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KEY POINTS 28 

• Airborne radar, lidar, and thermodynamic data are used to determine Southern Ocean cloud 29 

top phase as a function of cloud top temperature.  30 

• Considering only clouds with subfreezing cloud top temperatures, the dominant phase at 31 

cloud top in 74.9% of clouds was liquid.  32 

• Liquid-bearing cloud tops were even found at temperatures as cold as -30ºC.  33 

ABSTRACT 34 

For a given cloud, whether the cloud top is predominately made up of ice crystals or 35 

supercooled liquid droplets plays a large role in the clouds overall radiative effects. This study 36 

uses collocated airborne radar, lidar, and thermodynamic data from twelve high-altitude flight legs 37 

during the Southern Ocean Clouds, Radiation, Aerosol Transport Experimental Study 38 

(SOCRATES) to characterize Southern Ocean (SO) cold sector cloud top phase (i.e., within 96 m 39 

of top) as a function of cloud top temperature (CTT).  A training dataset was developed to create 40 

probabilistic phase classifications based on High Spectral Resolution Lidar data and Cloud Radar 41 

data.  These classifications were then used to identify dominant cloud top phase.  Case studies are 42 

presented illustrating examples of supercooled liquid water at cloud top at different CTT ranges 43 

over the SO (-3ºC < CTTs < -28ºC). During SOCRATES, 67.4% of sampled cloud top had CTTs 44 

less than 0ºC.  Of the subfreezing cloud tops sampled, 91.7% had supercooled liquid water present 45 

in the top 96 m and 74.9% were classified entirely as liquid-bearing. Liquid-bearing cloud tops 46 

were found at CTTs as cold as -30ºC. Horizontal cloud extent was also determined as a function 47 

of median cloud top height.   48 

PLAIN LANGUAGE SUMMARY 49 
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Low-level clouds over the Southern Ocean have a large effect on the region’s radiation 50 

budget.  The radiation budget is strongly influenced by the phase (liquid or ice) of cloud tops, 51 

which is where most solar radiation is reflected, and most infrared radiation is radiated to space.  52 

For this reason, identifying the phase of cloud tops is important.  In this study, airborne radar, lidar, 53 

and temperature data from twelve high-altitude flight legs during the Southern Ocean Clouds, 54 

Radiation, Aerosol Transport Experimental Study (SOCRATES) are used to characterize Southern 55 

Ocean cloud top phase as a function of cloud top temperature.  The results show that liquid is the 56 

dominant phase present in clouds over the Southern Ocean, with liquid present at cloud top 57 

temperatures as cold as -30°C. 58 

59 
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1. Introduction 60 

The Southern Ocean (SO) is characterized by a high frequency of extratropical cyclones (e.g. 61 

Simmonds & Keay, 2000; Hoskins & Hodges, 2005).  While these storms are dominated by deep 62 

frontal cloud cover, their cold sectors are often characterized by subsidence aloft and low-level 63 

stratocumulus typical of a shallow surface-based well-mixed layer (e.g. Haynes et al., 2011). 64 

Climatologies over the region suggest that more than 80% of the SO is covered by low-level cloud 65 

cover at any given time regardless of season (e.g. Hu et al., 2010; Haynes et al., 2011; McCoy et 66 

al., 2014a,b).  Huang et al. (2014) noted that most of these low-level clouds have cloud top 67 

temperatures (CTTs) between -20ºC and 0ºC. 68 

Low-level SO clouds are a large source of uncertainty in global climate models (GCMs) and 69 

have a large effect on the region’s radiation budget.  GCMs have been shown to have large biases 70 

in top of atmosphere radiation fluxes and often underestimate the amount of reflected shortwave 71 

radiation over the region on the order of 10 W m-2 (e.g. Li et al., 2013; Kay et al., 2012; Bodas-72 

Salcedo et al., 2014; D’Alessandro et al., 2019) as a result of low simulated cloud fraction and less 73 

supercooled liquid water (SLW) at cloud top, contrary to available observations over the region 74 

(e.g. Bodas-Salcedo et al., 2016; Kay et al., 2016).  Several modeling studies have attempted to 75 

reduce GCM uncertainty in shortwave biases over the SO.  Recent studies have shown that 76 

reflected shortwave radiation can be increased by changing the distribution of relative humidity 77 

used for depositional growth of ice crystals (e.g. Furtado et al., 2017; D’Alessandro et al., 2019) 78 

or by changing the phase of cloud water detrained from convection (Kay et al., 2016).  These 79 

studies produced representations of SO clouds that made them more reflective, but shortwave 80 

biases have not been completely resolved using these changes in methodology and/or 81 

parameterization. Satellite retrievals over the SO also indicate a higher frequency of multilayer 82 
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mixed‐phase clouds making them different from elsewhere in the world (e.g. Huang et al., 2014; 83 

McCoy et al., 2014b, 2015; Tan et al., 2016). The higher occurrence of multi-layer mixed phase 84 

clouds may also play a role in the overall shortwave radiation bias present in climate models with 85 

multi-layered clouds introducing another level of uncertainty.  86 

The prevalence of SLW over the SO is supported by a limited number of recent in-situ studies.  87 

The HIAPER Pole to Pole Observations (HIPPO; Chubb et al., 2013) 2009 – 2011 field campaign 88 

flew two research flights over the SO and recorded the first in-situ microphysics observations south 89 

of Macquarie Island (54ºS).  SLW was observed in SO clouds at temperatures as low as -22ºC 90 

(Chubb et al., 2013). Ahn et al. (2017) detailed in-situ observations from 20 flights made over the 91 

SO to the southwest of Tasmania during the southern hemisphere winter. Of the clouds sampled, 92 

36.7% were mixed phase, 1.8% were glaciated, and 61.5% were liquid.  Huang et al. (2017) 93 

compared in situ measurements with A-train (e.g. L’Ecuyer & Jiang 2010; Ackerman et al., 2018) 94 

observations to confirm that patchy mixed-phase cloud cover present over the SO was 95 

predominately supercooled. Mace & Protat (2018a,b) analyzed data from the Clouds, Aerosols, 96 

