations by adapting
the ENsemble ClOud REtrieval method (ENCORE) developed by Fielding et al. (2014; 2015).
Our version, adapted for the retrieval of ice cloud properties, is hereafter referred to as
ENCORE-ICE. Using a database of ice crystal scattering properties (Lu et al. 2016) produced
from realistic scattering models of pristine ice crystals and snow aggregates, the contributions to
the radar signal from each hydrometeor species can be simulated. It is subsequently possible to
retrieve their respective N and g; without making assumptions about their relative contributions
to the total polarimetric signal, an advance previously thought to be impossible. This thesis
intends to answer two science questions. Firstly, is the set of polarimetric observables used here
sufficient to explicitly characterize the contributions of pristine ice and snow aggregates to the
radar signal and use this information to deduce their respective N and q;? Secondly, what novel
information can be gained about atmospheric controls on ice microphysical processes through
implementation of this retrieval framework; with particular emphasis on primary ice nucleation,
the transition to aggregation, and SIP processes.

The suite of polarimetric radar moments and the unique information each contributes to

make this retrieval possible is first introduced in Section 2.1, along with a description of the



polarimetric datasets employed in this study. Section 2.2 outlines complementary datasets used
to enhance the information gleaned from our retrieval framework. The structure of ENCORE-
ICE and its components, along with practical considerations for implementation, are discussed in
Chapter 3. Section 4.1 compares retrieval case studies from Chilbolton, United Kingdom against
collocated in-situ aircraft observations as a means of evaluation. Section 4.2 discusses retrieval
case studies from Hyytidld, Finland and presents a methodology for assessing the Lagrangian
time rate of change of N and q; and incorporates estimates of primary ice number concentration
to assess the possibility of SIP. Lastly, Chapter 5 poses final conclusions and establishes a
roadmap to future insights of ice and mixed-phase cloud processes using the retrieval framework

that is described here.



CHAPTER 2

Data

2.1 Polarimetric radar data

Our retrieval method uses four polarimetric observables. The first observable is the
horizontally backscattered power (horizontal reflectivity; Zy), which provides information on
particle size since it is proportional to the sixth moment of the particle size distribution (PSD).
As such, Zy is dominated by contributions from snow aggregates, rimed particles, and/or graupel
because their maximum dimensions, and thus their backscatter cross-sections, are typically much
larger than those of pristine ice crystals. The second observable is the log-ratio of horizontally
and vertically backscattered power (differential reflectivity, Zpr), which provides information on
particle shape and orientation. A Zpg of 0 dB indicates spherical particles because of equal
backscattered power in each polarization. Snow aggregates yield low Zpg (0-0.6 dB), due to
their spheroidal morphology and tumbling fall behavior. In contrast, pristine ice particles can
yield Zpg of several dB because of their aspect ratios and preferential horizontal orientation
when falling. As Zpy is reflectivity-weighted, heterogenous regions of pristine ice crystals and
snow aggregates are therefore associated with lower Zpg than if the snow aggregates were not
present.

The third observable is the copolar correlation coefficient between horizontally and
vertically backscattered power (pyy), which provides information on the diversity of particle
shape in a radar sample volume (Kumyjian 2013; Keat et al. 2016). pyy is unity in homogenous

regions but tends towards lower values (~0.95) in the presence of heterogenous hydrometeor



types. Finally, the fourth observable is the specific differential phase shift (Kpp), defined as one
half the range derivative of the differential phase shift (¢pp). Kpp provides information on
particle N, aspect ratio, and orientation. Kpp is fundamental to this framework because it is much
more sensitive to pristine ice crystals and is not dampened by the presence of snow aggregates,
unlike Zpr. Compared to the first two observables that have been used in many remote sensing
applications, the measurements of pyy and Kpp are more advanced and their applications remain
to be explored.

We use polarimetric radar data from two field campaigns to accomplish different yet
complementary goals. The first goal is to evaluate our retrieval against in-situ measurements,
using data from the Parameterizing Ice Clouds using Airborne obServationS and triple-frequency
dOppler radar data (PICASSO) field campaign in Chilbolton, UK in 2018-2019. During the
campaign, the National Centre for Atmospheric Science mobile X-band dual-polarization
Doppler weather radar (NCAS NXPol; Neely III et al. 2018) had a 0.98° beam width and was
configured to operate at 150 m range resolution with a maximum range of 150 km. The radar
performed half-hemispheric (0°-90°) fixed-azimuth range-height indicator (RHI) scans at a rate
of 5° s7!, completing each scan in 18 s. Due to data availability, only data from 13 February 2018
are used. Throughout the day, 255 RHI scans were performed and were intercepted by NCAS-
managed Facility for Airborne Atmospheric Measurements (FAAM) aircraft transects along the
243° radial on several occasions, providing a unique opportunity for evaluations.

The second goal is to demonstrate case studies for the evolution of ice microphysical
processes, using polarimetric radar data from the Biogenic Aerosols — Effects on Clouds and
Climate (BAECC) field campaign, an Atmospheric Radiation Measurement (ARM) program

Mobile Facility deployment in Hyytiéld, Finland from January—September 2014 (Petijé et al.



2016). While several radars operated during this campaign, we focus on data from the ARM X-
band scanning cloud radar (XSACR; Kollias et al. 2014), due to the availability of the four
observables mentioned above. In contrast to NXPol, XSACR has a wider beam width of 1.27°
and a shorter maximum range of 25 km. However, XSACR has finer range resolution of 25 m
and faster scan rate of 9° s™!. For further comparison, characteristics of NXPol and XSACR are

summarized in Table 2.1.

Table 2.1 Technical characteristics of the XSACR and NXPol polarimetric radars. For further
specifications and more detailed descriptions of the radar systems, see Kollias et al. (2014) and
Neely II et al. (2018), respectively.

Parameter XSACR NXPol
Center wavelength (mm) 30.81 31.98
Transmit/receive polarization H+V/H+V H+V/H+V
Beamwidth (°) 1.27 0.98
Pulse width (ps) 0.33 1
Scan rate (° s71) 9.8 5
Sensitivity (dBZ) =5 (5 km) —11 (100 km)
Maximum range (km) 25 150
Gate Resolution (m) 25 150

During BAECC, XSACR predominantly performed hemispheric (0°-180°) RHI scans.
The scans largely alternated between fixed-azimuth along-wind (AWRHI) and crosswind scan
configurations. We focus on the XSACR AWRHI scans, because they provide the opportunity to
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document the spatiotemporal evolution of ice microphysical processes in-cloud as the cloud field
advects past the radar site. Over the course of the campaign, approximately 18 scan periods were
performed per day. Each scan period lasted 20-25 minutes and is comprised of 60—70
hemispheric sweeps. These scan periods were often performed back-to-back, yielding 40—50
minutes of continuous AWRHI observations. This combination of high temporal resolution and
sufficiently long observing period is well suited to capture ice microphysical evolution, including
relatively rapid processes such as aggregation and SIP, as well as slower processes like pristine
ice growth via vapor deposition.

All radar data underwent a series of quality checks and corrections before being used for
retrieval. Zy and Zpr were corrected for attenuation due to liquid water, using the ¢ppp method
described in Bringi and Chandrasekar (2005). We ignore attenuation due to ice, because it is
negligible at X-band (Vivekanandan et al. 1999). Systematic biases in Zpgr were identified using
zenith-pointing Zpgr observations. As hydrometeors produce Zpg of 0 dB when viewed at zenith
due to their spherical symmetry (e.g. raindrops) or lack of preferential azimuthal orientation (e.g.
ice particles), any residual Zpg can be treated as bias and removed (Seliga 1981). For NXPol, a
Zpr correction factor of 0.2 dB is used. The two XSACR cases discussed in Section 4.2,
exhibited Zpg biases of 0.66 dB and 0.68 dB, respectively. Finally, once all corrections are
completed, the radar data are smoothed along each ray using a cubic spline approach.

