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ABSTRACT: Satellite radar retrievals of clouds and precipitation rely on assumptions about the

microphysical properties of hydrometeors such as particle size distributions (PSDs) and mass-

dimensional relationships, which have been shown to vary in distinct environments. A deeper

understanding of linkages between mass-dimensional relationships, ice crystal shape, and radar

reflectivities across cloud and precipitation regimes is necessary for developing new retrievals for

upcoming satellite radar missions, including the INvestigation of Convective UpdraftS (INCUS),

as well as future missions that will feature space-borne radars observing clouds, convection, and

precipitation. This study investigates ice microphysical characteristics through aircraft in-situ and

remote sensing observations from two convective events during the Mid-latitude Continental Con-

vective Clouds Experiment (MC3E) in the Southern Great Plains, and tests implications for ice

particle habit in forward modeled radar observations. During MC3E, the Ka/Ku- band High Alti-

tude Imaging Wind and Rain Airborne Profiler (HIWRAP) was onboard the NASA ER-2 aircraft,

while in-situ measurements were taken onboard the University of North Dakota Citation. In-situ

PSDs and particle shape information from optical array probe data are used to forward model radar

reflectivities from particle scattering databases and are compared against HIWRAP reflectivities.

Various particle combinations can be used to find agreement with HIWRAP observations, and the

forward modeled reflectivities were sensitive to particle type. Varying the riming on the aggregate

and graupel particles resulted in larger than 10 dB differences in reflectivities. The in-situ and

radar observations imply the occurrence of aggregation, size sorting and lofting particles.
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SIGNIFICANCE STATEMENT: Ice particles in the atmosphere are diverse in shape and number31

concentration, and vary in different cloud and precipitation environments. It is important to under-32

stand how variations in their mass, shape, and number may influence remote sensing observations33

to develop deeper understanding for future satellite radar retrievals. This work uses field campaign34

observations of ice particles measured by in-situ probes onboard aircraft combined with radar on-35

board a second aircraft. The in-situ measurements are used to simulate radar observations, and the36

simulations are compared to the aircraft radar observations. The results show the particle mixtures37

can be used to obtain realistic simulated signals, but the assumptions on particle characteristics38

influence the results.39

1. Introduction40

Ice microphysical characteristics influence weather and climate via their effects on radiative41

transfer, precipitation, and latent heating. Most stratiform rainfall in the mid-latitudes results42

from melting snowflakes (Field and Heymsfield 2015; Schumacher and Funk 2023), and ice43

microphysical processes aloft influence the rain at the surface (Kumjian et al. 2016; Prein and44

Heymsfield 2020; Li et al. 2022, 2024). Anvil clouds formed from thunderstorm outflows have45

radiative impacts (Stephens et al. 2024) on large climate scales. Aircraft field campaign studies46

have shown that ice microphysical characteristics such as particle size distributions (PSDs) and47

crystal shapes differ in distinct cloud types and environments such as cirrus that form in-situ vs.48

anvil cirrus (Heymsfield et al. 2013a; Lawson et al. 2019; Krämer et al. 2020) and stratiform clouds49

(Liu et al. 2022). Ice particles grow and form into distinct habits as a result of their environment50

(temperature and ice supersaturation) (Nakaya 1954; Libbrecht 2017; Hueholt et al. 2022). Ground-51

based observations have been used to show how variability in precipitation microphysics at the52

surface relates to the environment and different kinds of regimes (i.e stratiform/convective) in53

rainfall (Dolan et al. 2018) and snowfall (King et al. 2024). DeLaFrance et al. (2024) investigate54

ice phase particle evolution with aircraft observations and habit information to assess impact55

of microphysical processes such as riming in orographic snowfall. Exploring the variability of56

microphysics in ice clouds for different types of clouds and storm events is valuable for developing57

a priori information for satellite radar retrievals (Liu and Illingworth 2000; Delanoë and Hogan58

2008).59
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In order to develop retrievals of cloud/precipitation properties from remote sensing observations,60

it is necessary to have a relationship between particle mass and size and backscatter cross-section61

to then connect to reflectivity observations. Locatelli and Hobbs (1974) related size, mass and62

fall speed for solid precipitation particles with various particle types from dendrites to columns to63

various kinds of graupel. The empirical relationships found in this study continue to be the basis64

for current day understanding of mass-dimensional (m-D) relationships. Brown and Francis (1995)65

and Heymsfield et al. (2010), referred to BF95 and HY10 respectively, used aircraft optical array66

probes and ice water content measurements during field campaigns to derive the mass-dimensional67

relationships. While these m-D relationships have been widely used, studies have shown that68

there are a range of plausible m-D relationships that agree with the available observations (Finlon69

et al. 2019). Different methods have been developed to improve and expand upon previous m-D70

relationships.. Mascio et al. (2017) explored m-D relationships in tropical anvil cirrus clouds71

using optimal estimation algorithms. Multiple studies have highlighted utility in using multiple72

radar frequencies (e.g. Dual Frequency Ratios [DFRs]) with in-situ observations (Kneifel et al.73

2011; Tridon et al. 2019; Chase et al. 2021; Duffy et al. 2021; Finlon et al. 2022; Heymsfield74

et al. 2023; Sy et al. 2020). The DFR does not depend on the number concentration and provides75

information specifically relevant to the size of the particles. Other radar observations provide76

additional context for constraining mass-dimensional relationships such as Doppler (Maahn et al.77

2015) and dual polarization capabilities (Mace et al. 2023).78

Forward modeling, defined here as algorithms used to simulate remote sensing measurements79

from geophysical variables, is used to evaluate the effect of changes in ice crystal properties on80

radar measurements. Forward models are used in retrievals (Maahn et al. 2020), data assimilation81

(Janisková and Fielding 2020), and model evaluation (Kay et al. 2012; Hutson et al. 2025). Radar82

forward models have been developed for satellite radars (EarthCARE; Roh et al., 2023; Kollias83

et al., 2023) and ground-based radar (Cloud-resolving model Radar SIMulator [CR-SIM]; Oue84

et al., 2020). It is important to emphasize that in these forward models, decisions must be made in85

how to represent liquid and ice particles and their scattering properties (Sy et al. 2020; Oue et al.86

2020).87

This study seeks to relate in-situ and remote sensing aircraft measurements by forward modeling88

observations from a field campaign focused on ice clouds/precipitation associated with deep89
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convection. Ice microphysical characteristics associated with convection are of particular interest90

for the INvestigation of Convective UpdraftS (INCUS; van den Heever, 2021; Dolan et al., 2023)91

satellite mission, which will estimate convective vertical mass flux from changes in Ka-band92

reflectivities in deep convection. In addition, INCUS will estimate the ice content in convective93

anvils. This study uses observations from the aircraft in the Mid-latitude Continental Convective94

Clouds Experiment (MC3E; Jensen et al., 2016), which sampled ice particles in multiple convective95

storms with in-situ probe measurements of cloud properties, as well as radar remote sensing96

observations at Ku- and Ka-band frequencies. The methods used for exploring the microphysics97

and radar observations of continental convection from the MC3E can be applied to field campaigns98

with similar aircraft and instrumentation to further assess ice properties in other regions. In this99

study, we use MC3E observations along with a forward model that accommodates a range of ice100

cloud properties to:101

1. examine ice microphysical properties (PSDs, habits) observed in the stratiform region follow-102

ing a convective line and in anvil outflow from supercell convection,103

2. explore the impact of varying riming in habit mixtures on forward modeled reflectivities, and104

compare to radar observations105

3. assess the implications of assumptions on the types of particles used in forward modeling, and106

guide further efforts to use observations to constrain the range of possible ice microphysical107

characteristics in retrievals.108

2. Data and Methods109

a. Mid-latitude Continental Convective Clouds Experiment110

MC3E included ground-based and air-borne observations of spring-time convective events with111

flights in April, May and June of 2011. MC3E was part of a greater effort coordinated under the112