Precipitation, Radiation, and atmospheric Composition Over the southeRn OceaN (CAPRICORN; 97 

Protat et al. 2017; Mace & Protat 2018a,b) voyage during the Southern Hemisphere spring of 2016 98 

and used thermodynamic phase partitioning to compare upward-pointing lidar observations with 99 

the satellite-based Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP; Winker et al. 100 

2009). Mace & Protat (2018a,b) found a greater occurrence of ice phase in subfreezing low level 101 

clouds than what was reported by CALIOP.  102 

The common presence of SLW at cloud top is supported by other satellite studies over the SO. 103 

Hu et al. (2010) used CALIOP cloud phase measurements and found that more than 95% of low-104 

level clouds (cloud top height lower than 2 km) with CTTs between -40ºC and 0ºC were liquid and 105 
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that the majority of supercooled clouds present were located within extratropical cyclone storm 106 

tracks.  Huang et al. (2012a,b; 2015) showed a large occurrence of SLW over the SO with a large 107 

fraction of supercooled liquid cloud tops similar to that reported by Hu et al. (2010). Bodas-108 

Salcedo et al. (2016) used a combination of A-train satellite observations and radiative transfer 109 

calculations to quantify the impact of cloud top phase on reflected solar radiation over the SO. 110 

They classified cloud top phase using three different methods and found supercooled cloud top 111 

occurrence ranging from 60-84%. Modeling showed that clouds with SLW at cloud top contributed 112 

between 27% and 38% of the total reflected solar radiation between 40ºS and 70ºS. Beyond these 113 

studies little work has been done to determine cloud top phase over the SO, especially from an 114 

airborne radar and lidar remote sensing perspective. 115 

Understanding cloud properties over the SO is crucial as many uncertainties remain regarding 116 

their fine-scale structure and phase composition.  From 15 January to 24 February 2018, the 117 

National Science Foundation (NSF)/National Center for Atmospheric Research (NCAR) 118 

Gulfstream-V (GV) High-performance Instrumented Platform for Environmental Research 119 

(HIAPER) aircraft flew over the SO during the SO Clouds, Radiation, Aerosol Transport 120 

Experimental Study (SOCRATES; McFarquhar et al. 2017) to make remote and in-situ 121 

measurements of the microphysical structure of boundary layer clouds.  SOCRATES collected 122 

remote sensing and in-situ data that extends upon previous field campaigns over the SO.  The 123 

addition of radar, lidar, and thermodynamic profiles collected during the campaign allows for more 124 

accurate quantification of cloud top phase (CTP).  125 

The objective of this study is to quantify, using airborne lidar, W-band radar, and dropsonde 126 

measurements, the fraction of sampled cold sector cloud tops observed during SOCRATES 127 

dominated by SLW as a function of CTT.  Phase identification is based on a lidar phase detection 128 
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scheme, developed herein, that can differentiate between regions of cloud top dominated by liquid 129 

or ice.  The remainder of this paper is organized as follows. Section 2 details the flight strategy, 130 

data used, and methodology employed to process the radar, lidar, and dropsonde data.  The lidar 131 

phase classification algorithm is described in Sec. 3, cloud top identification in Sec. 4, an overview 132 

of sampled cloud characteristics in Sec. 5, case studies illustrating SLW at cloud top at a range of 133 

CTTs in Sec 6, and CTP characteristics in Section 7. Sec. 8 considers potential phase 134 

characterization of cloud tops characterized by the phase identification algorithm as uncertain. Key 135 

findings are summarized in Sec. 9. 136 

2. Data Overview 137 

This paper uses data collected by the HIAPER Cloud Radar (HCR), the HIAPER High Spectral 138 

Resolution Lidar (HSRL), and dropsonde data during twelve of the fifteen SOCRATES research 139 

flights that occurred in January and February 2018.  These 12 flights were the only flights when 140 

thermodynamic, lidar, and radar data coexist.  Dropsondes were not available on the other three 141 

flights.   142 

The GV primarily sampled low-level boundary layer clouds in the cold sector of SO 143 

extratropical cyclones. Each SOCRATES research flight consisted of an initial high-altitude flight 144 

leg southbound at approximately 5.5 km above sea level (ASL) over the SO from Hobart, 145 

Tasmania (42.9ºS, 147.5ºE) to approximately 62ºS.  To sample clouds below the aircraft altitude 146 

during these initial legs, the HCR was pointed at nadir and the HSRL 4º off nadir (with the beam 147 

pointed normal to the aircraft flight direction) to avoid specular reflection from ice particles.  148 

Dropsondes were also periodically deployed (Fig. 1). Table 1 summarizes the times of the high-149 

altitude flight legs analyzed in this paper and the number of dropsondes deployed during each leg.  150 

2.1 HCR Data 151 
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The HCR and its calibrations are described in Rauber et al. (2017).  The HCR is a W-band 152 

Doppler radar mounted beneath the right wing of the GV that can detect ice particles, cloud 153 

droplets, and drizzle and has a 0.7º beamwidth.  For SOCRATES, the HCR range resolution was 154 

19.2 m, the along track resolution was 24 m at 1 km and 135 m at 5.5 km below the aircraft,  and 155 

the temporal resolution was 10 Hz. HCR measurements of equivalent reflectivity factor (hereafter, 156 

reflectivity, Ze), and vertical Doppler radial velocity (Vr) are used in this analysis (see Appendix B 157 

for a variable list).  Precise quantitative estimates of Ze were not required for this study, so no 158 

attempt to correct Ze for attenuation was made.  159 

 The HCR data was quality controlled at NCAR.  Range gates were first masked if the noise 160 

power exceeded the signal power. Then, if the HCR signal to noise ratio (SNR) was less than -10 161 

dB, and the HCR normalized coherent power (NCP) was less than 0.1, range gates were masked 162 

as missing.  Individual radar beams were then checked for isolated range gates that were only 1 or 163 