2.2 Complementary data

In addition to the polarimetric radar data, both field campaigns offer additional datasets
for contextualizing our results. The PICASSO field campaign offers about 24 hours of in-situ
aircraft observations, which are used to evaluate our retrievals and better understand the

variability of cloud ice properties on fine spatial scales. Likewise, ground-based aerosol
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observations from BAECC are used in concert with activated ice nucleating particle (INP)
parameterizations to estimate the expected cloud ice N and identify potential SIP events.
2.2.1 In-situ aircraft observations from PICASSO

During PICASSO, FAAM performed multiple transects from Chilbolton to Exeter, UK
(~150 km) and back at varied altitudes above, and within, the melting layer (ML). Figure 2.1
depicts the flight path for the 13 February 2018 flight, which was typical of other flights during

the campaign.

ag
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Figure 2.1. (a) Flight path and (b) altitude (km) on 13 February 2018 between 3:00 UTC and
10:30 UTC. The red dot in a) denotes the location of Chilbolton, UK and NXPol and the red
bracket denotes the approximate path over which retrievals are evaluated in Section 4.1.
Flight-level atmospheric temperature was measured using a deiced Rosemount sensor
(Taylor et al. 2015), while liquid water content (LWC) and total water content (TWC) were
measured using a Nevzorov probe (Korolev et al. 1998). The PSD was measured with multiple
optical array probes, including a Stratton Park Engineering Company Two-Dimension Stereo
(2DS) probe and High-Volume Precipitation Spectrometer (HVPS). The 2DS measures particles
between 5-1285 um with a resolution of 10 um. The HVPS measures larger particles between

75—-19275 um with a resolution of 150 um. All aforementioned in-situ datasets are recorded at 1

s resolution, but are averaged to 5 s intervals to enhance statistical reliability (Protat et al. 2007)
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while ensuring a sufficient number of samples (=30 for this study) for comparison against
retrievals. We focus our analysis on the HVPS observations because the instrument is able to
capture a much larger range of particle sizes than the 2DS, including those that dominate the
radar signal. The PSDs are truncated below 300 um, as HVPS observations below this threshold
are considered unreliable due its 150 pum resolution (Glienke and Mei 2020) and are known to be
influenced by shattered particles with diameters < 500 um (Korolev et al. 2011). We recognize
that the lower HVPS bound of 300 um is insufficient to characterize SIP events and the onset of
primary ice nucleation, both of which are characterized by much smaller pristine ice crystals. As
previously stated, our purpose here is to first evaluate the efficacy of our retrieval framework,
then use the BAECC data to study SIP events and other microphysical processes. Furthermore,
as discussed in Section 4.1, our evaluation focuses on cases with strong polarimetric signal,
which are likely associated with advanced stages of ice growth (i.e. larger pristine ice crystals
and active aggregation). Nonetheless, it will be valuable to combine 2DS and HVPS PSDs in
future evaluation efforts.

Three metrics are chosen to evaluate our retrievals: N (denoted as Np44), q; (denoted as
q1 raam)> and PSD shape. N 44p, 1s obtained by integrating the PSD and has an instrument
uncertainty that is a function of airspeed and sample volume (Gleinke and Mie 2020). For a
nominal airspeed of 100 m s~!, the HVPS sample volume is 310 L s If Np 44y, is 0.5 L

. _ V0.5:310'1 . . .
sampled at 1 s resolution, then the uncertainty goes as T 0.04 L! via Poisson counting

statistics (Gleinke and Mie 2020).
q1 raam 18 calculated by two methods. First, q; a4y 1s derived from the difference
between the TWC (denoted as qr paap) and LWC (denoted as q;, g4p) measured by the

Nevzorov probe. Both qr paan and qy gy Were corrected for changes in aircraft altitude and
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environmental conditions, as in Abel et al. (2014). However, from wind tunnel tests, Korolev et
al. (2013a) demonstrated that Nevzorov-derived q; paap 1s Systematically underestimated when
environmental g, exceeds several g m~, due to pooling water in the TWC probe. Hence, we
include a second method, deriving q; from HVPS PSDs using a set of mass-size relationships
listed in Mason et al. (2018). These relationships, derived from aircraft in-situ and surface
observations, are formulated as:

m = aD? (2.1)
where m is the mass of the particle, D is the particle diameter, and a and b are the pre-factor and
exponent, respectively (see Table 2.2 for coefficients, Figure 2.2 for their variability). g; is then
given as:

q = [, aD’n(D)dD (2.2)
where n is the number concentration at a given particle diameter D.

Finally, the shape of observed and retrieved PSDs are compared. Retrieved pristine ice
and snow aggregate PSDs are merged to the HVPS size bins and compared against HVPS PSDs
using root mean squared error (RMSE) as a metric for agreement. As FAAM observed both ice
and liquid phases during its flights, we define in-cloud samples as having g7 gaap > 0.01 g m>.
Only in-cloud samples will be considered for intercomparison.

In addition to these three metrics, it would be ideal to evaluate the partitioning between
pristine ice and snow aggregates in our retrieval. However, separating two species in in-situ data
is nontrivial and, while such algorithms exist, is beyond the scope of this work. Nevertheless,
these three metrics together enable a holistic assessment of our retrieval and its physical validity.
For example, incorrect partitioning between pristine ice crystals and snow aggregates in our

retrieval will manifest as errors in gq; and PSD shape, even if N is retrieved correctly. Such an
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approach is therefore critical for identifying and diagnosing any biases that may exist in our

retrieval framework.
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Figure 2.2. A plot of pre-factors (a) and exponents (b) in mass-size relationships for various
pristine ice and aggregate habits, adapted from Mason et al. (2018). The red bracket shows the
approximate range of values of a and b used for calculating g; in equation (2.2), which
correspond to relationships highlighted in yellow and listed in Table 2.2. Note that the density
factor () shown in the figure is not used in the study; r was designed to represent the mass-size
relationship in a continuum manner between unrimed and rimed particles.
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Table 2.2. Mass-size relationships (a subset of Figure 2.2; denoted by yellow shading) used to
calculate ice water content from in-situ particle size distributions. Note that the relationships of
stellar and broad branches (in bold) were respectively used to build low density (LD) and high
density (HD) aggregates in the scattering table (see Section 3.2.1).

Habit a (g cm™) b Reference
Stellar 0.00027 1.67 Mitchell (1996)
Hexagonal columns 0.000907 1.74
Broad branches 0.000516 1.80
Sector-like branches 0.00142 2.02
Bullet rosettes 0.00308 2.26
Side planes 0.00419 23
Hexagonal plates 0.00739 2.45
Aggregates 0.0028 2.1
Aggregates 0.0039 1.9 Mace and Benson (2017)
Aggregates of unrimed bullets,  0.00185 1.9 Brown and Francis (1995)

columns, and side-planes

Unrimed dendrites 0.001263 1.912 Erfani and Mitchell (2017)
Not specified 0.007 2.2 Heymsfield et al. (2010)
Not specified 0.01036 2.002 Tiira et al. (2016)

Not specified 0.0053 2.05 Moisseev et al. (2017)
Not specified 0.0046 2.1 von Lerber et al. (2017)

2.2.2 Ground-based aerosol and INP observations at Hyytidld
While in-situ measurements provide a direct comparison for evaluations, we also perform
indirect comparisons, investigating how retrieved pristine ice N compares against the expected
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primary ice N. This approach is also useful for identifying potential regions of secondary ice
production (SIP), a moniker for processes by which pristine ice forms via mechanisms other than
traditional homogenous/heterogenous freezing and rapidly yields orders of magnitude
enhancement in N.

Primary ice N is estimated using two parameterizations of activated INPs. The first
parameterization, described in DeMott et al. (2010), is given as:

Niypp = a(273.16 = T)’(Nger>o.s um)c(273'16_T)+da (2.3)
which requires knowledge of the atmospheric temperature (T') and the number concentration of
aerosol particles with diameters exceeding 0.5 um (Ngers0.5 um) at standard temperature and
pressure (STP). This parameterization was based on INP and aerosol observations from aircraft
and ground-based observational studies and is intended to describe a global average INP
distribution. As such, its generalizability makes it a sound choice for providing a first order
estimation of expected primary ice N. During BAECC, hourly-averaged aerosol size
distributions over the range of 0.5-20 um were available from a ground-based aerodynamic
particle sizer operated by the University of Helsinki since 1996. To be used in equation (2.3), the
measured size bins were converted from aerodynamic diameter to geometric diameter following
Virkkula et al. (2011). Once the predicted number concentration (N;yp) at STP is derived, it

needs to be converted to ambient atmospheric conditions, using

Ninp = Niyp (E)STP (?)' (2.4)

where Njyp p is the final predicted primary ice N and P is the ambient atmospheric pressure.
Values for coefficients a—d used in equation (2.3) can be found in Table 2.3
The second parameterization, proposed by Schneider et al. (2020), was based on year-

long filter-based INP collections (and post-processing via an immersion freezing method) at
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Hyytidld in 2019, making it ideal for evaluating our retrieval. Instead of using aerosol number
concentration, Schneider et al. (2020) incorporated surface temperature (Tsz.) in their
parameterization as a proxy for the seasonal variability of INP concentration in the Hyytidld
boreal forest environment, given as:

Nivps = 0.1exp(aTss. + b)exp(cT + d) (2.5)
where T is the INP activation temperature (strictly valid for 250 to 265 K). In our calculations,
we use the atmospheric temperature as the INP activation temperature. Njyp s must also be

converted from STP to ambient conditions using equation (2.4). Similarly, the coefficient a—d

can be found in Table 2.3.

Table 2.3. Coefficients used in equations (2.3) and (2.5) for ice nucleating particle
parametrizations described in DeMott et al. (2010) and Schneider et al. (2020).