Global Precipitation Measurement (GPM) mission to produce datasets suited for assessing and113

characterizing satellite radar observations (Jensen et al. 2016; Heymsfield et al. 2013b). The work114

here is focused on two well-documented events during MC3E. The first event was a convective115

line followed by extensive trailing stratiform shield precipitation on 20 May 2011. The second116

event featured a convective supercell on 23 May 2011. In this work, the cases are referenced as117
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the convective line stratiform shield (20 May) and supercell anvil outflow (23 May) to highlight118

the convective environment and the regimes that were sampled. These two cases provide a unique119

dataset to explore microphysics and radar remote sensing between collocated aircraft measurements.120

Different aspects of these events have been investigated: the microphysics and conditions associated121

with a sagging brightband in stratiform rainfall from the ground-based radar observations (Kumjian122

et al. 2016); regional modeling studies of microphysics impacting mesoscale convective systems123

(MCSs) (Marinescu et al. 2016); aircraft radar observations and vertical motions during hailstorms124

Heymsfield et al. (2013b); and microphysical characteristics of ice clouds (Finlon et al. 2019; Duffy125

et al. 2021; Duffy and Posselt 2022; Dzambo et al. 2023).126

b. In-situ observations127

The University of North Dakota Citation aircraft was used to fly in-situ probes through clouds and128

precipitation in MC3E. Several instruments hosted on the Citation measured cloud environmental129

conditions, including temperature, water vapor mixing ratio, air pressure, and vertical velocity.130

Of the in-situ cloud probe measurements available, we analyze observations from the 2D - Cloud131

Imaging Probe (2DC) and the High-Volume Precipitation Spectrometer (HVPS). The 2DC and132

HVPS obtain images of ice and liquid particles. The 2DC is used to characterize particles between133

150 𝜇m and 1 mm.The HVPS size bins range cover the range 0.25 to 19.2 mm. There is an overlap134

in sizes observed between the 2DC and the HVPS - in order to not overcount particles, the 2DC is135

used for sizes less than 1 mm, and the HVPS observations are used for sizes greater than 1 mm.136

The particle bin width (resolution) also varies with particle size as larger bin widths are needed to137

maintain sufficient sampling statistics of larger particles. For small particles with dimensions less138

than 5 mm, the bin width is 0.05 mm, and the bin width increases to 1 mm at particle sizes ranging139

5-10 mm.140

The 2DC and HVPS data are processed using the University of Illinois/Oklahoma Optical Array141

Probe (OAP) Processing Software (UIOOPS v3.4; McFarquhar et al., 2018) to obtain particle size142

and shape distributions. The habit identification algorithm in UIOOPS is based on the methodology143

described in Holroyd III (1987), which evaluates image structure and size in a decision tree format.144

The method was originally developed for the 2DC, but processing has been updated for the larger145

particle sizes measured by the HVPS. In any automated identification method, there are inherent146
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uncertainties in the results. Schima et al. (2024) assess the UIOOPS on OAPs; one of the147

challenges in detecting some habits such as plates and dendrites is from the particle sizes and probe148

resolution. Variables output from UIOOPS include the particle maximum dimension (D), number149

concentration (Nt) and the particle size distribution (PSD), among other bin and bulk properties for150

particles with D > 150 𝜇m. By only using particles with D > 150 𝜇m, uncertainties in observing151

smaller particles are avoided (e.g. uncertainties caused by a small depth of field for the OAP and152

the potential impact of shattering on probe tips). 10-second discrete averaging is applied to both153

the PSDs and Nt measurements. The particles are sorted into seven habit categories: Spherical,154

Linear, Hexagonal, Irregular, Graupel, Dendrite, and Aggregate. An eighth category, referred to155

as “Tiny”, is reserved for particles that are too small to be classified because of pixel resolution156

(D≤ .3 mm for the 2DC and D≤ 1 mm for the HVPS) (Schima et al. 2024). In this study, the tiny157

particles are merged into the irregular category.158

c. Remote Sensing Observations159

The High Altitude Imaging Wind and Rain Airborne Profiler (HIWRAP; Heymsfield et al.,160

2013b; Li et al., 2015) was installed on the NASA ER-2 during MC3E. The HIWRAP is a dual161

frequency Doppler radar observing clouds and precipitation at the Ka/Ku–bands (35 GHz/13 GHz)162

with a range resolution of 75 m. The HIWRAP was sampling clouds and precipitation at nadir163

pointing configuration during MC3E with the goal fo emulating the Ka/Ku-band radar of the GPM164

Dual-frequency Precipitation Radar. The minimum detectable reflectivities for the Ka/Ku-bands165

are -5dBZ and -10 dBZ (Heymsfield et al. 2013b). Attenuation corrections were not applied to the166

radar observations. An offset is used to calibrate the Ka-band reflectivties. In Rayleigh regimes,167

the difference between the Ku- and Ka-band reflectivities should be zero (Tanelli et al. 2006), and168

in order to maintain this, an offset is used to match them (Heymsfield et al. 2013b; Chase et al.169

2021; Duffy et al. 2021). The offsets are variable across field campaigns and different events (Duffy170

et al. 2021). In Heymsfield et al. (2013b) the HIWRAP Ka-band reflectivites for two MC3E flights171

(23-24 May 2011) were adjusted downward to match the Ku-band by∼ 1.7 dB. In this work, the172

Ka-band reflectivities are adjusted downward by 0.5 - 0.75 dB on 23 May (supercell anvil outflow)173

and 1 dB on 20 May (stratiform shield).174
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Data from the operational weather radar (Next Generation Weather Radar; NEXRAD; S-band /10175

cm wavelength) located at Vance Airforce Base, Oklahoma (identifier KVNX) are used to provide176

context for the airborne observations. These NEXRAD data have previously been analyzed177

alongside in-situ probe data for the MC3E in studies assessing microphysics and reflectivities178

(Finlon et al. 2019; Dzambo et al. 2023). In addition to ancillary ground-based observations,179

spaceborne observations of brightness temperatures from GOES-13 (Channel 3, IR water vapor,180

∼6.7 microns) (Knapp and Wilkins 2018) also provide information on storm extent and evolution.181

d. Collocating Aircraft Observations182

There are numerous methods for collocating observations between multiple aircraft platforms.183

In the following analysis, observations from the ER-2 and Citation were collocated using spatial184

and temporal criteria based on thresholds defined by Chase et al. (2018): within 1 km in horizontal185

distance and within 10 minutes observation time. First, 1 km is used as the upper threshold for186

the distance between the ER-2 and Citation aircraft flight paths. Then, the distinct flight legs are187

temporally collocated with an upper limit of 10 minutes. Some collocation methods construct188

radar observations time series that are directly matched to the in-situ data (e.g., Finlon et al., 2022;189

Tridon et al., 2019). Because the two aircraft rarely flew in formation during MC3E, we use190

an approach that permits some flexibility in the collocation requirements. Following collocation,191

distributions of observed and simulated reflectivities are compared for the distinct flight legs at192

each height level. The mean heights of the Citation during the collocated leg are used to obtain193

radar range gates from the HIWRAP.194

Figures 1 and 2 show examples of two collocated legs for the convective line shield stratiform (20203

May) and the supercell anvil outflow (23 May), respectively. The GOES-13 brightness temperatures204

show the large-scale extent of the clouds, and the NEXRAD PPI shows radar reflectivities at the205

lowest angle scan associated with each event. The flight paths of the ER-2 and Citation within206

the 10-minute threshold are plotted on the maps. Multiple PPIs at all angle scans are compiled207

to create a cross section along an azimuth intersecting the flight paths. In Figure 1, the GOES-13208

data shows the convective line, with the trailing stratiform structure exhibiting higher brightness209

temperatures than east along the line. The NEXRAD PPI lowest angle scan shows widespread210

precipitation, while the cross section through the stratiform region shows the reflectivities increase211
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downwards towards the melting level (∼4 km ASL) where the reflectivities increase downwards212

towards the melting level. In Figure 2, cold anvils extend beyond the convective supercells. The213

lowest angle scan of the NEXRAD depicts distinct cells with high reflectivities, while the GOES13214

brightness temperatures show cold anvil clouds connecting distinct convective cells and nearly215

filling the NEXRAD domain. The flight paths overlaid on the GOES13 and NEXRAD PPI plots216

are slightly offset in time from each other (∼3 minutes), and show the aircraft repetitively sampled217

the same anvil outflow region. The NEXRAD cross section shows that the anvil clouds, defined as218

reflectivities greater than 5 dBZ, extended above 8 km AGL.219

e. Forward Modeling220

The forward model used in this study produces radar reflectivities at Ka- and Ku-band wavelengths221

from in-situ measurements of discrete PSDs for each of the seven habit categories defined earlier.222