2 gates in length.  If isolated gates were surrounded by missing values, they too were masked as 164 

missing.  Fig. 2a-b show NCP and SNR for RF02, and Fig. 2c shows Ze (in dBZe) after the NCAR 165 

thresholds were applied. 166 

2.2 HSRL Data 167 

The HSRL (HSRL; Razenkov et al, 2002; Eloranta et al., 2005; Eloranta et al., 2008; 168 

HIAPER HSRL; Albrecht et al., 2019; Schwartz et al., 2019) is a 532 nm wavelength, 300 mW 169 

lidar with a 7.5 m range resolution, and a temporal resolution of 2 Hz. The HSRL measures the 170 

backscatter optical power in separate combined (particle and molecular), molecular, and cross 171 

polarized channels to calculate the backscatter coefficient (β) and linear depolarization ratio (δp) 172 

of the return signal from cloud and aerosol particles. The quantity β is a measure of how strongly 173 

the volume sampled scatters light back to the lidar at a 180º scattering angle. It is obtained through 174 
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the ratio of total combined (particle and molecular) backscatter to molecular backscatter and 175 

represents the linear sum of the backscatter cross section of each particle present in the sample 176 

volume. The quantity δp measures the degree to which particles in a scattering volume modify the 177 

polarization state of incident light. The linear depolarization ratio is obtained using combined and 178 

cross-polarized returns and the ratio of total to molecular scattering. It is calculated under the 179 

assumption that the particles are randomly oriented and is an indicator of the asphericity of 180 

particles in a scattering volume. In this paper, these two lidar parameters (β and δp) will be used to 181 

discriminate between ice, liquid, and aerosol populations. In the case of δp, the diluting effect of 182 

molecular scattering within a sampled volume has been removed. Individual lidar range gates were 183 

masked by NCAR prior to data release when δp returns were unphysical (less than 0 or greater than 184 

1) or if the photon counts in the combined high (parallel polarized) channel were below two 185 

photons because there was not high enough molecular SNR to calculate δp.  186 

2.3 NCAR Merged HCR/HSRL Dataset 187 

After applying the HCR and HSRL threshold masks described above, NCAR interpolated the 188 

HCR and HSRL data to a uniform georeferenced grid of 2 Hz temporal and 19.2 m vertical 189 

resolution. First, the HCR data were averaged to 2 Hz to match the HSRL sampling rate.  Then the 190 

closest HSRL range gate to each HCR range gate was used to resample the HSRL data to match 191 

the HCR range resolution.  The HSRL did not observe the exact same cloud region as the HCR 192 

because it was pointed 4° off nadir to avoid specular reflection from ice crystals during high-193 

altitude legs. The differences between the HSRL beam and the HCR beam for a flight altitude of 194 

5.5 km was 70 m 1 km below the GV, 245 m 3.5 km below the GV (boundary layer cloud top at 2 195 

km), and 385 m 5.5 km (the ocean surface) below the GV (Schwartz et al., 2019). The average 196 

width of a cloud top generating cell sampled over the SO was 395 ± 162 m (Wang et al., 2020).  If 197 
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cloud top height in the lower boundary layer was ~2 km, for example, different parts of cloud top 198 

could be sampled simultaneously by the HCR and HSRL. These differences have no impact on the 199 

phase identification algorithm, since the HCR is only used to locate warm clouds with cloud top 200 

temperatures > 0°C, and used to identify periods where the aircraft was flying through cloud that 201 

had temperatures < -10ºC (see Sec. 3.3). 202 

The merged HCR/HSRL dataset consisted of vertical atmospheric columns that had along-203 

track horizontal resolution of 75 to 110 m, depending on aircraft ground speed. Each column 204 

contained volume elements with 19.2 m vertical resolution.  With the GV flying at approximately 205 

5.5 km, a vertical column contained 286 volume elements, hereafter referred to as elements.  The 206 

first 22 elements (422.4 m) sampled below the aircraft in each column were masked to eliminate 207 

near field effects of the aircraft. Elements within 100 m of the ocean surface were also masked to 208 

avoid contamination by the ocean surface.  Fig. 3 summarizes the processing steps used to develop 209 

the phase classification algorithm, and the sections of the paper where each step is described.  210 

2.4 Dropsonde Data 211 

Temperature from dropsonde curtains was incorporated into the HCR/HSRL merged dataset. 212 

The average vertical resolution of all dropsondes used in this analysis was 13.2 m, the average 213 

horizontal displacement between flight level and the surface was 8.4 km (See Table 1 for ranges 214 

from each research flight), the average distance between dropsondes launched was 174.3 km  (See 215 

Table 1 for ranges from each research flight), and the accuracy of the dropsonde sensors was  216 

0.2C for temperature (UCAR, 2020). Dropsonde data were interpolated back to the closest great 217 

circle distance between the dropsonde position and the flight track (i.e. to the closest HCR/HSRL 218 

column) and then the height was matched to the closest column element in the merged HCR/HSRL 219 
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dataset.  The dropsonde data were then interpolated using a linear interpolation over the entire 220 

high-altitude cross section to the center of all elements in the HCR/HSRL merged dataset. 221 

2.5 Cloud liquid water measurements 222 

Measurements from a cloud droplet probe (CDP; Lance et al., 2010; Lance, 2012), Rosemount 223 

Icing Detector (RICE; Baumgardner & Rodi, 1989), and a 2D stereo probe (2D-S; Lawson et al., 224 

2006) were used to determine if SLW was present while the GV was flying through cloud during 225 

high-altitude flight legs.  The CDP measures the number concentrations of droplets between 2 and 226 

50 m.  Periods with CDP concentrations > 10 cm-3 were identified as potential periods with SLW 227 

present (e.g. Hobbs and Rangno, 1998; Cober et al., 2001; Lance et al., 2010; Um et al., 2018; 228 

Finlon et al., 2019). The RICE was also used to identify when SLW was present based on voltage 229 

changes. Periods with a voltage change of at least 2 mV s-1 indicated the presence of SLW (Cober 230 

et al., 2001, McFarquhar et al., 2013; Wang et al., 2020).  Cloud liquid water measurements were 231 

made at a rate of 1 Hz and were linearly interpolated to 2 Hz to assign liquid water measurements 232 

to each column. The 2D-S has an optical resolution of 10 m and imaged particle sizes spanning 233 