Coefficient
a b c d
DeMott et al. (2010) 0.0000594 3.33 0.0264 0.0033
Schneider et al. (2020)  0.074 + 0.006 —18+2 —0.504 £ 0.005 127+ 1

2.2.3 Bulk properties from empirical relationships

In addition to comparison with INP concentration, we also use bulk N, q;, and D, derived
from empirical relationships described in Ryzhkov et al. (2018) and Murphy et al. (2020). These
relationships are based on similar radar observables (i.e., Zy, Zpr, Kpp) With the additional radar

observable Zpp (Zpp = Zy, — Z,; mm® m™). The relationships are given as:

log N = 0.1Zy — 2log 222 — 1.11 (2.6)

Kpp
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g, ~ 0.004 (KD—M) @2.7)

1-Zg. !
1

Dy = —0.1+2 ( Zpe )E (2.8)

KppAd

where Zy is in units of dBZ, Kpp is in units of ° km™!, Z, is unitless (Zq, = 10%14DPR) and A is
the radar wavelength in mm. N, q;, and D, are given in units of L™}, g m~, and mm, respectively.
Such relationships do not consider the individual contributions from different species, but rather
report a combined, or bulk, value.

Murphy et al. (2020) evaluated this parameterization against collocated in-situ
observations in the trailing stratiform region of a mesoscale convective system over Oklahoma
(Figure 2.3). Limited error statistics were provided in Murphy et al. (2020), but Figure 2.3 shows
that their estimated D and q; tend to be systematically biased low and N scatters significantly
with respect to in-situ measurements. Figure 2.3 also shows that the performance of other
estimates largely depends on the cloud systems that were used to derive the empirical
relationships. For example, the Zy-Dj relationships described in Matrosov et al. (2019) and
Skofronick-Jackson et al. (2019) represent heavy snow cases, explaining the larger estimated D,.
The Zy-q; relationship in Hogan et al. (2006) was based on cirrus clouds, explaining the lower
estimated q;. This highlights the need for a method that can distinguish contributions between
pristine ice and snow aggregates for ice- and mixed-phase clouds, to avoid any intrinsic retrieval

limitations.
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Figure 2.3. Comparisons between in-situ measurements (solid lines) and ice microphysical

Time (UTC)

properties of a) Dy, b) N, and ¢) gq; estimated from a number of empirical relationships. This

figure is taken from Murphy et al. (2020). Properties estimated from Murphy et al. (2020),

Matrosov et al. (2019), Skofronick-Jackson et al. (2019), and Hogan et al. (2006) are denoted by
black, magenta, red and blue dots, respectively.
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CHAPTER 3
Methodology

This section introduces the method by which polarimetric radar data is used to retrieve N,
Dy, and g, of pristine ice and snow aggregates for each radar gate. Details for practical
implementations are given in Section 3.3.2.
3.1 Particle size distribution (PSD)
We approximate the PSD of pristine ice and aggregates by normalized Gamma

distributions, given as (Testud et al., 2001):
Dm
n(Dw) = Nofy (22) (3.1)
where n is the number concentration at a given particle maximum dimension (D), N, is the
normalized number concentration, and D,, is the median volume diameter. Equation (3.1)

uses Dy, because the particles in the scattering database required for modeling radar observables

are described by their discrete maximum dimensions. The function f, is defined as:

Dm) _ 6 G67rw™H Dy\E T Du
Ju (DO) T 3.67%  T(4+p) (DO) exp[ (3:67+ 1) Dy (3-2)

where u is the shape parameter of the PSD; u = 0 corresponds to an exponential distribution.
Following Mason et al. (2018) and Fielding et al. (2015), we assume a constant shape parameter
of u = 2. The retrieval uncertainty introduced by varying u will be discussed in 3.3.2, although a
number of studies have shown that the retrieved ice water content is relatively insensitive to the

choice of shape parameter (Delanoe et al. 2005; Spek and Unal. 2007).
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From the PSD, N and g; can be respectively computed by:

N = ["n(Dy)dDy = Np + N, (3.3)

q = fooo m(Dy)n(Dy)dDy = q1p + qu,a (3.4)
where m is the mass of the particle and the subscripts P and A denote contributions from pristine
ice and snow aggregates, respectively. In practice, the relationship between particle mass and
maximum dimension, and the integration limits in equations (3.3) and (3.4) are dictated by the
scattering database used in the retrieval process, which is discussed next.

3.2 Simulating radar observables
3.2.1 Single scattering properties of ice

To model polarimetric radar observables from the PSD, knowledge of the single
scattering properties of ice particles is required. While many scattering databases of realistically
shaped ice particles at millimeter wavelengths are available, we use Lu et al. (2016) for the
following reasons. Many existing scattering databases assume total random orientation of the
scatterers (e.g., Liu (2008), Hong et al. (2009), Kuo (2016) and Eriksson et al. (2018)). Such
assumption cannot explain polarimetric radar signals which are produced by non-spherical
scatterers exhibiting preferred orientations with respect to the zenith direction. The database of
Brath et al. (2020) assumes scatterers possess arbitrary fixed orientations relative to the zenith
direction, but only includes hexagonal plates and aggregates consisting of hexagonal plates. We
found that the database described in Lu et al. (2016) fits our needs in the current polarimetric
radar study, since it contains all necessary polarimetric scattering data in a large number of fixed
orientations for a wide variety of ice crystal species commonly observed in mixed-phase
temperature regimes. Information on species relevant to this study is given in Table 3.1,

including plates, columns, dendrites, and aggregates. The single scattering properties for each
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species are available for a range of crystal maximum dimensions, thickness ratios, and types. The
maximum dimensions of pristine habits generally begin at ~0.1 mm and do not exceed 6 mm,
whereas the aggregates begin at ~0.4 mm and extend to 18 — 45 mm. This variability in the upper
bound of aggregate maximum dimension is a function of the monomers used to construct the
aggregates. Aggregates comprised of either stellar crystals or needles, both with low density and
high-density configurations, are available in the database. Multiple morphological realizations
per maximum dimension are available for dendrites and aggregates to account for their
complexities.

The scattering calculations were conducted using the generalized multi-particle Mie
method (GMM; Xu, 1995) and the discrete dipole approximation (Yurkin and Hoekstra, 2011).
We used properties calculated from GMM, because the latter is not available for aggregates.
Specifically, we use the amplitude scattering matrix elements in the forward and backward
direction for horizontally and vertically polarized radiation, denoted as S f{ ;lb and Sf{,b where the
superscript and subscript respectively represent the scattering direction and the polarization
status. These elements are tabulated for various azimuth and elevation angles. As the azimuthal
orientation of hydrometeors relative to the radar is random and unknown, these elements are
azimuthally averaged for each ice crystal prior to computing the radar moments. S ,{ ,’lb and Slfl;b
are also linearly interpolated with respect to elevation angles for radar rays. The properties of
dendrites and aggregates with multiple habit realizations per discrete maximum dimension are
also averaged, because the exact morphological characteristics of these particles at any given

time in nature are also unknown.
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Table 3.1. Characteristics of particles included in the scattering database presented in Lu et al.
(2016). The maximum dimensions of the particles in the database are equally spaced in
logarithmic space. The dimensional relationships used to create each particle are given in
Pruppacher and Klett (1997). The mass-size relationship used to define the density of aggregates
in the database is given in Mitchell et al. (1996). For plates and dendrites, h and D are the
thickness and maximum dimension (mm) of the particle, respectively. For columns, d and L are
the maximum dimension (mm) of the basal face and column length, respectively.

. Size range | Type/thickness Dimensional Mass-size
Habit
(mm) ratio** relationship relationship
0.37-41.32 LD-Nle
d = 0.03527L%437
0.60 —16.84 HD-Nle LD: 0.000270D%7
Aggregates | 0.43 —62.91 LD-P1d HD: 0.000516D18°
0.41 —42.51 LDt-P1d h = 0.00996D0%41>
0.41 —40.56 HD-P1d
Dendrites | 0.50 —5.63 0.5
h = 0.009022D%377
(Ple) 0.50 - 5.63 1.0
0.10-2.01 0.5
Plates
0.10-2.54 1.0 h =0.0141D%47* —
(Pla)
0.11-2.51 2.0
Columns | 0.18 —4.17 1.0
d = 0.030487L10°61078
(Nla) 0.19-4.31 2.0

*Abbreviations denote the type of pristine ice crystal and are defined in Pruppacher and Klett
(1997, Figure 2-38). LD and HD refer to low- and high- density aggregate configurations,
respectively. “Thickness ratios are used to expand the range of dimensional relationships used to
construct the pristine crystals.
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3.2.2 Radar equations
From the assumed PSD and the amplitude scattering matrix elements mentioned above,

we compute radar observables for a single sample volume containing multiple ice particle habits,

given as:
Zn = 7t4|1/l |2 Z{ 1f {A|Shhl| + B| vvl| + ZCRG[SthSSUL*]}n(DM)dDM (3.5)
h 7t4|K |2 Z{ 1 f {B|Shhl| + A| vvl| + 2CRe[Shh 15117)17 l*]} n(DM)dDM (3.6)

Zhv = n4|K |2 Z{ 1f { [|Shhl| + | v, ] +A ShhlSII;UL*] + B[ng,isflzh,i*]}n(DM)dDM (37)