Generally, radar simulators require the hydrometeor type to be predefined to represent its mass-223

dimensional and scattering properties, and various databases have been developed for this purpose.224

Each category is matched to a named particle type from existing particle scattering databases.225

Two databases are utilized in this study. The Atmospheric Radiative Transfer Simulator (ARTS)226

Microwave Single Scattering Properties Database (Eriksson et al. 2018; Buehler et al. 2018) uses227

the discrete dipole approximation (DDA) to calculate scattering for individual particles. The228

snowScatt database (Ori et al. 2021) contains particle scattering properties from the Self Similar229

Rayleigh-Gans Approximation (SSRGA; Hogan and Westbrook, 2014) for ensembles of particles230

with varying degrees of rime (Maherndl et al. 2023; Leinonen and Szyrmer 2015). The rimed231

aggregates in snowScatt are based on Leinonen and Szyrmer (2015), which describe that the232

amount of rime is defined according to the effective liquid water path (ELWP) through which233

the particle is assumed to have fallen. The ELWP assumes the particles have a riming efficiency234

equal to 1; i.e., every collision between an ice particle and a liquid droplet is assumed to result in235

collection of the liquid droplet by the ice particle. This assumption is used to ensure that the riming236

results in consistent and correct quantities of mass on the snowflakes. Table 1 documents how the237

particle types are matched between the UIOOPS categories and the ARTS and snowScatt particles.238

The ARTS and snowScatt databases include particle characteristics that can be used to simulate239

reflectivities for multiple frequencies. Each particle habit has a prescribed m-D relationship and240
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Fig. 1. GOES-13 and NEXRAD observations from KVNX for 20 May 2011. The left plot (a) shows GOES-13

brightness temperatures at 1440 UTC, and the right plots show NEXRAD PPI (b) and cross section (c) for 1439

UTC. The purple dashed line on the PPI shows the azimuth line for the cross section. The ER-2 and Citation

flight paths during the 5 minutes leading up to the PPI scan and GOES-13 snapshot are shown in blue dashed

and black dotted lines, respectively. The range rings on the PPI scans are 50 km intervals. Note: the altitude of

the radar is 378 meters ASL. For additional context, the ARM SGP site is shown with a triangle symbol on a and

b. NEXRAD PPI scans and PPI to cross sections were plotted using the Python ARM Radar Toolkit (Py-ART;

Helmus and Collis, 2016).
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scattering properties. This study uses aggregates that are formed with simultaneous aggregation241

and riming (”A” scenario from Leinonen and Szyrmer, 2015). Aggregates with various degrees of242

riming/ELWP are included from the SnowScatt database; in this study, the ELWP ranges from 0.0243

kg m-2 (no riming) to 1.0 kg m-2. We test two distinct assumptions for graupel: a lightly rimed244

Leinonen aggregate (Leinonen15 A01) and a fully rimed Leinonen graupel particle (Leinonen15245

C). Figure 3 shows the m-D relationships for the particle habits shown in Table 1. The particle mass246

for a given size can vary substantially depending on the different habits. The m-D relationships247
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Fig. 2. Same as in Fig. 1 but for 23 May 2011 ∼23 UTC.

Table 1. Ice particle habits used for habit mixtures (”HX” in figure legends) forward modeling with in-situ

UIOOPS database particles description

Spherical ARTS IconCloudIce spheroidal, low aspect ratio

Linear snowScatt vonTerzi mixcoldend assemblages of mixtures of columns
and dendrites

Hexagonal ARTS PlateType1 hexagonal plate

Irregular ARTS SmallPlateAggregate hexagonal plate aggregates

Graupel snowScatt Leinonen15 A01
Leinonen15 C

lightly rimed snowflake
rime only graupel

Dendrite snowScatt Leinonen1500 unrimed snowflake

Aggregate snowScatt Leinonen15 A00
Leinonen15 A01
Leinonen15 A02
Leinonen15 A05
Leinonen15 A10

snowflakes with increasing ELWP
for riming

estimated by HY10 and BF95 are also shown for reference. The BF95 m-D relationship was248

developed with observations from mid-latitude cirrus clouds, while the HY10 m-D relationship249

includes observations from several field campaigns from synoptic to convective ice clouds (anvils)250

in various regions.251
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Fig. 3. Mass-size curves for database particles. The figure shows select particle habits and their mass-

dimensional relationships from ARTS and snowScatt. The ARTS particles are indicated by having a solid line

on the plots, whereas snowScatt particles have markers without a solid line.

252

253

254

3. Results255

We first describe the microphysical characteristics and the environmental (temperature) condi-256

tions of the in-situ observations, and then discuss the remote sensing observations and forward257

modeling data. Detailed examples from the convective line stratiform shield (20 May) and anvil258

outflow (23 May) can be found in the remote sensing section, and include PSDs, HIWRAP reflec-259

tivities and distributions of forward modeled reflectivities. Following the detailed examples, the260

subsection summarizes the reflectivities and DFRs for multiple collocated legs.261

a. Microphysics and Environment262

The two MC3E events sampled different regimes of ice particles at different altitudes and270

temperatures within the stratiform shield following a convective line (20 May) and within supercell271

anvil outflow (23 May). Figure 4a,b show the altitudes and temperatures where ice particles were272

observed by the OAPs and collocated with the ER-2. The temperatures in the stratiform shield273
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Fig. 4. Altitude, temperature, and in-situ mean PSD (a,c) 20 May 2011 and (b,d) 23 May 2011. The light-

gray dotted line shows the altitude of the Citation for the entire observational period (a,b). Lines marked with

temperature data show where both ice clouds are observed by the OAPs and indicate a spatial collocation with

the ER-2. On (c) and (d), the mean PSD is shown for the corresponding altitudes and legs. The marker colors

for the mean PSDs show the mean temperature of the Citation leg/section. The warmest temperature included

above is -0.8° C, which was observed 20 May 2011. The coldest temperature included above is -42° C from 23

May 2011.

263

264

265

266

267

268

269

from 4 to 8 km ASL range from 0° C to -23° C. In the supercell anvil outflow, OAPs observed ice274

particles from 8 km ASL to ∼10 km ASL where temperatures ranged from -20° C to -43° C.275

Figure 4c,d shows the corresponding mean PSDs for each of the legs shown in Fig. 4a,b. The276

mean PSDs for the ice particles in the stratiform shield show a relationship with height/temperature277

(Fig. 4c). At lower altitudes (higher temperatures), the distribution is broader based on the278

concentration of larger particles in the PSD. At higher altitudes (lower temperatures >∼7 km279

ASL), the PSDs are narrower and all particles are smaller than 4 mm. In the anvil outflow, the280

temperatures are all less than -20° C. However, the PSDs are relatively broad and contained larger281

particles (>4 mm). The PSDs also show more larger particles at lower altitude. The coldest legs282

have the highest concentration of small particles (<1 mm).283
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Fig. 5. Summarizing the number concentration (Nt) for all ice particles with D > 150 𝜇m, mass-weighted mean

diameter (Dm) and ice water content (IWC) from the convective line event (20 May 2011). Unfilled-markers

show the median values for each variable, while all of the observations are included as smaller, filled-in markers.

The Dm and IWC are calculated using the OAP PSDs and mass-dimensional relationships indicated as HY10

and BF95 for Heymsfield et al. (2010) and Brown and Francis (1995). The TWC from the Nevzorov probe is

also included for additional comparison.