0.05 < D < 3.2 mm. 2D-S images were subjectively analyzed in order to look for characteristics of 234 

drizzle droplets while the GV was flying through cloud during high-altitude flight legs.  235 

3. Cloud Phase Identification  236 

CTP characterization herein is based on analysis of δp and β in column elements within 96 m 237 

of cloud top. The methodology resembles the approach of past ground-based and spaceborne lidar 238 

analyses that use two-dimensional histograms to classify cloud phase (e.g. Hu, 2007; Hu et al., 239 

2009; Thorsen et al., 2015; Silber et al., 2018).  In these studies, cloud phase was classified along 240 

an entire radar or satellite time series dependent upon where data fell on a two-dimensional δp 241 

versus β histogram.  Several studies set arbitrary fixed boundaries between different regions of the 242 
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two-dimensional histogram to discriminate cloud phase (e.g. Shupe et al., 2007; Luke et al., 2010).  243 

Some, such as Silber et al. (2018), drew boundaries based on minimums between different phase 244 

population distribution peaks on their two-dimensional histograms.  245 

In this paper, a novel approach to identify CTP based on the creation of a training dataset is 246 

introduced.  The approach allows CTP to be classified based on where individual elements fall on 247 

a two-dimensional δp versus β histogram relative to binned probability thresholds determined from 248 

the training dataset. 249 

3.1 Clear Air Mask 250 

Cloud boundaries have been discriminated from their surrounding environment in numerous 251 

ground-based (e.g. Clothiaux et al., 2000; Illingworth et al., 2007; Feng et al., 2014; Shupe et al., 252 

2016), spaceborne (e.g. Liu, 2004; Hart et al., 2005), and airborne studies (e.g. Spinhirne et al., 253 

1982; Cambell et al., 2002; McGill et al., 2004; Wang et al., 2012; Klingebiel et al., 2015; Schwartz 254 

et al., 2019; Albrecht et al., 2019).  To isolate cloudy elements, NCAR applied a clear air mask to 255 

the merged HCR/HSRL dataset to mask all HCR/HSRL elements between the lidar and the highest 256 

cloud top below the aircraft.  Elements were masked as clear air if β < 10-4 m-1 sr-1 and HSRL 257 

molecular SNR < 1, or if the lidar data were previously masked because δp returns were unphysical.  258 

No clear air masking was performed in columns where the aircraft was in cloud.  After the clear 259 

air mask was applied, cloud tops were easily identified in the HSRL data because of the extreme 260 

signal attenuation that occurred beyond cloud top. The clear air mask was examined subjectively 261 

for each flight leg and the resulting cloud boundaries conformed well, with one exception. In the 262 

marine boundary layer (MBL, lowest 1 km over the SO), the clear air mask could not distinguish 263 

between cloud tops and clear air because the signal from aerosol (presumably larger deliquesced 264 

sea-salt haze droplets) exceeded the β and HSRL molecular SNR thresholds. Fig. 2a,b shows the 265 
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original Ze and β as well as elements remaining after the clear air mask was applied (Fig. 2c). The 266 

procedure to separate aerosol from cloud required additional processing (see Sec. 3.4). 267 

3.2 SOCRATES Two-Dimensional Lidar Histogram  268 

Fig. 4 shows the two-dimensional histogram (δp versus β) after the clear air mask was applied 269 

from the twelve high-altitude SOCRATES flight legs regardless of aerosol presence, cloud 270 

presence, or depth beneath cloud top.  Fig. 4 includes cloud elements that could be liquid, ice, or 271 

mixed-phase, elements affected by single or multiple scattering, and elements associated with 272 

aerosol in the MBL.  The bin width for Fig. 4 was 0.01 δp and β of 0.1 m-1 sr-1. The histogram has 273 

three density clusters where specific populations (cloud dominated by liquid, cloud dominated by 274 

ice, and cloud-free aerosol) are likely concentrated based on past lidar studies (e.g. Silber et al. 275 

2018) that examined cloud cover and subsequent phase at visible wavelengths. 276 

3.3 Training Dataset 277 

A training dataset was developed to separate cloud water, cloud ice, and aerosol based on radar, 278 

lidar, thermodynamic, and flight level measurements using the combined dataset for all columns 279 

from the 12 research flights using the following methodology: 280 

To isolate elements composed entirely of cloud liquid water (L), all columns where the clear 281 

air mask extended from the aircraft through the 0°C isotherm, and the noise threshold (NCP > 0.1 282 

or SNR > -10 dB) for Ze was exceeded at altitudes somewhere below the altitude of the 0°C 283 

isotherm were isolated.  Clouds in these columns had CTTs > 0°C and therefore were composed 284 

only of liquid.  The δp versus β were recorded from each of the first five consecutive elements 285 

below the aircraft with NCP > 0.1 or SNR > -10 dB (measurable Ze present). The data from these 286 

five elements from each of the columns satisfying the above criteria together made up the liquid 287 

portion of the training dataset. These data typically had low δp and high β (Fig. 5a). The bin widths 288 
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for Fig. 5(a-c) were 0.01 δp and β of 0.1 m-1 sr-1. There were 26,142 elements included in the liquid 289 

component of the training dataset.  290 

To isolate elements composed entirely of cloud ice (I), columns were identified where the GV 291 

was flying through cloud, and measurable Ze (NCP > 0.1 or SNR > -10 dB) was present in 292 

unmasked lidar elements directly below the aircraft level. Any columns with SLW present at the 293 

aircraft level (CDP concentrations > 10 cm-3, or RICE voltage changes > 2 mV s-1, or 2D-S images 294 

characteristic of drizzle droplets exhibiting probable Poisson spots (Korolev 2007; McFarquhar et 295 

al., 2013)) were rejected.  Elements in the remaining columns were required to have temperatures 296 