Zar =7 (3.8)
_ |Zh,v|
Prv = Tz @72 (3.9)
0.181
Kpp = zf y {CkRe[ i Wl]}n(DM)dDM (3.10)

where A is the radar wavelength. K, is the dielectric factor of water and |K,, |> = 0.93. The
vertical bars represent the magnitude of the terms within, while Re represents the real part of the
complex number and the asterisk indicates its complex conjugate. The index i represents the
species existing in the radar volume, and the index J represents the number of species.
Coefficients 4, B, C, and Cx are included to account for the effects of canting on the polarimetric
radar moments. Following Jung et al. (2010) and Ryzhkov et al. (2011), the canting angle
distributions are assumed to be Gaussian, and their effects can be parameterized using the mean
and standard deviation of the distribution. Supposing that all oblate species fall with their major
axes preferentially oriented in the horizontal plane, the mean canting angle can be set to zero

(Ryzhkov et al. 2011). The width of the canting angle distribution is set to 10° for pristine ice
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crystals and 40° for snow aggregates, similar to Ryzhkov et al. (2011) and Matsui et al. (2019).
All detailed equations and coefficients can be found in Jung et al. (2010).
3.3 The retrieval method
3.3.1 The basis

To combine various radar observables and properly account for their uncertainty, we use
ENCORE-ICE to provide ray-by-ray estimates of ice particle properties. ENCORE has
previously been used to retrieve three-dimensional cloud microphysical properties (Fielding et al.
2014) and one-dimensional cloud and drizzle properties (Fielding et al. 2015). We use the same
framework but have modified a number of key components for ice cloud retrieval (ENCORE-
ICE).

The state vector (i.e., variables to be retrieved) for each ensemble member is defined as:
X = (log Néf:l"'m) ,log Déf;l"'m) ,log Néf:l"'m) ,log Déf:l'"m)) (3.11)
where the superscript i represents the index of the range gate along a ray and, again, subscripts P
and A denote pristine ice and aggregates, respectively. The total number of gates to be retrieved
in said ray is m. Let us use Q members to form an ensemble, i.e.,

X =(xy, ., xq) (3.12)
such that the mean of X represents the best estimate of the state vector, and the spread of the
ensemble members around the mean represents the uncertainty in the best estimate.

To find the best estimate of the state vector given the observations, each ensemble
member is updated iteratively using the iterative Kalman Filter equations (Evensen 1994; Gu and

Oliver 2007), given as:

M = x4 K- h() —e) - (- KH)(c ) G
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where the superscripts j and j + 1 indicate the current and updated iteration, respectively. The
subscript k is the index of the ensemble member. x represents the prior (initial) or background
state of the ensemble member k. The observation vector y is defined by gate-by-gate radar

observables introduced in the previous section:
y = (Z]E[i=1mm)r Zéi;l...m), L(i=1"'m), K]gip=1...m)) (3.14)

where
L = —log(1 — puv) (3.15)
as introduced by Keat et al. (2016) due to its preferential Gaussian nature. Zy and Zpg are in
their logarithmic form in equation (3.14). h(x) represents the forward model with H as its
linearization. K is the Kalman gain and controls how much weight is placed on the observations
compared to the current state. Both K and H can be calculated using the ensemble members,
through:
E, =[x, —X .., xo —X] (3.16)
E, = [h(x;) —hX), ..., h(xy) — h(X)] (3.17)
where the bar represents the mean. Detailed equations can be found in Fielding et al. (2014) and
Chiu et al. (2020). Observational uncertainty, & , is accounted for in each iteration by perturbing
h(x) randomly using a Gaussian distribution with zero mean and standard deviations given in
Table 3.2.
3.3.2 Practical considerations
There are a number of practical considerations for ENCORE-ICE implementation. The
first is the consideration of ice habits. While the scattering database provides three habits for
pristine ice (see Table 3.1), we choose plates as our prescribed habit. This choice is partly based

on the temperature range found in our cases from the PICASSO and BAECC campaigns. As
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shown in Figure 3.1, the mean temperature is —11.4 £+ 6.4°C. 39% of gates for retrieval are in the
range between —10°C and —20°C, in which plates and dendrites are the most likely habit present,
whereas 30% of gates are between —10°C and —5°C, in which columns are the most likely habit
(Magono 1962; Pruppacher and Klett 1997, pp. 44). Since there are slightly more gates between
—10°C and —20°C, plates and dendrites can be a good prescribed choice for our retrieval. Plates
typically have larger backscattering cross sections, and thus Zy, than dendrites (Figure 3.2). If
both species are present in similar concentrations, plates will dominate the radar signal.
Furthermore, when plates and dendrites are possibly of similar size early in their lifespan, their
backscattering cross sections are similar and their radar signals become indistinguishable from
one another, yielding little impact on retrieval solution. These findings, which are consistent with
Spek and Unal (2007), suggest that the habit of plates would be more robust compared to
dendrites. However, considering that the number of gates for retrieval in the range between —
10°C and —5°C is not negligible, the uncertainty in habit still needs to be accounted for. Moving
forward, each retrieval will be rerun with columns and dendrites; the difference in the retrieved
means compared to the runs with plates will be used to quantify the retrieval uncertainty due to

habit choice.
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Figure 3.1. Probability density distribution of atmospheric temperature (°C) for all radar gates
considered in this study, obtained from collocated atmospheric soundings. The vertical dashed

black line denotes the mean of the distribution.

Table 3.2. Estimated observational errors for X-band observables. Adapted from Bringi and
Chandrasekar (2005; 359-375) and Wang and Chandrasekar (2009).

Observable Uncertainty
X-band horizontal reflectivity (Zy) 0.5 dBZ
X-band differential reflectivity (Zpgr) 0.05dB
0.1° km™!

X-band specific differential phase shift (Kpp)

Co-polar correlation coefficient (pyy) recast as L; equation (3.15) 0.1" (unitless)

*Uncertainty is a function of pyy itself. 0.1 is quoted based on pyy = 0.95
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Figure 3.2. Backscattering cross-section (mm?) and Zy (dBZ) of plates and dendrites (1.0x
thickness ratio) at side incidence (0°) for varying particle maximum dimensions given in the
scattering database, with a nominal N = 1 L™!. The spread about a given dendrite maximum
dimension is the result of different dendrite morphologies.

Similarly, the scattering database provides five types of aggregates; two of them were
constructed using ice columns (LD-N1le and HD-N1e), two of them using stellar ice crystals
(LD-P1d and LDt-P1d) and the other one using broad branches (HD-P1d). The aspect ratios of
aggregates in nature are known to vary depending on the pristine habits that comprise them.
Defining an aspect ratio as the ratio of the lengths of the minor axes to the major axes, Garrett et
al. (2015) and Jiang et al. (2017) observed aspect ratios ranging from 0.3 to 0.6 for falling
aggregates at the surface. As shown in Figure 3.3, among the aggregates available in the
scattering database, LDt-P1d and HD-P1d exhibit aspect ratios within the observed range. Since

HD-P1d was built using a mass-size relationship closer to other types of aggregates in Figure 2.2

and Table 2.2, we select HD-P1d as the prescribed choice for retrieval.
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Figure 3.3. Aspect ratios of various aggregate types available in the scattering database as a
function of their maximum dimensions. Aspect ratio is defined as the ratio of the lengths of the
minor axes to the major axes. The grey shading between 0.3 and 0.6 represents the typical range
of snow aggregate aspect ratios observed in nature (Garrett et al. 2015; Jiang et al. 2017).

Table 3.3. The prior and uncertainty used in ENCORE-ICE.

Variable Mean Value Standard deviation

Pristine Ice

Ny (L' mm™) 100 +16%

D, (mm) 0.5 +16%
Aggregate

Ny (L' mm™) 1 +16%

D, (mm) 1.25 +16%

The second consideration is the prior used to generate the first guess for ensemble
members. Using over 70 hours of in-situ aircraft observations from a wide range of field
campaigns spanning diverse cloud and temperature regimes, Delanoe et al. (2014) characterized

the PSDs of ice particles by normalized Gamma distributions (i.e., equation (3.1)), and found
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that Ny ranged between 1 L™ mm™" and 10,000 L' mm™! with a mean 100 L"! mm™!, and D,
ranged between 0.2—0.8 mm with a mean of 0.5 mm for the temperature zone of —10°C to —20°C.
We therefore choose their means for the prior of the pristine ice. Similarly, Tiira et al. (2016)
analyzed surface measurements of ice particle PSDs from the Precipitation Imaging Package
(PIP; Newman et al., 2009) during BAECC. They found that N, ranged from 1 L™! mm™! to

1000 L' mm™ and D, ranged from 0.5 mm to 4 mm. As these were surface based, the measured
PSDs are more representative of the characteristics of snow aggregates. Hence, we use Ny= 1 L™
mm~! and Dy = 1.25 mm as the prior of aggregates. Since the ranges in these is seen to be quite
wide, the uncertainty in our prior should be accordingly assigned to be large. For a sufficiently
wide-spread prior, the information of the prior will get lost effectively during iterations, and the
solutions will better agree with observations. In its current state, our state vector varies by
approximately £20% (as shown in Table 3.3). We recognize that this spread is likely not
sufficient and retrieval performance associated with a wider initial state vector is currently under
investigation.