294

295

296

297

298

299

1) Convective Line Stratiform Shield: 20 May 2011284

Figure 5 summarizes the values of Nt, mass-weighted mean diameter (Dm) and ice water content285

(IWC) for the ice particles with D > 150 𝜇m in the trailing stratiform shield region using the286

HY10 and BF95 m-D relationships. Above the melting level, there is a general decrease in particle287

concentration and increase in particle size with decreasing height. At ∼8 km ASL, the median288

Dm is 0.6 mm and increases to 1.7 mm below 6 km ASL. At lower levels, where the particles are289

larger, the Dm values for HY10 are larger than BF95 by 0.16 mm. At all altitudes, the IWCs from290

HY10 exceed the BF95 values. The BF95 IWC values have a smaller range between 0.17 and 0.43291

gm-3 depending on altitude, while HY10 IWC values are sensitive to the increase in particle size292

as IWC values range from 0.26 to 0.77 gm-3.293

The Nt values from each leg are separated by habit category in Fig. 6. The Nts for spherical,305

linear, and irregular habits increase with altitude, with the smallest values generally located near306

the melting level. At higher altitudes (6-8 km ASL), there are thousands per m-3 of small spherical,307

linear, irregular particles, but below 6 km ASL, the Nt of these habits are greatly reduced. These308

particles are primarily smaller in size and the larger particles occur at lower altitudes. While there309
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Fig. 6. The number concentration (Nt) [#m-3] for each UIOOPS particle type for D > 150 𝜇m on 20 May

2011. Unfilled-markers show the median value for each subset/leg, while all of the observations are included as

smaller, filled-in markers. The Nts can vary by orders of magnitude between particle habits, so each particle type

is plotted separately with unique x-limits. The irregular particle type also includes particles that are too small to

sort into any category.

300

301

302

303

304

is inherent uncertainty in any habit identification, there are features of the particles observed by310

the OAPs that are consistently changing with altitude. The aggregate category has an increasing311

Nt with decreasing altitude. At ∼8 km ASL, there are fewer than 500 m-3 of aggregates, but at312

∼6 km ASL, the Nt values exceed 1500 m-3. As the particles fall, they aggregate and produce313

larger particles and larger reflectivities. The graupel category also increases with decreasing314

altitude. These results are consistent with dual-polarized radar observations, Dolan et al. (2022)315

show increasing aggregates toward the melting level. The dendrite and hexagonal categories both316

contain very low Nt throughout this event, but it is noted by Schima et al. (2024) that it is difficult317

to differentiate these habits in OAP decision tree analysis.318

15



Fig. 7. Same as Figure 5 for supercell anvil outflow (23 May 2011)

2) Supercell anvil outflow: 23 May 2011319

The Citation sampled a range of ice particles between ∼8 to 10.5 km ASL in the anvil outflow320

of the storm. Figure 7 shows the values of Nt, Dm and IWC for all collocated legs. In Fig. 4, the321

mean PSDs show an indication that there are more small particles at higher altitudes, however,322

Fig. 7 shows that there is a less systematic relationship with height and Nt below 9 km. On the323

other hand, there is a clearer change in Dm with height; the Dms increase with decreasing altitude.324

The median Dm at 10.4 km ASL is near 1.4 mm with HY10 and slightly larger than BF95, while325

the HY10 Dm increases to 2 mm at ∼9 km ASL. Median values reach as high as 3.6 mm at 8 km326

ASL, but the range exceeds 4 mm. For all legs, the HY10 IWCs are larger than the BF95 values.327

For the following IWC discussion, the values are reported for HY10 only. There is an increase in328

IWCs with decreasing altitude: 0.15 g m-3 at 10.4 km ASL increasing to 0.75 g m-3 just below 8329

km ASL. However, there are also two Citation legs with slightly lower values of IWC of 0.48 and330

0.4 g m-3 at 8.5 and 8 km ASL, respectively. The increase in Dm and IWC with decreasing altitude331

is consistent with size sorting in the anvil outflows, with larger and more massive particles falling332

to lower altitudes. At ∼8 km, the two legs are dissimilar in the Nts, Dms, and IWCs, which is likely333

from sampling different parts and time of the anvil outflow (fig. not shown).334

There are relatively high Nt values for spherical, linear and irregular categories at most altitude335

legs sampled by the Citation (thousands of particles) compared to the other habits. Similar to336

the stratiform shield following the convective line, the hexagonal and dendrite categories were337

not highly observed (low Nt < ∼60 m-3 for all altitude legs), but there are known challenges in338
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Fig. 8. Same as Figure 6 for supercell anvil outflow (23 May 2011)

identifying these habits in the OAPs (Schima et al. 2024). The aggregate category is observed at339

all altitudes sampled by the Citation, however, the Nt values are lower than for the other categories.340

There is a maximum number of aggregates at 8 km ASL. One of the legs at 8 km ASL has341

notably more graupel particles with Nt values exceeding 2000 m-3. Unlike the stratiform shield,342

the observations from the anvil outflow appear more variable throughout the altitudes sampled,343

which may possibly be due to differences within the anvil regions and timing of the flightpath.344

b. Remote Sensing and Forward Modeling345

This subsection compares radar observations with forward modeled reflectivities, beginning with346

a detailed flight leg example from each event. Forward modeled reflectivities are based on the habit347

mixtures (HX) that are documented in Table 1. In the forward modeled reflectivities shown for348

the following detailed examples, the HX combination includes a lightly rimed aggregate particle349

(Leinonen15A01) in the graupel category. In the following sections, the HX reflectivities use the350

same particle mixtures, but the aggregate category is varied by riming amount (Table 1).351
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1) Detailed Example: Convective Line Stratiform Shield (20 May 2011)352

In Figure 9, the PSDs, HIWRAP Ka-band reflectivities and simulated Ka-band reflectivities353

are shown for one segment observed at approximately 1430-1440 UTC. The Citation and ER-2354

overlap in time and sample the same region within the stratiform shield (Fig. 1). At 6.9 km ASL355

(-16.45° C), particles are relatively small (D<4 mm) with a high concentration at D less than 1356

mm (Fig. 9a). The distributions of the small particles include spherical, linear, and irregular habits357

(Fig. 9b). Particles with D > 2 mm are mostly represented in the irregular, graupel and aggregate358

categories. In this flight segment, there are notably high numbers of small particles with relatively359

fewer aggregates and graupel particles, and we surmise that particles have not yet fallen a sufficient360

depth through the cloud to aggregate together. There is a visible discontinuity in the plots of D361

versus time around a value of ∼1 mm in the habit PSDs; this gap in the PSDs results from blending362

data from two separate probes that observe particles at different sizes and bin resolutions.363

The HIWRAP Ka-band observations are shown in Fig. 9c. The cloud echo top heights (CTHs),364

defined by the altitudes where reflectivities are less than -5 dBZ, are approximately 10 km ASL.365

The reflectivities gradually increase towards the apparent melting layer at ∼4 km ASL. Figure 9d366

shows normalized distributions for HIWRAP and forward modeled reflectivities. At the Citation367

altitude, the HIWRAP Ka-band reflectivities range from 6 to 11 dBZ with most values at 9 dBZ. The368

forward modeled particle/habit mixture (labeled as ‘HX’) reflectivities show a range of reflectivities369

depending on the amount of assumed riming on the aggregate category. The modeled reflectivities370

can differ from the HIWRAP observations by more than 10 dB (under and overestimate) as the371

riming on aggregate particles varies. The distribution of the HIWRAP reflectivities is between372

the modeled reflectivity distributions for the Ze HX 02 and Ze HX 05 mixtures, for which the373

aggregate riming groups are differentiated by the ELWP of 0.2 kgm-2 and 0.5 kgm-2, respectively.374

In addition to the forward modeled HX reflectivities, the figure shows the reflectivities calculated375

using the HY10 and BF95 mass-dimensional relationships. The HY10 reflectivities agree well with376

the HIWRAP reflectivities, while the BF95 reflectivities underestimate the observed reflectivities.377