< -10ºC and Ze > -10 dBZ. The δp and β data from the first five consecutive elements below the 297 

aircraft satisfying these criteria in each column were assumed to represent cloud ice and their 298 

values recorded.  These elements made up the ice portion of the training dataset shown in Fig. 5b 299 

and typically had higher δp and lower β compared to the liquid training data. There were 18,698 300 

elements included in the ice portion of the training dataset. 301 

To isolate elements with aerosol (A) only, one-second forward facing flight imagery was 302 

visually analyzed to identify columns where the aircraft was far from any clouds and no clouds 303 

were present below the aircraft. The lidar δp and β in unmasked elements were assumed to represent 304 

aerosol. As noted earlier, these unmasked elements occurred exclusively in the boundary layer in 305 

cloud free columns and were assumed to contain deliquesced haze droplets. These elements made 306 

up the aerosol portion of the training dataset shown in Fig. 5c and typically had low δp and low β. 307 

Times used to create the aerosol portion of the training dataset are listed in Table 2.  There were 308 

293,340 elements in the aerosol portion of the training dataset making it much larger than the ice 309 

and liquid portions.  If the boundary layer in a cloud free column was 1 km deep it would have 310 

contributed 52 elements to the aerosol portion of the training dataset.  311 
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3.4 Probability Assignment and Phase Classification  312 

The training dataset was gridded into bins with column (i) increments of 0.025 δp and row (j) 313 

dimensions of 0.25 m sr-1 β (Fig. 5d-f), with each bin containing L(i,j) (number of liquid elements 314 

in a given gridded bin), I(i,j) (number of ice elements in a given gridded bin), and A(i,j) (number of 315 

aerosol elements in a given gridded bin).  Bins with L(i,j) + I(i,j) + A(i,j) < 30 were excluded.  316 

Remaining bins were normalized by the total number of elements identified as L, I, and A 317 

respectively, to account for differences in size of L, I, and A in the training dataset.  318 

𝑚𝐿 (𝑖,𝑗) =
𝐿(𝑖,𝑗)

∑ ∑ 𝐿(𝑖,𝑗)𝒋𝒊
  𝑚𝐼 (𝑖,𝑗) =

𝐼(𝑖,𝑗)

∑ ∑ 𝐼(𝑖,𝑗)𝒋𝒊
  𝑚𝐴 (𝑖,𝑗) =

𝐴(𝑖,𝑗) 

∑ ∑ 𝐴(𝑖,𝑗)𝒋𝒊
 319 

Then, if 
𝑚𝐿 (𝑖,𝑗)

𝑚𝐿 (𝑖,𝑗)+𝑚𝐼 (𝑖,𝑗)+𝑚𝐴 (𝑖,𝑗)
> 0.95, lidar elements within that bin were assumed to be 320 

dominated by liquid.  Similarly, if 
𝑚𝐼 (𝑖,𝑗)

𝑚𝐿 (𝑖,𝑗)+𝑚𝐼 (𝑖,𝑗)+𝑚𝐴 (𝑖,𝑗)
> 0.95, lidar elements were assumed to be 321 

dominated by ice, and if 
𝑚𝐴 (𝑖,𝑗)

𝑚𝐿 (𝑖,𝑗)+𝑚𝐼 (𝑖,𝑗)+𝑚𝐴 (𝑖,𝑗)
> 0.95, lidar elements were assumed to be 322 

deliquesced aerosol. The term “dominated by” is used here to recognize that classification of an 323 

element as liquid does not imply that there was no ice whatsoever in the cloud element, or liquid 324 

in a cloud element classified as ice. The classification represents the dominant phase in that 325 

element based on the lidar measurements at visible wavelengths. Bins falling outside the training 326 

dataset, and bins where the 0.95 threshold for L, I, or A was not met were classified as uncertain. 327 

Fig. 6 shows phase probability in each i, j bin (for L, I, and A) based on the training dataset and 328 

Fig. 7 shows the final phase classification when the 0.95 threshold was used. The sensitivity to the 329 

0.95 threshold was tested on all of the lidar elements by increasing the threshold from 0.95 to 0.99.  330 

Increasing the threshold caused the total number of uncertain elements within the training dataset 331 

to increase by 11.0%. Fig. 2d shows an example from RF02 of assumed phase after classification. 332 
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After classification, an aerosol mask was then employed based on the aerosol classification. 333 

Remaining elements were assumed to be cloud, and made up of liquid, ice, and uncertain elements. 334 

Fig. 2e shows remaining cloud elements present from RF02 after the aerosol mask was applied.  335 

4. Cloud top identification 336 

During the twelve high-altitude flight legs, 153,478 columns were sampled, 64.2% of which 337 

had clouds present with cloud tops detectable below the aircraft, 7.1% where the aircraft was in 338 

cloud and cloud top could not be detected, and 1.4% where the cloud top could not be detected 339 

because it was in the near field 22 elements below the aircraft (see Appendix A).  Columns where 340 

the GV was flying through cloud, or where cloud was present in the first 22 elements beneath the 341 

aircraft were excluded from further analysis because cloud top could not be detected. To isolate 342 

the cloud top region in columns with cloud below the aircraft, the first unmasked element below 343 

the aircraft and the four elements directly beneath it (representing the top 96 m of cloud), were 344 

considered cloud top (Fig. 2f). The temperature and phase of each cloud top element was recorded. 345 

Fig. 2f shows an example of final CTP identification from RF02. 346 

Cloud top was identified in 103,702 atmospheric columns.  64.8% of cloud-containing columns 347 

had cloud with five consecutive elements (Fig. 8).  Cloud depth was at least 96 m in these columns.  348 

In some cases, detected clouds were less than 96 m in depth, either due to complete attenuation of 349 

the lidar signal after cloud top penetration or due to the presence of thin veil clouds.  Of the cloud 350 

containing columns, 35.2% had cloud top depths less than 96 m.  Only 1-3 consecutive elements 351 

were present beneath the initial cloud top element in these cases.  After cloud top identification, 352 

88.9% of all cloud top elements sampled were found to be classified as either dominated by liquid 353 

or dominated by ice. Of all of the cloud top elements sampled, 11.2% were classified as uncertain. 354 