The third consideration is the assumption in shape parameter u used to formulate PSDs in
equation (3.1). Tiira et al. (2016) derived u values for hydrometeor PSDs observed at the surface
associated with 23 separate snow events during BAECC; they found that u values ranged from —
2 to 6, with a distribution roughly centered at pu = 0 (i.e. exponential). The average percent error
in retrieved N and q; for the aforementioned range of p observed during BAECC is given in
Figure 3.4, with respect to the retrieval using p = 2. Percent error in N is considerable for p <0,
but within 50% for p > 0. Percent error in gq; is much more modest, never exceeding 20% and
typically within 10%. This supports Delanoe et al. (2005) and Spek and Unal (2007), who found

that the choice of p contributes the least to uncertainty in retrieved q;.
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Figure 3.4. Percent error in retrieved N (a) and q; (b) for various assumed p values, with respect

to retrieval using p = 2. Blue lines denote pristine ice, red lines denote snow aggregates, and
black lines the total (not their respective sums). Horizontal dashed black lines denote the 0%

error line.

The fourth consideration is the number of the ensemble members required in ENCORE-
ICE. The number of the ensemble members must be sufficient to suppress spurious correlations
in the state vector. Here, we define sufficient as greater than or equal to the size of the state for
the ensemble retrieval method. For a nominal cloud layer of 3 km with a sample resolution of 30
m, this corresponds to 100 gates along a ray and thus a size of 100 (number of gates) x 4
(number of state variables) of the state vector. This then requires at least 400 ensemble members
for each ray. In our retrieval, we use 500 ensemble members for each ray to meet this
requirement and account for rays that contain more than 100 retrievable gates. Additionally, we
stop the iteration process after the 10" iteration, because the value of the cost function does not

change significantly afterwards.
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Finally, to ensure that gates are associated with good quality and sufficient information

for our method, we exclude gates that exhibit one or more of the following:

Gates within 500 m of the 0°C level, to avoid contamination from liquid or multi-phase
(i.e. melting) hydrometeors in the radar sample volume because our state vector is not
designed for that.

Gates where pyy exceeds 1.0, because these values are unphysical.

Gates with a signal-to-noise ratio (SNR) less than 25 dB, because of a lack of detectable
hydrometeors. This threshold was chosen because the precipitating region and its
surrounding area typically have SNR values in excess of 30—40 dB.

Radar rays with elevation angles greater than 50°, because Zpg tends towards 0 dB at
higher elevation angles and polarimetric information becomes ambiguous.

Gates with Zpg below 0.25 dB, regardless of their elevation angles, because the relative
contributions of pristine ice and aggregates become ambiguous at lower values, as
indicated in Keat and Westbrook (2015; Figure 3).

Gates with negative Kpp, indicative of conical graupel (Aydin and Seliga 1984) or the
vertical reorientation of pristine ice crystals in the presence of thunderstorm electric
fields (Hubbert et al. 2014). Since the state vector only includes pristine ice and

aggregates, we exclude such gates as well.
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CHAPTER 4

Results

4.1 Retrieval evaluation using PICASSO data

The case of 13 February 2018 from the PICASSO campaign was characterized by periods
of stratiform precipitation with embedded convective features, associated with a frontal passage.
The 0°C level was located 600 m above ground level (AGL), as indicated by the 7:00 UTC
sounding from Larkhill, UK (~35 km west of Chilbolton). Cloud top temperature was
approximately —30°C to —35°C, implying that the observed ice formation and growth pathways
were dominated by heterogenous processes. FAAM completed roughly eight legs between 5:00
UTC and 10:00 UTC. The distributions of in-cloud Ng44p and q; paap for this flight are
presented in Figure 4.1.

We consider in-situ observations and radar gates are collocated if their distance is within
20 km in the horizontal and 1 km in the vertical, and their sample times are within 15 min, based
on a nominal wind speed of 10 m s~!. As demonstrated by the black polygon in Figure 4.2, such
criteria, coupled with thresholds on the polarimetric variables, help to locate regions of interest
for retrieval and evaluation. To ensure meaningful statistics, we further require that each ray
contains at least 10 gates, and that each region of interest contains at least three viable rays. Note
that radar gates within 150 m of FAAM are eliminated to avoid retrieval contamination by the

aircraft.

35



a)

(72}
Q.
[0]
»
(0]
£
= -1
s Neaam (L77)
% 255 50 7.5 10.0 125 15.0
) i
v 1000 11 b)
5 kI
3 L
-g [
£ Lo HVPS
z : : mmm Nevzorov
o
i

Qi raam (@ m=3)

0
00 01 02 03 04 05 06 0.7 0.8

Figure 4.1. (a) Distribution of Ng44,, (L") for the flight period 5:00 UTC — 10:00 UTC on 13
February 2018. The vertical dashed red line denotes the mean of the distribution. (b) Same as (a),
but for q; paam (g m™). The blue distribution denotes the median q; gg4p derived from HVPS
PSDs using various mass-size relationships in Table 2.2. The grey distribution denotes q; raam
from the Nevzorov probe. The vertical dashed blue and grey lines denote the means of similarly
colored distributions.
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Figure 4.2. Height-distance plots of observed (a) Zy, (b) Zpg, (¢) Kpp and (d) pyy from the RHI
scan at 8:37:25 UTC on 13 February 2018 during the PICASSO field campaign. The red dashed

line denotes the 0°C level, while the black dashed line denotes the approximate flight altitude of
FAAM during the scan. The black polygon denotes the region that matches the criteria of
collocations with FAAM observations and thus is used for retrieval evaluations.

The aforementioned collocation procedure yields 11 cases for evaluation against in-situ
observations (Figure 4.3). These cases are comprised of enhanced and spatially homogenous
polarimetric signal indicative of the presence of pristine ice crystals (Zpgr > 0.25 dB, Kpp > 0.1 °
km™). Figure 4.3(b) depicts that the 25, 50" and 75™ percentiles of ENCORE-ICE retrieved N
often encompass observed N 44y for the same or adjacent time periods. Absolute retrieval errors
in N are on the order of 16—-160%, with only one case exceeding 200% absolute error. Large
disagreement between “neighboring” radar scans is likely a function of shifted retrieval regions

as dictated by FAAM’s change in location in between said scans (~20 s). Figure 4.3(c) shows
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that the 25", 50" and 75" percentiles of ENCORE-ICE retrieved q; frequently fall within the
spread in HVPS-derived q; paapm- Absolute retrieval errors in g, exhibit greater variability than
that of N and are on the order of 49-500%. Retrieval discrepancies may partially be due to

sampling issues, since
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Figure 4.3. Time series of (a) flight altitude (black), temperature (red); observed (black) and
retrieved (b) total ice number concentration, and (c) ice water content. Grey shading in (b)
denotes instrument uncertainty, while blue shading in (c) denotes uncertainty estimated and
bounded by applying various mass-size relationships in Table 2.2 to particle size distributions
from HVPS. Retrieval from ENCORE-ICE and Murphy et al. (2020) are denoted by red and
black dots, respectively. The dots represent the median of retrieval from all collocated gates, and
the vertical bars denote the range between the 25" and 75™ percentiles.

the observed N and q; fluctuate substantially and often vary by an order of magnitude in the span
of 10 min.
As a result of this considerable fluctuation and necessarily relaxed collocation thresholds,

it is advantageous to compare the distributions of retrieved N and gq; for all gates considered

against the distributions of Ngs4p and q; pgapm for the time period in question (~7:00-9:00 UTC).
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Figures 4.4 and 4.5, respectively, depict these distributions as well as that from Murphy et al.

(2020) for the same radar rays used in ENCORE-ICE. For all cases considered, the 25", 50, and

102_
T
T

101
_ T
|
= 100_E
= E

10_1-5 J_

1072 T

In-situ ENCORE-ICE Murphy et al.
(2020)

Figure 4.4. Distributions of Ng 44 (grey) for 7:00-9:00 UTC and ENCORE-ICE (red) and
Murphy et al. (2020) (black) retrieved N for the 11 cases shown in Figure 4.3.
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Figure 4.5. Distributions of Nevzorov (grey) and HVPS-derived (light blue) q; paap for 7:00—
9:00 UTC and ENCORE-ICE (red) and Murphy et al. (2020) (black) retrieved q; for the 11 cases

shown in Figure 4.3.