2) Detailed Example: Supercell anvil outflow (23 May 2011)385

Figure 10 summarizes a detailed example of in-situ microphysics and remote sensing observations386

of the supercell anvil flow observed on 23 May from ∼2251 to 2303 UTC. The Citation and ER-2387
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Fig. 9. Example subset of microphysics and remote sensing observations on 20 May 2011. The subplots

include: (a) in-situ particle size distribution, (b) detailed habit PSDs, (c) HIWRAP Ka-band reflectivities, (d)

distribution of reflectivities. HIWRAP observations are masked for aircraft turning (roll). The black dotted in (c)

indicates the mean height of the Citation. The reflectivity distributions include HIWRAP and forward modeled

reflectivities for varying aggregate category with increasing riming from the snowScatt database. The legend

includes the equivalent liquid water path value from 0.0 kgm-2 to 0.5 kgm-2. This subset of in-situ microphysics

and radar observations correspond to the NEXRAD and GOES shown in Fig. 1.
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sampled anvil clouds repetitively (Fig. 2) in a bow-tie pattern (full flight-path patterns not shown).388

The in-situ leg was flown at ∼9.1 km ASL (-34.4° C). The PSDs show large particles exceeding 6389

mm (Fig. 10a). Similar to the conditions within the stratiform shield, there is a high concentration390

of small particles from the spherical, linear and irregular categories and larger particles included391

in the irregular, graupel and aggregate categories (Fig. 10b). The irregular particle sizes do not392

exceed 5 mm. Particles categorized as graupel are as large as 7 mm. The largest particles observed393

by the HVPS in this anvil cloud region are in the aggregate category with particles exceeding 7394

mm.395

19



Fig. 10. Same as Fig. 9 for 23 May 2011. This subset of in-situ microphysics and radar observations correspond

to the NEXRAD and GOES shown in Fig. 2.

407

408

The HIWRAP Ka-band observations show CTHs exceeding 11 km ASL with reflectivities near396

0 dBZ (Fig. 10c). The reflectivities increase with decreasing height, but below ∼5 km ASL397

the reflectivity drops quickly, perhaps due to sublimation. The HIWRAP Ka-band reflectivities398

at the mean Citation height ranged from 9 to 16 dBZ, with the most of the reflectivities at 14399

dBZ (Fig. 10d). The forward modeled HX reflectivities show a range of reflectivity distributions,400

with a high degree of sensitivity to the different amounts of riming on the aggregate categories.401

Reflectivities can be underestimated and/or overestimated by as much as 10-20 dBZ. The mixture of402

particles that use a lightly rimed aggregate (Ze HX 01) agrees well with the HIWRAP observations.403

Reflectivities calculated using the HY10 and BF95 mass-dimensional relationships are included404

in the distributions; the BF95 mass-dimensional relationship produces reflectivities comparable to405

the HIWRAP, in contrast to the stratiform shield distributions (Fig. 9d).406
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c. Summarizing Radar: Observed and Forward Modeled409

Figures 11 and 12 summarize the ER-2 HIWRAP radar observations in two-dimensional (2D)410

histograms, and the synthetic radar reflectivities and DFRs are shown for each altitude all of the411

riming particle mixtures (Table 1). The analysis starts with the stratiform shield (Fig. 11), followed412

by the anvil outflow (Fig. 12).413

1) Convective Line Stratiform Shield (20 May 2011)421

In the stratiform shield region above the melting level, the HIWRAP Ka-band reflectivities422

gradually increase from -10 dBZ at 11 km to ∼20 dBZ above the melting layer at ∼4 km ASL423

(Fig. 11a,c). Citation observations of ice microphysics occur between 5 km ASL and 8 km ASL,424

which feature a reflectivity increase from 0 to 20 dBZ. The increase in reflectivity towards the425

melting level supports the occurrence of aggregation. The number concentration of aggregates426

observed by the OAPs also increases with decreasing height from 8 to 4 km ASL (Fig. 6). The DFRs427

increase towards the melting level as the ice particle sizes increase (Fig. 11b,d). Figure 5b shows428

an increase in the Dm with decreasing altitude, and Fig. 4c shows the broadening distributions with429

lower altitude/warmer temperature. Above 7 km ASL, the 2D histogram shows the occurrence of430

counts of large (negative and positive) DFRs associated with lower reflectivities, which are artifacts431

of observing the cloud edge where the observed reflectivity is nearing the Ku-band noise floor.432

In addition to the HIWRAP Ka and DFR observations, Fig. 11 summarizes the forward modeling433

results for the aggregate riming and graupel tests with markers for each median distribution.434

Figure 11a,b present the results from the first graupel test, in which the graupel particle is specified435

to be a lightly rimed aggregate (Leinonen A01). The simulated reflectivities span both lower436

than and greater than the observed HIWRAP values through the simulated HX reflectivities. For437

example, at 7 km ASL the HIWRAP measured reflectivities between 5 and 15 dBZ, but the438

separate riming tests show that the forward modeling can result in values of ∼0 dBZ up to ∼21439

dBZ depending on the riming on the aggregate particle. The simulated DFRs are low at the higher440

altitudes where there are primarily small particles, but there is a gradual increase with decreasing441

height, which corresponds to the increasing particle size. Also, at each given altitude leg, the DFR442

values increase with riming on the aggregate particle, so the DFR is sensitive to the mass on the443

same equivalent particle size, especially for lower altitudes. At 5 km ASL, the DFR for HX 00 is444
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Fig. 11. Two-dimensional histograms of Ka-band Radar Reflectivities (a,c) and Dual-Frequency Ratios (b,d)

for 20 May 2011. The grayscale colormap shows the counts of observations from the HIWRAP in the 2D

histogram. For 20 May 2011, there are 4 distinct HIWRAP subsets and there are 6 Citation separate PSD series.

Each particle mixture is shown with a different color based on the riming of the aggregate category. The top plots

(a,b) include simulated Ka-band reflectivities and dual frequency ratios. The circle markers show the median

of the reflectivity (and DFR) distribution for the microphysics subset. The horizontal lines span the range of

reflectivities with the minimum and maximum at the endpoints with small vertical line markers.
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near 0.5 dB, while the HIWRAP observations are greater than 1 dB. The HX reflectivities with445

additional riming improve agreement with the HIWRAP DFRs.446
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Results from the second graupel test (Leinonen C) are shown in Fig. 11c,d. Above 7 km ASL,447

the HX distributions are similar to Fig. 11a because there are few graupel particles to influence448

the total reflectivity (Fig. 6). Below 6 km ASL, there are higher concentrations of graupel and449

aggregates, which contribute to higher reflectivities for the separate HX simulations. Especially for450

the two lowest altitude legs (∼5 km and ∼6 km), the forward modeling shows how the reflectivities451

increase in response to the denser graupel particle. This change is larger for the HX groups with452

less riming on the aggregates. To highlight one of the legs: at ∼5 km ASL, the median Ze for453

HX 00 in Fig. 11a is 8 dBZ while in Fig. 11c, the median Ze for HX 00 is increased to 16 dBZ.454

On the other hand, the median Ze for HX 05 only increases 1 dB from 23 dBZ to 24 dBZ. In the455

graupel tests (Fig. 11b,d), the simulated DFRs have little differences.456

2) Supercell anvil outflow (23 May 2011)457

In Fig.12a,c, the radar reflectivities of the anvil outflow show that CTHs are higher for the anvils458

than for the stratiform shield clouds from the previous day, with reflectivities near -5 dBZ at ∼13459

km ASL. These high CTHs are also consistent with the low brightness temperatures (< 215 K)460

associated with the widespread anvils observed in the GOES water vapor channel (Fig. 2a). The461

reflectivities increase fairly quickly from -5 to 10 dBZ from 13 km ASL to 11.5 km ASL. Then,462

with decreasing height from 11 to 5 km ASL, the reflectivities gradually increase to 25 dBZ. Below463

5 km, the reflectivity counts lower, again possibly due to ice particle sublimation. The DFRs464

increase with decreasing height, which supports the occurrence of size sorting (and aggregation)465

as larger particles are lower in the depth of the cloud (Fig.12b,d). In addition, there are also areas of466

enhanced DFRs above 7 km ASL. These high DFRs indicate variations in the anvil cloud vertical467

structure and spatial variations as the ER-2 observes the anvil outflow. Between 5-7 km ASL,468

the reflectivities show little change with decreasing height, while the DFRs continue to increase469

(the Ku-band reflectivities are increasing). Effects from non-Rayleigh scattering and attenuation470

can impact the radar reflectivities at these heights (Jensen et al. 2016; Tridon et al. 2019). In471

the Ka-band, large particles can lead to non-Rayleigh scattering (Matrosov et al. 2019; Tridon472

et al. 2019), which would result in lower reflectivity values. While attenuation in ice is generally473

less than in liquid profiles, there may still be effects of attenuation on the profile. Simulated474

extinction coefficients for particles above 7 km ASL are very small in the Ku-band with values near475
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Fig. 12. Same as Fig. 11 for 23 May 2011. There are 5 distinct HIWRAP subsets and there are 6 Citation legs.