These elements were unidentifiable based on the training dataset and probability threshold noted 355 
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in the previous section. The potential phase characteristics of the uncertain elements are explored 356 

further in Sec. 8 using the HCR data.  357 

5. Cloud Characteristics 358 

 During SOCRATES, the GV primarily sampled broken cumulus, broken stratocumulus, or 359 

continuous widespread stratocumulus in the cold sectors of SO extratropical cyclones.  Fig. 9 360 

shows visible reflectance of clouds over the SO from the Himawari-8 satellite during research 361 

flights in which different cloud regimes were sampled.  Fig. 9a for example, shows that the GV 362 

sampled broken stratocumulus present over the SO during RF02. During RF04, the GV sampled 363 

open cellular convection as well as deep frontal cloud cover (Fig 9B).  During RF06, the GV 364 

primarily sampled clear air helping provide HSRL data needed to build the aerosol training dataset 365 

(Fig. 9C). The GV primarily sampled shallow, broken cumulus during RF07 (Fig. 9D).  During 366 

RF13 (Fig. 9E), the GV sampled widespread nonprecipitating stratocumulus present over the SO.   367 

To better define the characteristics of sampled clouds, horizontal cloud extent dimensions 368 

were analyzed for all of the high-altitude flight legs as a function of median cloud top height (Fig. 369 

10).  A horizontal cloud segment sampled in Fig. 10 was defined as a group of consecutive columns 370 

that contain HSRL detected cloud top.  Columns were analyzed on a column by column basis.  If 371 

consecutive columns contained cloud top that was separated by a height difference of less than 372 

200 m, the new column was considered part of the same cloud segment.  If there was a 200 m jump 373 

or greater in cloud top height between two consecutive columns, a new cloud segment was started. 374 

Using these definitions, 1999 cloud segments were sampled during the 12 high-altitude flight legs 375 

covering 9285 km of the SO of the 14372 km sampled.  The 10th percentile of horizontal cloud 376 

extent ranged from ~80 to 110 m, 25th percentile ranged from ~100 m – 700 m, 50th percentile 377 

ranged from ~200 m -2 km, 75th percentile ranged from ~400 m – 80 km, and 90th percentile ranged 378 
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from ~1 km –110 km (Fig. 10). There were several time periods where widespread unbroken 379 

stratocumulus had cloud tops that varied less than 200 m and extended hundreds of km. In one 380 

case, almost 1000 km.   381 

Most stratocumulus clouds had cloud tops that were < 2.5 km. At the same time, low level 382 

broken cumulus clouds often were located in the same altitude range resulting in a wide range of 383 

horizontal cloud extents when median cloud top height was between 0.5 and 2 km.  Low-level 384 

cumulus typically had small horizontal extents (< 1 km) and were common, resulting in large 385 

segment counts at lower altitudes.  Midlevel clouds were periodically sampled during various high-386 

altitude flight legs but were typically deeper precipitating stratiform clouds that had larger 387 

horizontal cloud extents, evidenced by larger median cloud extents between 3-5 km.   388 

6. Examples of CTP identification within different CTT ranges 389 

Fig. 11 shows an example of liquid cloud tops with 10ºC < CTT < 6ºC during RF14.  Data 390 

from these clouds contributed to the liquid training dataset.  Precipitating clouds are present in two 391 

regions.  Between these regions (22:37:10 – 22:37:30 UTC), cloud top was identified by lidar, but 392 

Ze was below the HCR SNR and NCP thresholds.  These regions were likely composed of thin 393 

clouds with small-enough droplets to be beneath the sensitivity of the HCR. Cloud top is identified 394 

by the HSRL with high β (> -10-4 m-1 sr-1) at cloud top and low δp (< 0.1). Fig. 12 shows an example 395 

of liquid cloud tops with -5ºC < CTT < -3ºC during RF02. Weak updrafts (1-2 m s-1) were present 396 

near cloud top, with ice likely forming and precipitating from the supercooled liquid tops.  Fig. 13 397 

shows an example of supercooled liquid cloud tops with -12ºC < CTT < -9ºC from RF06. This 398 

case illustrates thin stratiform veil clouds that were beneath the sensitivity of the HCR but 399 

detectable by the HSRL.  Cloud tops were classified as liquid.  Forward facing flight level imagery 400 

shown at 00:56:00 and 00:58:00 confirm cloud presence (Fig. 11).  Fig. 14 shows an example of 401 
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cloud tops detected with -18ºC < CTT < -8ºC from RF11.  This case illustrates a deeper cloud 402 

system with ice production in the cloud and a definitive melting layer based on Vr measurements. 403 

Cloud depth and CTT varied substantially. Cloud tops in some regions were classified as liquid, 404 

while others were classified as uncertain.  Uncertain elements in this case typically had low β (< 405 

10-2 m-1 sr-1) and high δp (> 0.1) (not shown). Fig. 15 shows an example of liquid cloud top detected 406 

with -24ºC < CTT < -20 ºC. The cloud was stratiform except near cloud top where weak updrafts 407 

on the order of 1-2 m s-1 were present.  Ice likely formed near cloud top and precipitated based on 408 

Vr of ~-1 m s-1 above the melting level. Precipitation that formed in this case sublimated/evaporated 409 

before reaching the surface at the beginning of the period, but reached the surface later.  Fig. 16 410 

shows an example of liquid cloud top detected with -28ºC < CTT < -26ºC from RF03.  Fall streaks 411 

in the Ze field extend 0.5 – 1 km beneath the cloud top liquid layer at ~4.5 km.  Ice particles were 412 

apparently nucleated within the liquid layer near cloud top and precipitated from the base of the 413 

liquid layer. These data suggest that SLW at cloud top plays an important role in cold-sector SO 414 

clouds even at CTTs at cold as -30ºC. Liquid cloud top identified in these cases typically had high 415 

β (> 10-5 m-1 sr-1) and low δp (< 0.1) based on their distributions of β versus δp (not shown). 416 