75" percentiles of ENCORE-ICE retrieved N are 1.3 L', 8.1 L', and 15.1 L™, respectively.
Between 7:00-9:00 UTC, the 25", 50, and 75" percentiles of Ng 44 are 0.8 L', 2.0 L', and
3.9 L1, respectively. While we generally overestimate N relative to Np4 4y, there is considerable

overlap between the two distributions, as seen in Figure 4.4. Murphy et al. (2020) similarly
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overestimates N, but its distribution exhibits considerably less overlap relative to Ng44p-
Similarly, the 25, 50, and 75™ percentiles of ENCORE-ICE retrieved q; are 0.04 gm™,0.22 g
m, and 0.56 g m™3, respectively. For Nevzorov q; paam, they are 0.04 g m=, 0.09 g m~, and
0.19 g m3, respectively. We observe better overlap between ENCORE-ICE retrieved and
observed distributions of q;, with Murphy et al. (2020) exhibiting no overlap and having a
median g, that is approximately an order of magnitude larger than the observed median from
either q; paay sources. The overestimation in retrieved N and q; from ENCORE-ICE and
Murphy et al. (2020) can also be partially attributed to the aforementioned polarimetric

thresholds applied for case selection.
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Figure 4.6. Median retrieved particle size distributions for the 8:37:25 case in Figure 4.3 and
denoted in Figure 4.2. Blue denotes that of pristine ice, red denotes that of aggregates, and solid
black denotes the total particle size distribution. Dashed black denotes the mean in-situ particle
size distribution for collocated timesteps. Grey shading about the dashed and solid black lines
denotes one standard deviation of the total retrieved and in-situ distributions.

As previously stated, we compare retrieved PSDs against their in-situ counterparts in an

effort to diagnose these discrepancies. Figure 4.6 depicts the median retrieved PSDs for pristine

40



ice and aggregates, as well as the total retrieved PSD for the case at 8:37:25 UTC. The observed
PSD appears to be modestly bimodal, with a secondary peak in number concentration at ~3 mm.
Such PSD behavior is frequently observed in midlatitude stratiform ice clouds (e.g. Field et al.
2005) and is typically attributed to snow aggregation (Westbrook 2004a,b). In retrieving
independent size distributions for pristine ice and aggregates, we are able to capture such
bimodality if and when it exists. Figure 4.6 demonstrates this, as indicated by the parralel nature
between the observed and retrieved total PSDs. However, it is apparent that we overestimate
aggregate N in this case, as our retrieved total PSD is shifted ~0.5—-1 order of magnitude at each
size bin. This finding helps to explain our modest positive bias in N (~17%) and q; (~79%)
relative to FAAM observations for this case. Further investigation is necessary to determine
whether this aggregate overestimation is systematic and if there are ways to constrain it.

While direct collocation is preferred, concessions were necessary to ensure a sufficient
number of data points per case for evaluation with the limited data available. Further efforts
towards validation using data where deliberate radar-aircraft collocation was attempted would
enhance confidence in these results. Based on the degree of variability evident in the in-situ data
(Figure 4.3(b,c)), direct comparisons of statistical values (i.e. mean/median) across such large
spatiotemporal windows may compound the errors outlined above. Interestingly enough, if our
retrievals are shifted ~10-15 minutes in time (within the previously defined temporal collocation
threshold), the agreement between in-situ (and Murphy et al. 2020), is considerably better in
some cases. It is possible that, while the in-situ timesteps fall within our collocation thresholds,
that FAAM did not actually sample the microphysical environment responsible for the
polarimetric signatures present in our identified cases until later in time, leading to such a time

lag.
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4.2 Spatiotemporal evolution of cloud ice number concentration using BAECC data
4.2.1 19 August 2014

The atmospheric environment of 19 August 2014 from the BAECC campaign can be
described as post-frontal, with isolated precipitation between 0:00 UTC and 12:00 UTC with
precipitation rates of ~5-10 mm hr!. The 0°C level was located 2160 m AGL and cloud top
temperature ranged from approximately —38°C to —15°C. This case differs from the PICASSO
case discussed in Section 4.1 because embedded convective features are more apparent and the
precipitation echo tops extend 1-3 km higher, varying considerably and implying stronger
vertical motion. Figure 4.7 depicts the evolution of the precipitation field from 0:00 UTC to
12:00 UTC, as observed by the Ka-band zenith-pointing radar (KAZR) and the collocated
weighing bucket rain gauge. We will first discuss retrieval results from a snapshot (~4:34:20
UTC) during the scan denoted by the red horizontal bar in Figure 4.7. This case directly follows

the period of strongest precipitation, after which the cloud top height has decreased from ~7.5

km to ~5 km.
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Figure 4.7. Time—height plots of observed (a) attenuated Z from the ARM vertically pointing
radar at 37 GHz and (b) precipitation rate (mm hr') from rain gauge on 19 August 2014. The
horizontal black bars in (a) represent the time period of XSACR along-wind RHI scans
throughout the day. The red horizontal bar denotes the scan for case studies in Section 4.2.1.
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Figure 4.8 depicts the scan for the time period directly proceeding the relatively heavy
precipitation and during what appears to be the temporary decay of the cloud field. The
hydrometeor classification for this scan using a radar-based fuzzy logic scheme based on
hydrometeor scattering calculations (Dolan et al. 2013) is shown in Figure 4.9, while the
horizontally-averaged vertical profiles of radar observables for the region of interest (denoted by
the black polygon) is shown in Figure 4.10. As shown in Figure 4.8, this scan encompasses a
widespread region of collocated Zpg > 1 dB, Kpp > 0.5 ° km™! and depressed pyy, indicative of
the potential that pristine ice is embedded in snow aggregates. This is the main reason why we

select this scan to illustrate retrieval performance.
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Figure 4.8. Range-height scans of observed (a) Zy, (b) Zpr, (¢) Kpp, and (d) pyy at 4:13:39
UTC on 19 August 2014 during the BAECC field campaign. The red dashed line denotes the 0°C
level and the black polygon denotes the region for retrieval.
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Figure 4.9. Range-height plot of most likely hydrometeor types indicated by a radar-based
fuzzy logic hydrometeor classification scheme (Dolan et al. 2013). The red dashed line denotes
the 0°C level and the black polygon denotes the region for retrieval. Green shading denotes
regions of pristine ice whereas red shading denotes regions of snow aggregates.
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Figure 4.10. Vertical profiles of observed and retrieved (i.e. simulated by our forward model)

(a) Zy, (b) Zpg, (c) Kpp, and (d) pyy, averaged from radar gates that were linearly interpolated to
a 50 m x 50 m x 50 m grid in the region denoted in Figure 4.8. Grey shading and purple shading

are bounded by their 25" and 75" percentiles. Black dashed lines denote the temperature levels
of -5 and —10°C.

Near cloud top (~4.5 km AGL) in this region, Figure 4.9 indicates pristine ice as the
likely dominant hydrometeor type. Recall that pristine ice particles can yield Zpg of several dB
because of their aspect ratios and preferential horizontal orientation. Thus, the peak of Zpy at
~4.5 km AGL in Figure 4.10 is consistent with the hydrometeor type suggested in Figure 4.9.
Additionally, the Zpg peak is in a temperature zone between —12°C and —15°C, known as the

dendritic growth zone, where pristine ice growth is thermodynamically maximized, supporting
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the presence of pristine ice in this region. In contrast, from cloud top down to just above the
melting layer (~2.5 km), Zy and pyy both increase while Zpg decreases in Figure 4.10,
suggesting a transition in the dominant hydrometeor type from pristine ice to aggregates, as
shown in Figure 4.9. This type of vertical structure with pristine ice growth aloft and aggregation
below has been observed in many studies (e.g., Kennedy and Rutledge 2011; Andric et al. 2013;
Bechini et al. 2013; Kumjian et al. 2014; Oue et al. 2015), indicating the representativeness of
our selected case for ice- and mixed phase clouds.

To evaluate our retrieval, we first examine whether the forward-modeled radar
observables agree with the observations. Figure 4.10 shows that the mean modeled profiles of Zy
and Zpg generally fall within the observational uncertainty, indicating that forward models for
these variables work properly and retrievals are reasonable. Importantly, the observed and
modeled mean profiles have similar variations with respect to height. However, the agreement in
Kpp and pyy profiles is less satisfactory and shows systematic high and low biases, respectively,
in the cloud layer between —5 and —10°C. The bias in pyy would suggest that we overestimate
the degree of the heterogeneity in radar sample volumes, meaning that we either overestimate
pristine ice contributions in an aggregate-dominant region, or overestimate aggregate
contributions in a pristine ice dominant region. The modest positive bias in Kpp would support
the overestimation of pristine ice contributions in an aggregate-dominant region. If the opposite
was the case (i.e. an overestimation of aggregate contributions), then the agreement in Zy and
Zpgr would be considerably worse, as these variables are much more sensitive to aggregates than
pristine ice, owing to their larger sizes. However, it is also true that observing and modeling pyy
are both challenging, and that finer instrument calibration issues could contribute to this error.

The observed errors in pyy are on the order of the observational uncertainty given in Table 3.2.
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As such, reconciling this disagreement and potential bias would require improvement in
instrument calibration and scattering database, which is out of the scope of the study. While
systematic disagreement between observed and simulated pyy is worthy of concern, we have
found that the inclusion of pyy as part of the observation vector remains crucial, and retrieval

skill does not seem to degrade because of the potential bias in pyy.
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Figure 4.11. Same as Figure 4.10, but for ENCORE-ICE-retrieved (a) Ny, (b) Dy, (c) N, and (d)

q:- Solid blue and red lines denote retrievals for pristine ice and snow aggregates, respectively,
with shading in their own color is bounded by the 25% and 75™ percentiles of profiles.