0 dB km-1figure not shown). In the Ka-band, the simulated extinction coefficients range between476

0.01 to 1 dB km-1 depending on the aggregate riming assumptions (higher extinction coefficients477

for mixtures with more riming on the aggregate particles). In addition, between 5-7 km ASL the478

temperatures range from -10 to -20° C (Fig. 4), which suggests there may be mixed-phase conditions479

where liquid phase particles would result in additional attenuation on reflectivities particularly at480

Ka-band.481

The forward modeled HX reflectivities and DFRs for the aggregate riming and graupel tests are482

shown on the top and bottom panels of Fig.12. In particular, HX 01 and HX 02 agree with the483

range of HIWRAP observations for most of the altitude flight legs with the lightly rimed aggregate484
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used in the graupel category (Fig. 12a). In the second graupel test, where graupel PSDs are485

LeinonenC graupel particles, the reflectivities are too high compared to the HIWRAP, especially486

between 8.5 and 9 km ASL, where the distributions of reflectivities exceed the range of any of the487

profiles observed (Fig. 12c). Similar to the forward modeled reflectivities from the stratiform shield488

ice particles during 20 May (Fig. 11a,c), the graupel test has a more notable impact on the ranges489

of reflectivity produced by different HX with less aggregate riming. The 8.5 km leg illustrates490

the impact of the graupel particles on the HX reflectivities: for HX 00, the median reflectivity491

in graupel test 1 (less dense graupel; Fig. 12a), is 12.5 dBZ, and in graupel test 2 (LeinonenC;492

Fig. 12c), the median reflectivity is 25 dBZ. For HX 02, the median reflectivity in graupel test493

1 is 24 dBZ, and is 28 dBZ in graupel test 2. At 8.5 km ASL, the HIWRAP reflectivities are494

concentrated between 15 and 22 dBZ.495

The forward modeled DFRs span the HIWRAP observations fairly well when the graupel category496

is assumed to be a lightly rimed aggregate (Fig. 12b). For graupel test 2 (Fig. 12d), the HX DFRs497

are similar to graupel test 1 (Fig. 12b) for the Citation legs above 10 km ASL. However, the forward498

modeled DFRs below 10 km ASL overestimate HIWRAP DFRs in graupel test 2. In addition, these499

cases have larger particles observed at higher levels (Figs. 7, 4) compared to the stratiform shield500

case, and this is notable in higher DFR values in the HIWRAP and forward modeled HX DFRs.501

Below 9 km ASL, the HX groups show a distinct pattern for several legs where the highly rimed502

groups (HX 10) have lower DFRs than less rimed groups. This can be seen in the pattern of light503

yellow/green median markers left of the darker median markers (altitude leg 8.5 km ASL). This504

shows that an increase in the riming/mass on the aggregate category reduced the relative difference505

between forward modeled Ka and Ku-band reflectivity.506

3) Vertical Motions507

The Doppler velocities in Figure 13 encompass a measure of the air motion and hydrometeor fall-510

speeds. The positive (negative) values indicate downward (upward) motion of clouds/precipitation.511

The Doppler velocities in the stratiform shield show a gradual increase with decreasing altitude512

(Fig 13a) consistent with aggregation, size sorting, and finally melting hydrometeors. The values513

increase from ∼0.5 at 9 km ASL to ∼2 ms-1 right below 5 km ASL. The sudden increase in Doppler514

velocity at ∼4 km ASL corresponds to the melting level.515
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Fig. 13. Two-dimensional (2D) histograms of HIWRAP Ka-band Doppler velocities. Stratiform shield (left)

and anvil outflow (right).

508

509

In the anvil outflow, the Doppler velocities show an increase with decreasing altitude (Fig 13b).516

However, in contrast to the stratiform shield, the vertical motions in the anvil outflow are more517

variable throughout the profiles. Upward motions are observed at all heights, though this feature is518

more pronounced at some heights. Between the CTH (∼13 km ASL) and 9 km ASL, the Doppler519

velocities range from -2 ms-1 to 2.5 ms-1. The upward motions are weaker below 9 km ASL, with520

the majority of the observations between 0.5 and 3 ms-1. Below 7 km ASL, the distribution of521

Doppler velocities broadens further to include observations of nearly 4 ms-1. The large range of522

values including upward and downward motions indicate the turbulent motions in these clouds.523

Vertical wind measurements from the Citation also show variability in vertical motions from -10524

to 5 ms-1 during the flight (Fig. not shown). In contrast, the vertical winds in the stratiform525

shield case, the values ranged from -2.5 to 2.5 ms-1. Ground-based observations at the Department526

of Energy (DOE) Atmospheric Radiation Measurement (ARM) facility from a Ka-band ARM527

Zenith Radar (KAZR; not shown) also illustrate similar characteristics of Doppler velocities from528

observations of the stratiform shield and anvil outflows.529

The Doppler velocities combined with the DFRs provide insights into the processes occurring530

in the anvil outflow and stratiform shield. In the stratiform shield layer, the DFRs and Doppler531

velocities steadily increase towards the surface indicating particles growing by aggregation as they532
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fall - and falling faster with size and mass. The Nts and Dms also show that with increasing size there533

are fewer particles (Fig. 5). The combination of in-situ and remote sensing observations support534

the occurrence of aggregation above the melting layer. In the anvil outflow, there is an increase535

in DFRs and Doppler velocities with decreasing height indicating size sorting and aggregation as536

well (Fig. 7). However, there are also enhanced DFRs at higher levels and large particles (Fig 12).537

The Doppler velocities show upward movement and substantial variability in the anvil outflow538

suggesting that vertical motions may loft larger particles upward.539

4. Discussion540

a. Unique events541

The analysis of in-situ microphysics and remote sensing observations highlights two unique storm542

regimes from MC3E in the same geographic region separated by a few days. The convective line543

stratiform shield (20 May) primarily featured observations of ice particles falling above the melting544

level and the trailing ice clouds at the end of the storm. The reflectivities, Doppler velocities545

and DFRs increase toward the melting level, and the PSDs broaden to include larger sizes with546

increasing relative number of aggregates. These variables suggest ice particle aggregation as the547

particles fall through the cloud depth. In general, the PSDs in the supercell anvil outflow (23548

May) contained larger particles compared to the stratiform shield, with numerous large aggregate549

particles at higher and colder levels. The deep convective cells resulted in anvil outflows with550

CTHs extending to 13 km ASL (Fig. 12). Increasing reflectivities, Doppler velocities, and DFRs551

with decreasing altitude also suggest the occurrence of aggregation and size sorting. However,552

enhanced DFRs at higher levels and the upward Doppler velocities in the anvil outflow possibly553

support vertical motions lofting large particles higher levels.554

b. Sensitivity to Habit555

There are numerous combinations of particle scattering (and mass-dimensional) properties that556

can be used to find agreement with aircraft radar observations. The UIOOPS criteria were used to557

inform the types of particles simulated for each category. While there are inherent uncertainties558

in particle identification (Schima et al. 2024), the particle descriptions provide an input for habit559

type and decisions for forward modeling that we then assess by comparing the range of simulated560
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reflectivities against observed reflectivities. In addition, the habit categories combined with the561

Dm values and radar reflectivity profiles provide additional insights to inferred processes such as562

aggregation. Some particle choices have a larger impact on the reflectivity. In general, PSDs563

with smaller particles were less sensitive to the type of particles used in simulating reflectivity564

with exceptions such as solid ice spheres, which have a high impact on reflectivities resulting565

from the large m-D exponent (figure not shown). The graupel and aggregate categories, which are566

represented by larger particles, were sensitive to the riming assumptions from the databases.567