7. Cloud top phase characteristics 417 

Table 3 and Fig. 17 summarize the number of cloud-containing columns, cloud top elements 418 

present within those columns, and CTP classifications for each flight.  The complete HCR/HSRL 419 

high-altitude cross section dataset used in this analysis is included in Appendix A.  Appendix A 420 

contains cross sections of Ze, lidar-identified cloud tops, CTP classification for each cloud top 421 

element, and the temperature field for each of the twelve high-altitude flight legs. Of all the cloud 422 

top elements combined, 87.5% were classified as liquid, 1.4% ice, and 11.2% uncertain (Table 3).  423 

The phase of elements as a function of depth within the cloud top region is presented in Fig. 18 424 
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and summarized in Table 4.  The majority of cloud top elements were classified as liquid at depths 425 

up to 96 m beneath cloud top.  Of all the cloud containing columns sampled, 78.5% were classified 426 

only as liquid and 0.5% of cloud-containing columns had cloud tops that were classified only as 427 

ice.  428 

Fig. 19 shows CTP as a function of CTT and distance beneath cloud top. 67.4% of cloud 429 

columns sampled had CTTs that were less than 0°C. Of these columns, 91.7% contained at least 430 

one supercooled liquid element at cloud top and 74.9% had all cloud top elements classified as 431 

liquid. Element phase as a function of CTT is quantified in Table 5.  Fig. 19 shows liquid cloud 432 

top elements present at CTTs as low as -30ºC.  5.6% of cloud top columns sampled had CTTs 433 

between -30 ºC and -20 ºC. Within those columns, 50.4% of elements were classified as liquid and 434 

46.4% as uncertain. Most cloud top elements classified as uncertain were detected at CTTs < -435 

20ºC. Of all the columns sampled, 61.8% had CTTs between -20ºC and 0ºC. Within these columns, 436 

88.7% of the cloud top elements were classified as liquid, 1.5% ice, and 7.7% uncertain.  A 437 

majority of sub-freezing cloud cover over the SO observed during SOCRATES had SLW present 438 

at all CTTs sampled, consistent with satellite observations over the region in previous studies (e.g. 439 

Hu et al., 2010).  440 

8. Further Analysis of the Uncertain Phase 441 

Fig. 20 shows a breakdown of uncertain elements when reflectivity was above the noise 442 

threshold for all twelve high-altitude cross sections to show how β versus δp distributions varied 443 

over 5ºC temperature intervals from -30ºC to 0ºC.  Flights over higher-altitude clouds, such as 444 

RF03, RF04, RF07, and RF11, had more cloud top elements classified as uncertain than those 445 

sampling only boundary layer clouds (e.g. RF02, RF12, and RF14) (see Appendix A). For 446 

example, many cloud top elements classified as uncertain during RF03 typically had CTTs < -447 
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20ºC.  Typical β values in uncertain cloud top elements during RF03 were < 10-6 m-1 sr-1 with 448 

larger δp (> 0.2).  At colder CTTs (< -20ºC) uncertain elements typically had low β (< 10-5 m-1 sr-449 

1) and higher δp (> 0.2) characteristic of ice (Fig. 20a,b).  The infrequent occurrence of these 450 

elements with low β and high δp led them to not be included in the training dataset.  Note that at 451 

these temperatures, a small number of elements had high β (> 10-3 m-1 sr-1) and low δp (< 0.1), 452 

characteristic of liquid.  At temperatures between -20ºC and -10ºC, a transition occurs with the 453 

distribution of uncertain elements shifting from higher δp (mostly > 0.2, Fig. 20c) to progressively 454 

lower δp (mostly < 0.2, Fig. 20d). These elements are likely mixed phase because of the relatively 455 

low β (< 10-4 m-1 sr-1), and progressively more dominated by liquid at higher temperatures. Here, 456 

as with Figs. 20a,b, elements with high β (> 10-3 m-1 sr-1) and low δp (< 0.1) were present, 457 

characteristic of liquid (Fig. 20c,d). At still higher temperatures (>-10ºC) uncertain elements either 458 

had very low β and low δp (< 0.1), or had high β and low δp (< 0.1), largely surrounding the liquid 459 

training dataset. The data in total suggest that most uncertain cloud top elements at temperatures 460 

< -15ºC were mixed phase or ice phase, while those at temperatures > -15 ºC were liquid phase. 461 

9. Conclusions 462 

This study used airborne remote sensing observations to determine and statistically represent 463 

cloud top phase (CTP) of cold sector clouds over the Southern Ocean (SO).  The occurrence of 464 

supercooled liquid water (SLW) is especially important to quantify given its relevance to enhanced 465 

shortwave radiation reflectance.  The main question addressed by this study is what percentage of 466 

cloud cover sampled during the Southern Ocean Clouds, Radiation, Aerosol Transport 467 

Experimental Study (SOCRATES) had SLW at cloud top as a function of cloud top temperature 468 

(CTT).  A training dataset was developed for aerosol, cloud liquid, and cloud ice to create 469 

probabilistic phase classifications based on High Spectral Resolution Lidar (HSRL) data.  These 470 
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classifications were used to differentiate between aerosol and cloud in the lower boundary layer, 471 

identify cloud top, and characterize CTP.  Case studies were also presented illustrating examples 472 

of SLW at cloud top at different ranges of CTTs (-3ºC < CTTs < -28ºC). 473 

The key findings from this analysis of SOCRATES data are:  474 

1) Of all cloud top elements sampled in the top 96 m of cloud top, 87.5% were classified 475 

as liquid, 1.4% ice, and 11.2% were uncertain (meaning they fell outside of the training 476 

dataset). 477 

2) Of all the clouds sampled, 67.4% had cloud tops that were subfreezing. Considering 478 

only these clouds, 91.7% had at least one SLW element present at cloud top and 74.9% 479 

were classified entirely as liquid 480 

3) For cloud tops between -20ºC and 0ºC, 88.7% of the cloud top elements were classified 481 

as liquid, 1.5% ice, and 7.7% were uncertain. 482 

4) For cloud tops colder than -20ºC, 50.4% of cloud top elements were classified as liquid, 483 