Figure 4.11 shows the horizontally-averaged vertical profile of pristine ice and aggregates
retrieved from ENCORE-ICE. As expected, Figures 4.11(c,d) indicate that the total number
concentration N is dominated by pristine ice, while in contrast, the total ice water content q; is
dominated by aggregates. The pristine ice number concentration (Np) is ~4 L™!, approximately
4.5 times larger than that of aggregate (N, ). DeMott et al. (2010) predicts an activated INP, or
potential pristine ice, number concentration of 0.002—0.27 L~! whereas Schneider et al. (2020)
predicts 0.0001-0.05 L1, with the upper/lower bounds of these ranges corresponding to the

coldest/warmest temperatures in the region of interest. Np remains relatively constant up to ~4.25
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km, where it then increases rapidly with height afterwards. Pristine ice is likely nucleating
around cloud top at temperatures near —15°C, as indicated by the maxima in Np. These are likely
young pristine ice crystals with smaller maximum dimensions, as Dg p tends to be small and
peaks near ~3.8 km with median volume diameter of 1.75 mm and coincident peak in ice water
content. This would imply that these crystals are growing as they fall. The number concentration
of aggregates (N,), ranging between 0.5 L™! to 1.0 L', shows a modest decrease with height, as
expected. Clearly, the size of aggregates generally increases from ~5 mm to ~10 mm from the
pristine-dominant region towards the ML, determining the shape of the vertical profile of q; 4
and supporting the notion that aggregation is occurring at temperatures warmer than —12°C to —
10°C.

While the shape of the vertical profiles are in agreement, we observe a modest, consistent
overestimation of N and underestimation of q; (Figures 4.12(a,b), respectively), relative to what
is expected from Murphy et al. (2020). These findings provide further evidence that we may be
modestly overestimating pristine ice at the expense of aggregates for this case, as pristine ice is
expected to be the dominant control on fluctuations in N, while aggregates would be the
dominant control on q; even in low concentrations. Retrieved pristine ice and aggregate D,
straddle that from Murphy et al. (2020) (Figure 4.12c). This is to be expected, as we are
comparing D, of independent PSDs (pristine ice skewed towards smaller sizes, aggregates
towards larger) against a bulk D,. If one was to combine independent pristine ice and aggregate
PSDs, it is likely that the resultant retrieved bulk D, would fall between the D, of respective
independent PSDs. In light of the disagreement in forward-modeled Kpp, potential

overestimation of pristine ice N, and comparison against expected values from DeMott et al.
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(2010) and Schneider et al. (2020), we elect not to hypothesize whether SIP may have been

active during this case.
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Figure 4.12. Same as Figure 4.11, but estimates from empirical relationships described in
Murphy et al. (2020) are co-plotted. (a) N, (b) q;, and (c) D,. Black dashed lines denote
estimates from Murphy et al. (2020). Black solid lines in (a) and (b) denote ENCORE-ICE-
retrieved total N and g; (i.e. the sum of pristine ice and aggregates). Retrieved D, of pristine ice
and aggregates in (c) are denoted respectively by blue and red lines. Shading in their own color is
bounded by the 25% and 75™ percentiles of profiles.

4.2.2 18 August 2014

Unlike the previous case that is characterized by intermediate Kpp values (approx.. 0.3—
0.6° km™), the case on 18 August 2014 is associated with moderately enhanced Kpp (> 1.0 km™!
at times), implying the presence of pristine ice crystals in larger concentrations. This allows us to
examine the sensitivity of our retrieval to such enhancements and speculate whether SIP has
occurred. That is, whether the corresponding pristine ice number concentration exceeds the
predicted primary ice N by orders of magnitude. As this case is a day before the previous case, a

frontal system was passing through the site. Comparison of the two days also provides an
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opportunity to further examine the predominant ice microphysical characteristics of frontal and
post-frontal cloud systems. Radiosondes launched at Hyytidld indicate backing winds with height
and subsequent cold air advection associated with the frontal passage. Between 0520 UTC and
2321 UTC, the 0°C level lowered from ~2.5 km to ~2.3 km and the —15°C level lowered from
~5.1 km to ~4.7 km. Similar to Figure 4.7, Figure 4.13 depicts the evolution of the precipitation
field over the course of the day, as observed by KAZR and rain gauge. Compared to 19 August
2014, the current case has more persistent precipitation with a mixture of moderate and heavy
precipitation rates. For this case, cloud top temperatures were similarly as low as approximately

—38°C, but were generally colder, typically near —25°C.
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Figure 4.13. Same as in Figure 4.7, but for 18 August 2014. The red horizontal bar in (a) denotes
the 11:54:29 UTC XSACR along-wind RHI scan discussed in Section 4.2.2.

Figure 4.14 depicts the polarimetric observables for the scan at ~12 UTC. Contrary to
Figure 4.8 discussed in Section 4.2.1, cloud top extends an additional 2-2.5 km vertically and is
subsequently associated with lower temperatures (< —25°C). As indicated in Figure 4.16, this
case has generally similar Zy and pyy, but higher Kpp. Specifically, we can see that Kpp can be

larger than the previous case by a factor of 2, as indicated by its distribution’s longer positive tail
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in Figure 4.15. The lower cloud top temperature and higher Kpp associated with this period

support the possibility of higher pristine ice N.
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Figure 4.14. As in Figure 4.8, but for the 18 August 2014 11:54:29 RHI scan.
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Figure 4.15. Distribution of K, for the respective regions of interest denoted in Figures 4.8
(grey) and 4.14 (blue).
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Figure 4.16. As in Figure 4.10, but for the 18 August 2014 11:54:29 RHI scan.
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Figure 4.17. As in Figure 4.11, but for the 18 August 2014 11:54:29 RHI scan.
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Figure 4.16 depicts better agreement between forward-modeled observables in both the
mean profile shape and horizontal variability than in the previous case. There is particular
improvement in Kpp relative to the previous case, but errors in pyy persist. However, these
errors are again on the order of uncertainty in pyy throughout the majority of the column. We see
considerable divergence in pyy near cloud top when Zy drops below ~10 dBZ. Such precipitous
drop off in pyy near cloud top has been identified before (Keat and Westbrook 2017) and is a
manifestation of degraded radar signal quality due to sparse hydrometeor populations. As such,
this feature is likely not physical and our inability to model it is not of concern. Nonetheless,
such features can (and will need to be) corrected in order to retrieve microphysical properties
near cloud top moving forward.

The combination of better agreement in Kpp and good agreement in Zpg for this case
should imply greater confidence in our retrieved pristine ice N. As seen in Figure 4.17, retrieved
pristine ice N is between 10-30 L~! and pristine ice g, is between 0.06-0.2 g m™ through the
depth of the column, but drop off considerably towards cloud top. Between —5°C and —15°C,
retrieved pristine ice N for this case is ~2—3 times the retrieved pristine ice N presented in
Section 4.2.1 for the same temperature range. This difference may be even higher, considering
the potential overestimation of pristine ice N in Section 4.2.1. Figure 4.18 indicates that, for this
temperature range, DeMott et al. (2010) predicts an activated INP, or potential pristine ice,

number concentration of 0.097-0.37 L~! whereas Schneider et al. (2020) predicts 0.006-0.07 L.
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Figure 4.18. As in Figure 4.17c¢, with expected primary ice number concentration from DeMott
et al. (2010) and Schneider et al. (2020) coplotted in solid black and dashed black, respectively.

Taking DeMott et al. (2010) as the conservative (i.e. larger) value, this would correspond to a
retrieved enhancement in pristine ice N of at least ~1-3 orders of magnitude relative to what is
expected via primary ice nucleation. It is worth noting that our retrieved pristine ice N agrees
quite well with expected values near cloud top. Prior to making assertions about SIP lower in the
cloud, it is necessary to eliminate alternative sources for this enhanced pristine ice N, such as
seeding from near cloud top (e.g. Moisseev et al. 2015). The hydrometeors near cloud top do not
appear to be sedimenting, as indicated by near 0 m s~! vertical velocities observed by KAZR near
cloud top during this time period. In this context and based upon the traditionally accepted
definition of SIP, this region may be undergoing SIP. We have higher confidence in this
assessment of SIP based upon the better agreement between the observed and forward-modeled
variables compared to the previously discussed case. These results are encouraging, as it
demonstrates the retrieval framework’s sensitivity to Kpp, ability to identify regions of enhanced
pristine ice N, and thus its utility for establishing climatologies of pristine ice N and in the

surveillance of SIP events. Furthermore, good agreement with expected values near cloud top
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imply that the retrieval framework could be useful for evaluating aerosol-based primary ice N
parameterizations and improving the understanding of aerosol controls on ice phase
microphysics.
4.2.3 Example of time series

As mentioned in Chapter 2, one of the unique aspects of the BAECC campaign is the
availability of consistent along-wind radar scans, which allows us to study pristine ice number
concentration in a Lagrangian sense. Following the confidence gained in the previous case
studies, Figure 4.19(a) shows a time series of retrieved Np associated with the case in Section
4.2.2, where SIP is hypothesized to have occurred. Predicted primary ice number concentrations
for investigating the temporal variation of Np is also plotted to assist in this investigation. The
retrieved Np ranges between ~3—100 L~!, with a mean and standard deviation of 12.7 and 1.1 L,
respectively. Compared to N, that has a mean and standard deviation of 1.0 and 0.1 L,
respectively, Np is typically 10 times larger than N,. The range and variation of Np in Figure
4.19(a) are larger than those observed by in-situ measurements (2.6 + 2.1 L) during the
PICASSO campaign (Figure 4.1), and those (040 L) by in-situ measurements reported in
Murphy et al. (2020) for the trailing stratiform region of a mesoscale convective system (Figure

2.3(a)).
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Figure 4.19. Time series of mean (a) N, (b) q;, and (c) D, between —5°C and —20°C for the 18
August 2014 11:54:29 RHI scan. Blue lines denote pristine ice and red lines denote aggregates,
with vertical bars representing one standard deviation. Grey shading in (a) denotes the upper and
lower bounds of predicted N using DeMott et al. (2010) and Schneider et al. (2020) for —10°C, —
15°C, and —20°C. The darker grey shading denotes overlap between the upper bound at —10°C
and lower bound at —15°C.