Changes to the graupel and aggregate characteristics have large effects on the forward modeled568

reflectivities which span a range of ∼20 dB depending on the amount of riming. Although the569

supercell event (23 May) had been documented to have hail (Heymsfield et al. 2013b), the use of570

the dense graupel particle (LeionenC) to forward model the microphysics in the anvil outflow leads571

to reflectivity overestimates. The simulated anvil reflectivities are more aligned with the HIWRAP572

observations when the graupel particles are represented as aggregates (Fig. 12). The detailed573

example of a collocated segment of remote sensing observations in Fig. 10d shows agreement of574

HIWRAP observations and BF95 reflectivities. The BF95 mass-dimensional relationship implies575

less mass for a given particle size compared to HY10 (Fig. 3). This supports the assertion that the576

particles are less dense for a given aggregate and graupel particle, but when assuming a lower m-D577

graupel particle, some riming is needed for the reflectivities to be consistent with those that were578

observed.579

In the stratiform shield following the convective line, changes in the riming assumption on the580

aggregate particles lead to variations in forward modeled reflectivities of ∼20 dBZ. In particular,581

denser particles are needed at lower altitude legs in order for simulated reflectivities to be consistent582

with the observations (Fig. 11). In general the DFRs were insensitive to the graupel type, but583

responded substantially to the aggregate riming. In contrast to the anvil outflow, the stratiform584

shield example matched well with the HY10 reflectivities (Fig. 9d), which implies a higher IWC585

content (Fig. 3, 5). While dense graupel particles were not necessarily likely to form in the586

stratiform shield layer (fairly invariable vertical wind speeds, no icing detection of supercooled587

liquid from the Citation observations), the results indicate that a higher mass/IWC was needed to588

realistically forward model the reflectivities. The Nevzorov probe was used for measurements in589
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the MC3E, but is known to underestimate total water content and IWC (Korolev et al. 2013; Wang590

et al. 2015), which makes it difficult to use these in-situ observations to assess the bulk IWC.591

c. Broader Connections592

Various studies have investigated characteristics of anvil and stratiform clouds in convective593

environments, which provide additional context for these MC3E results. Bouniol et al. (2010)594

characterized properties of anvils from deep convection in West Africa using W-band and in-situ595

observations. They found rimed aggregates were the predominant particle in 2DC observations596

from the stratiform anvil region. They also compared computed reflectivities from BF95, and597

found an underestimate compared to the observed W-band. In the CRYSTAL-FACE campaign598

(Cirrus Regional Study of Tropical Anvils and Cirrus Layers [CRYSTAL] Florida Area Cirrus599

Experiment [FACE]), Heymsfield et al. (2004) used in-situ observations to assess ice particle600

density and found rimed aggregates in convectively generated cloud regions. Stechman et al.601

(2020) used aircraft in-situ and radar observations from the BAMEX (Bow Echo and Mesoscale602

Convective Vortex Experiment) and PECAN (Plains Elevated Convection at Night) to analyze603

hydrometeor characteristics in different parts of MCSs. They show aggregation was observed in604

all of the zones (transition zone, enhanced stratiform region, and anvil regions), and they note that605

environmental conditions (relative humidity) affect the sublimation and aggregation processes.606

Results presented here in this study and in previous papers emphasize the prevalence of aggregates607

in clouds associated with convection- and the need to also explore riming on cloud particles.608

The utility of multi-frequency and multi-measurement perspectives have also been highlighted609

in several field campaign studies. Using in-situ and aircraft radar observations from multiple field610

campaigns (including MC3E), Duffy et al. (2021) show that relationships between Dm and DFR611

are more effective for retrieving Dm compared to relationships between the reflectivity and Dm, and612

that the empirical DFR-Dm relationships vary with temperature. The IMPACTS (Investigation of613

Microphysics and Precipitation for Atlantic Coast-Threatening Snowstorms; McMurdie et al., 2022)614

field campaign featured collocated in-situ and multi-frequency radar observations of winter storms.615

Finlon et al. (2022) use DFRs (X, Ku, Ka, W) and in-situ observations from IMPACTS to evaluate616

a preexisting neural network radar retrieval Chase et al. (2021), and found that the combination of617

observations and retrievals can be used to infer microphysical processes. Heymsfield et al. (2023)618
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assessed relationships between four radar wavelengths (X, Ku, Ka, W) and ice microphysical619

properties including PSDs, Dm and IWC in the context of different particle models (e.g. T-Matrix,620

SSRGA), and found differences in the impact of the particle representation on reflectivities and621

describe that SSRGA methods adequately simulates reflectivities. Tridon et al. (2019) use triple-622

frequency (Ku, Ka, W) radars with airborne in-situ observations from the Olympic Mountains623

Experiment (OLYMPEx) to relate particle mass/size and DFRs to particle type and processes.624

They compare forward modeled reflectivities for SSRGA aggregates to find agreement with varying625

amounts of riming assumptions along coordinated flight legs in stratiform systems. Additional626

measurements of vertical motions and icing allowed them to directly connect the SSRGA rimed627

aggregates to reflectivity increases resulting from increased riming along the flight legs.628

5. Conclusions629

In this study, MC3E field campaign observations of in-situ probe and radar remote sensing data630

were used in concert with a radar forward model to explore the relationships between microphysical631

properties and radar reflectivity. PSDs and habits were obtained from processed optical array probe632

data. The habit categories were used to inform the assumed ice crystal shape and degree of riming633

in simulation of reflectivities, and several forward model tests were evaluated using various ice634

particle habit mixtures. While the two cases explored in this study were only a few days apart and635

in the same region, the storm systems were distinct and provide a separate look into the stratiform636

region following a convective line (20 May), and anvil flow from supercell convection (23 May).637

Ice particle characteristics, environmental conditions, and the radar observations are presented to638

provide a multi-measurement perspective on these distinct convective events.639

Combining the in-situ microphysical observations with the remote sensing variables highlights640

the utility in multi-measurement perspectives, and deepens our understanding of ice phase particles641

and anvil clouds. Processes such as aggregation were inferred in the stratiform region and anvil642

through the PSDs, habit-specific Nt, and changes in the reflectivities, DFRs, and Doppler velocities.643

The DFRs are sensitive to the change in particle size with decreasing altitude. In addition, HIWRAP644

Doppler velocities also suggest upward vertical motions in the anvil outflow, which may loft larger645

particles upward.646
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Forward modeled radar reflectivities from different particle mixtures were compared to HIWRAP647

reflectivities and DFRs (Ku-Ka). The simulations tested the impact of increasing the riming on648

the aggregate particles, and the impacts of using a lightly rimed aggregate versus dense graupel649

to represent the graupel category. By changing these particles, the tests also assess the impact of650

increasing the IWC on the reflectivities because these particles have an implied mass-dimensional651

relationship. The simulated reflectivities were highly sensitive to the riming assumptions on the652

aggregate category. In the stratiform shield case, both graupel tests could be used to simulate the653

HIWRAP reflectivity and DFR distributions by altering the riming on the aggregate particles. In654

contrast, in the anvil outflow, the graupel test using a dense graupel particle would overestimate655

compared to the HIWRAP reflectivities. The DFR results in this study focused on the Ku- and Ka-656

band because the MC3E aircraft observations from HIWRAP include only the Ku- and Ka-band.657

The DFR signal stands out for larger particles, and the difference in frequencies cannot be used to658

constrain microphysics of smaller particles. By expanding to include differences from additional659

frequencies (e.g. W, G), future work may analyze particle sizes and habits that are too small to660

influence the Ku-Ka.661

In relating ice microphysics and radar remote sensing variables, there are numerous possible662

combinations and relationships. Some examples include mass-dimensional relationships, fallspeed663

relationships, and reflectivity and ice water content relationships. This study emphasizes that there664

are a range of outcomes that can produce the aircraft radar observations. It is important to assess665

the environmental and microphysical characteristics associated with these events for developing666

and constraining future radar retrievals and algorithms. By testing combinations of particles, we667

seek to develop an understanding of the hydrometeors simulated in a weather model and how668

those can be related to hydrometeors observed by a spaceborne radar. Upcoming satellite missions669

such as INCUS will observe deep convection and obtain convective mass flux; in-situ and remote670

sensing observations of ice particles in convective environments provide insights to the ice particles671

lofted upward. Future work should continue to expand upon analysis in a broader range of field672

campaigns with measurements in maritime, mountainous and other unique environments as INCUS673

will sample vast tropical and mid-latitude regions.674
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Krämer, M., and Coauthors, 2020: A microphysics guide to cirrus–part 2: Climatologies of clouds788

and humidity from observations. Atmospheric Chemistry and Physics, 20 (21), 12 569–12 608.789