As discussed in Section 2.2.2, the predicted primary ice number concentration is highly
dependent on the ambient temperature. Since the radar gates span a temperature zone from —5 to
—20°C, we calculate the predicted primary ice number concentrations Nyyp from DeMott et al.
(2010) and Schneider et al. (2020) for —5°C, —10°C, —15°C, and —20°C and compare against the
values in Figure 4.19(a). Predicted Njyp for —5°C is order 1073 L™! and not plotted. Taking the
conservative (i.e. largest) prediction from a temperature of —20°C, Figure 4.19(a) shows that
retrieved Np is nearly always at least 0.5 orders of magnitude greater than predicted Nyyp and
frequently exceeds 1-2 orders of magnitude in excess predicted Njyp. If we define that an SIP
event as Np of at least 100 times larger then it is difficult to confidently say SIP is occurring.

However, if we consider predicted Njyp at a temperature of —15°C, the temperature regime
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associated with frozen drop mechanisms (Phillips et al. 2018) of SIP, it can be said with
reasonable confidence that SIP is occurring more often than not, due to the persistently elevated
retrieved Np. However, further investigation is necessary to confirm this hypothesis.

Figures 4.19(b,c) show the evolution of q;, and D, respectively. The mean aggregate D,
of ~4—8 mm is consistent with the range reported in literature (e.g., Tiira et al. 2016) and is
generally larger than pristine ice by a factor of 7. Similar to results of the case studies, even
though aggregates have much smaller number concentrations, their large sizes lead to dominance
in total q;, as shown in Figure 4.19(b). Note that all retrieved properties demonstrate variability
from timestep to timestep. Such variations are unlikely real and require further investigation to
identify the responsible sources. To create such time series, a box that advects with the mean
wind field is used to define the retrieval region at each timestep. To reduce computational cost,
the 10 “strongest” polarimetric signatures (dictated by Zpg and Kpp) within this region for each
timestep are retrieved. The relatively small number of gates (500-1000), coupled with these
“jumps” from ray to ray, may explain this variability.

Interestingly, a significant peak in aggregate D, and q; occurs around ~12:07 UTC,
which is near the time period of enhanced surface precipitation rates (Figure 4.13(b)). This peak
is preceded by several timesteps of consistent increase, which may imply that there are physical
mechanisms responsible, rather than purely internal variability in the retrieval. Nonetheless, it is
possible that we are observing an isolated signature of enhanced aggregation aloft correlated
with stronger surface precipitation rates. However, further analysis is required to identify
potential time lags based on the radar signature’s location relative to the surface rain gauge and

prevailing wind field.
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In short, while the relative enhancement in ice number concentration from this scan
period is sensitive to the temperature zone considered, the comparison with the predicted primary
ice number concentration suggests some multiplication processes may be present at temperatures
warmer than —15°C. More detailed retrieval partitioning and knowledge of the cloud evolution is
necessary to make additional conclusions on the validity of our SIP claims. Furthermore, while
the preeminent goal is the documentation of pristine ice microphysical evolution, the
identification of potential enhanced aggregation aloft indicates that we may be able to link

microphysical processes to surface precipitation evolution (an unforeseen positive outcome).
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CHAPTER 5

Summary, Conclusions, and Future Work

5.1 Summary and conclusions

Clouds are dominant controls on global precipitation distribution and radiative balance.
Clouds containing ice are of particular importance, because they are responsible for the majority
of precipitation globally and their optical, and thus radiative, properties are unique relative to
liquid clouds. Over the past 30 years, observations and retrievals of liquid clouds have
experienced a renascence. While progress has been made in the realm of ice and mixed-phase
clouds, it lags considerably, due to the inherent complexity of ice microphysical processes and
their outcomes. As such, novel platforms for surveilling these clouds and retrieving relevant
microphysical parameters are of great importance for improving our understanding of the
processes at work and thus better informing their representation in microphysics
parameterizations.

Here, we contribute to filling this gap by developing a framework for simultaneously
retrieving microphysical properties of pristine ice and snow aggregates using polarimetric radar
data. By extension, their individual contributions to the bulk cloud ice number concentration and
ice water content can be obtained. Based on limited evaluation using the PICASSO data, we
demonstrate that our retrieval is superior to the existing method that estimates ice number
concentration from empirical relationships. The two-hour PICASSO flight used in evaluations
show great variations in both ice water content (0.01-1 g m™) and ice number concentration

(0.1-10 LY). The median retrieved ice water content of 0.22 g m™ falls well within the observed
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range, while the median retrieved ice number concentration of 8.1 L~! is on the higher end of the
observed distribution. For comparison, the existing method (Murphy et al. (2020)) has yielded
ice water content of 2.3 g m™ and ice number concentration of 13.4 L~!. The results for the
presented PICASSO cases suggest that we may overestimate aggregate contributions to number
concentration, leading to overestimation in ice water content.

Compared to PICASSO, radar data from BAECC tend to have higher polarimetric signal
and are less noisy. Capitalizing on good quality data, we were able to characterize the
instantaneous vertical structure of ice microphysical properties at temperatures colder than —5°C
and quantitatively linking them to observed polarimetric “fingerprints” associated with common
ice microphysical processes such as pristine ice nucleation, aggregation, and potentially
secondary ice production. Our results confirm that the ice water content is mainly dictated by
aggregates, while the ice number concentration is mainly modulated by pristine ice. For the
BAECC cases, retrieved ice number concentration tends to be higher than that found in the
PICASSO campaign, while the average ice water content from two campaigns are rather similar
(~0.5 g m>). Retrieved ice number concentration is generally well above the predicted primary
ice number concentration using ambient temperatures >= —15°C, indicating that SIP processes
may be at play, but further analysis is warranted to increase our confidence in this assertion.

5.2 Future work

Future work falls under two umbrellas: improving the retrieval and applying it to a
greater wealth of data for discovering robust statistics on secondary ice productions events.

While our retrieval appears to be physically reasonable and outperforms the existing
method in comparison with in-situ measurements, the difference between the observed and

retrieved ice number concentrations remains large and not ideal. Though the difference can
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partly be attributed to the sampling issue considering the closest distance of 5 km between radar
gate and FAAM aircraft and our focus on cases with enhanced polarimetric signatures, further
evaluation and improvement is needed. First, data quality of in-situ measurements requires
further clarification from the data provider, because ice water content in the recent version has
been reduced significantly, and there is no documentation yet to explain what justification such a
reduction is based on. Second, collocated data points exist at other timesteps and will be
examined carefully. If the retrieved ice number concentration remains systematically higher as
shown in Section 4.1, we plan to examine if any further constraints in the prior are needed. The
potential constraints include 1) a pre-defined vertical profile in particle size that uses radar
observables as the foundation of the first guess and 2) applied smoothness in the state vector
vertical profiles that is representative of what is observed in nature. However, care must be taken
in 1), as introducing such correlations requires more advanced retrieval equations. We also
intend to rigorously test the sensitivity of our retrieval to the choice of prior and spread in our
initial state. It is rather important to reduce the high bias in pristine ice number concentration,
because this microphysical property is the key variable used to identify SIP events.

As alluded to previously, the preeminent goal of this work is to use the new retrieval
method to identify SIP events, document their spatiotemporal evolution, and evaluate their
impact on the larger cloud structure and precipitation properties at the surface. To do so first
requires a climatological characterization of ice microphysical properties, particularly pristine ice
number concentration, across the entire BAECC campaign. In doing so, SIP events can be
identified through the deviation of pristine ice number concentration from this climatology. Once
SIP events are identified, their latent atmospheric environments can be examined to investigate

the required atmospheric conditions and underlying mechanisms necessary to initiate and support
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these SIP events. These derived relationships can be further decomposed to assess which primary
SIP mechanisms are predominant under certain atmospheric conditions. This new information
will then be compared against existing knowledge of these processes. Any novel information will
be pursued further, and attempts will be made to incorporate it into existing modelling

frameworks to quantify its impact on cloud structure, precipitation, and radiation properties.
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