Kumjian, M. R., S. Mishra, S. E. Giangrande, T. Toto, A. V. Ryzhkov, and A. Bansemer, 2016:790

Polarimetric radar and aircraft observations of saggy bright bands during mc3e. Journal of791

Geophysical Research: Atmospheres, 121 (7), 3584–3607.792

Lawson, R., and Coauthors, 2019: A review of ice particle shapes in cirrus formed in situ and in793

anvils. Journal of Geophysical Research: Atmospheres, 124 (17-18), 10 049–10 090.794

Leinonen, J., and W. Szyrmer, 2015: Radar signatures of snowflake riming: A modeling study.795

Earth and Space Science, 2 (8), 346–358.796

Li, D., C. Zhao, Z. Yue, C. Liu, Y. Sun, and J. B. Cohen, 2022: Response of cloud and precip-797

itation properties to seeding at a supercooled cloud-top layer. Earth and Space Science, 9 (9),798

e2021EA001 791.799

Li, D., and Coauthors, 2024: Seeding invigoration effect of ice-containing clouds on lower con-800

vective clouds during meiyu season in 2020. Atmospheric Research, 301, 107 288.801

Li, L., and Coauthors, 2015: The nasa high-altitude imaging wind and rain airborne profiler. IEEE802

Transactions on Geoscience and Remote Sensing, 54 (1), 298–310.803

Libbrecht, K. G., 2017: Physical dynamics of ice crystal growth. Annual Review of Materials804

Research, 47 (1), 271–295.805

Liu, C.-L., and A. J. Illingworth, 2000: Toward more accurate retrievals of ice water content from806

radar measurements of clouds. Journal of applied meteorology, 39 (7), 1130–1146.807

36



Liu, S., C. Zhao, Y. Zhou, Z. Wu, and Z. Hu, 2022: Multi-case analysis of ice particle properties808

of stratiform clouds using in situ aircraft observations in hebei, china. Atmosphere, 13 (2), 200.809

Locatelli, J. D., and P. V. Hobbs, 1974: Fall speeds and masses of solid precipitation particles.810

Journal of Geophysical Research, 79 (15), 2185–2197.811
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Maahn, M., D. D. Turner, U. Löhnert, D. J. Posselt, K. Ebell, G. G. Mace, and J. M. Comstock,815

2020: Optimal estimation retrievals and their uncertainties: What every atmospheric scientist816

should know. Bulletin of the American Meteorological Society, 101 (9), E1512–E1523.817

Mace, G. G., A. Protat, S. Benson, and P. McGlynn, 2023: Inferring the properties of snow in818

southern ocean shallow convection and frontal systems using dual-polarization c-band radar.819

Journal of Applied Meteorology and Climatology, 62 (4), 467–487.820

Maherndl, N., M. Maahn, F. Tridon, J. Leinonen, D. Ori, and S. Kneifel, 2023: A riming-dependent821

parameterization of scattering by snowflakes using the self-similar rayleigh–gans approximation.822

Quarterly Journal of the Royal Meteorological Society, 149 (757), 3562–3581.823

Marinescu, P., S. van den Heever, S. Saleeby, and S. Kreidenweis, 2016: The microphysical824

contributions to and evolution of latent heating profiles in two mc3e mcss. Journal of Geophysical825

Research: Atmospheres, 121 (13), 7913–7935.826

Mascio, J., Z. Xu, and G. G. Mace, 2017: The mass-dimensional properties of cirrus clouds during827

tc4. Journal of Geophysical Research: Atmospheres, 122 (19), 10–402.828

Matrosov, S. Y., M. Maahn, and G. De Boer, 2019: Observational and modeling study of ice829

hydrometeor radar dual-wavelength ratios. Journal of Applied Meteorology and Climatology,830

58 (9), 2005–2017.831

McFarquhar, G. M., J. A. Finlon, D. M. Stechman, W. Wu, R. Jackson, and M. Freer, 2018:832

University of illinois/oklahoma optical array probe (oap) processing software.833

37



McMurdie, L. A., and Coauthors, 2022: Chasing snowstorms: The investigation of microphysics834

and precipitation for atlantic coast-threatening snowstorms (impacts) campaign. Bulletin of the835

American Meteorological Society, 103 (5), E1243–E1269.836

Nakaya, U., 1954: Snow crystals: natural and artificial. Harvard University Press.837

Ori, D., L. von Terzi, M. Karrer, and S. Kneifel, 2021: snowscatt 1.0: consistent model of838

microphysical and scattering properties of rimed and unrimed snowflakes based on the self-839

similar rayleigh–gans approximation. Geoscientific Model Development, 14 (3), 1511–1531.840

Oue, M., A. Tatarevic, P. Kollias, D. Wang, K. Yu, and A. M. Vogelmann, 2020: The cloud-841

resolving model radar simulator (cr-sim) version 3.3: description and applications of a virtual842

observatory. Geoscientific Model Development, 13 (4), 1975–1998.843

Prein, A. F., and A. J. Heymsfield, 2020: Increased melting level height impacts surface precipita-844

tion phase and intensity. Nature Climate Change, 10 (8), 771–776.845

Roh, W., M. Satoh, Y. Hagihara, H. Horie, Y. Ohno, and T. Kubuta, 2023: An evaluation of846

microphysics in a numerical model using doppler velocity measured by ground-based radar for847

application to the earthcare satellite. EGUsphere, 2023, 1–20.848

Schima, J., and Coauthors, 2024: A multi-probe automated classification of ice crystal habits849

during the impacts campaign. Journal of Geophysical Research: Atmospheres, 129 (22),850

e2024JD040 895.851

Schumacher, C., and A. Funk, 2023: Assessing convective-stratiform precipitation regimes in the852

tropics and extratropics with the gpm satellite radar. Geophysical Research Letters, 50 (14),853

e2023GL102 786.854

Stechman, D. M., G. M. McFarquhar, R. M. Rauber, B. F. Jewett, and R. A. Black, 2020: Composite855

in situ microphysical analysis of all spiral vertical profiles executed within bamex and pecan856

mesoscale convective systems. Journal of the atmospheric sciences, 77 (7), 2541–2565.857

Stephens, G. L., K. A. Shiro, M. Z. Hakuba, H. Takahashi, J. A. Pilewskie, T. Andrews, C. J.858

Stubenrauch, and L. Wu, 2024: Tropical deep convection, cloud feedbacks and climate sensitiv-859

ity. Surveys in Geophysics, 1–29.860

38



Sy, O. O., and Coauthors, 2020: Impact of mass–size parameterizations of frozen hydrometeors861

on microphysical retrievals: Evaluation by matching radar to in situ observations from gcpex862

and olympex. Journal of Atmospheric and Oceanic Technology, 37 (6), 993–1012.863

Tanelli, S., S. L. Durden, and E. Im, 2006: Simultaneous measurements of ku-and ka-band sea864

surface cross sections by an airborne radar. IEEE Geoscience and remote sensing letters, 3 (3),865

359–363.866

Tridon, F., and Coauthors, 2019: The microphysics of stratiform precipitation during olympex:867

Compatibility between triple-frequency radar and airborne in situ observations. Journal of868

Geophysical Research: Atmospheres, 124 (15), 8764–8792.869

van den Heever, S., 2021: Nasa selects new mission to study storms, impacts on climate models.870

NASA Earth.871

Wang, J., X. Dong, and B. Xi, 2015: Investigation of ice cloud microphysical properties of dcss872

using aircraft in situ measurements during mc3e over the arm sgp site. Journal of Geophysical873

Research: Atmospheres, 120 (8), 3533–3552.874

39