2.9% ice, and 46.6% uncertain. A subsequent analysis of uncertain cloud top elements 484 

provided evidence that they were either mixed or ice phase at these temperatures.  485 

5) Liquid-bearing cloud tops were found even at temperatures as cold as -30ºC.  486 

SOCRATES provided new insight into SO boundary layer cloud properties through the use 487 

of airborne cloud radar, lidar, and thermodynamic observations.  During SOCRATES, clouds most 488 

frequently had liquid-bearing cloud tops. Wang et al. (2020) analyzed in situ measurements of 489 

cloud top generating cells during the SOCRATES field campaign and found that all cloud top 490 

generating cells sampled had SLW at cloud top even at CTTs as cold as -33ºC. The ubiquitous 491 

presence of SLW at cloud top found in in-situ data from Wang et al. (2020) is consistent with the 492 

remote sensing results herein. Optically thick clouds fully attenuate the HSRL signal limiting 493 
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phase retrievals beneath cloud top on the high-altitude flight legs, but the retrieval algorithm 494 

developed herein allowed for identification of cloud top phase. More theoretical, observational, 495 

and modeling work needs to be done to better understand processes that maintain and sustain SLW 496 

at cloud top over the SO region. 497 

Appendix A: HCR/HSRL high-altitude cross section dataset 498 

Figs. A1, A2, and A3 summarize each high-altitude flight leg sampled during SOCRATES 499 

with coincident lidar, radar and thermodynamic data.  Figs. A1, A2, and A3 depict cross sections 500 

of Ze, lidar-identified cloud tops, CTP classification for each cloud top element present, and the 501 

temperature field for each of the twelve high-altitude flight legs.  Note that many clouds detected 502 

by the HSRL were not detected by the HCR. Columns where cloud is present, not present, where 503 

the GV is flying through cloud, or has near field effects are denoted by the lower bar on each high-504 

altitude cross section. The phase of the first five elements detected at cloud top in each column are 505 

included in the top bar above each high-altitude cross section.  If five elements were not present at 506 

cloud top due to thin veil cloud or attenuation, only 1-3 phase classified elements were present 507 

beneath cloud top.  508 

RF02, RF12, RF14, and RF15 were all boundary layer cloud cases that sampled mixed-phase 509 

stratocumulus and cumulus clouds.  RF03, RF04, RF10, and RF11 sampled deeper cloud cover 510 

over the SO whose tops were often above the GV flight level.  RF05 and RF06 predominately 511 

sampled MBL aerosol.  RF13 sampled low-level stratocumulus beneath the sensitivity of the HCR 512 

while RF07 sampled a non-precipitating cumulus field.   513 

Appendix B: List of variables and their descriptions 514 

A  Aerosol elements in training dataset 515 

I  Ice elements in training dataset 516 

L  Liquid elements in training dataset 517 

mA (i, j) Normalized number of aerosol elements in a gridded bin (row i and column j) 518 
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mI (i, j) Normalized number of ice elements in a gridded bin (row i and column j) 519 

mL (i, j) Normalized number of liquid elements in a gridded bin (row i and column j) 520 

NCP Normalized Coherent Power 521 

A(i,j) Number of aerosol elements in a gridded bin (row i and column j) 522 

I(i,j)  Number of ice elements in a gridded bin (row i and column j) 523 

L(i,j) Number of liquid elements in a gridded bin (row i and column j) 524 

SNR Signal to noise ratio 525 

Vr  Doppler radial velocity 526 

Ze  Equivalent radar reflectivity factor 527 

β  Aerosol backscatter coefficient 528 

δp  Particle linear depolarization ratio 529 

  530 
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Tables 819 

Table 1: High-Altitude Flight Leg Start/End Times and Number of Dropsondes Deployed 820 
 
Research 

Flight 

  
Start Time 

                                         
End Time 

                                   
Dropsondes 

Deployed 

 
Dropsonde 

Maximum Horiz. 
Displacement 

 
Avg. Dist. Between 

Dropsondes 
Deployed 

 
GV Track 
Length 

RF02 2018-01-19 01:33:00 UTC 2018-01-19 03:24:00 UTC 7 5.5 – 11 km 221.6 km 1313 km 

RF03 2018-01-22 21:39:00 UTC 2018-01-22 23:44:00 UTC 6 4.3 – 13 km 284.7 km  1401 km 

RF04 2018-01-24 00:06:00 UTC 2018-01-24 01:58:00 UTC 7 1.4 – 15.9 km 232.6 km 1347 km 

RF05 2018-01-25 23:07:00 UTC 2018-01-26 00:46:00 UTC 5 7.3 – 11 km 307.8 km 1199 km 

RF06 2018-01-28 23:40:00 UTC 2018-01-29 01:19:00 UTC 7 5.4 – 10.5 km 223.1 km 1297 km 

RF07 2018-01-31 01:37:00 UTC 2018-01-31 03:15:00 UTC 6 4.3 – 7.4 km 228.1 km 1112 km 

RF10 2018-02-07 21:30:00 UTC 2018-02-07 23:55:00 UTC 7 5.6 – 9.5 km 175.5 km 1543 km 

RF11 2018-02-17 02:15:00 UTC 2018-02-17 03:02:00 UTC 7 7.3 – 13 km 96.5 km 536 km 

RF12 2018-02-18 00:30:00 UTC 2018-02-18 02:38:00 UTC 7 7.2 – 9.5 km 157 km  1233 km 

RF13 2018-02-19 23:40:00 UTC 2018-02-20 01:30:00 UTC 10 3.87 – 5.7 km 138.6 km 1106 km 

RF14 2018-02-21 23:18:00 UTC 2018-02-22 01:45:00 UTC 14 3 – 13.1 km 117 km 1497 km 

RF15 2018-02-24 02:26:00 UTC 2018-02-24 03:52:00 UTC 11 9.7 – 13.3 km 89.5 km 787.5 km 
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 823 
Table 2: Time Periods Used to Build Aerosol Training Dataset 824 

 
Research Flight 

  
Start Time 

                                         
End Time 

RF02 2018-01-19 01:52:15 UTC 2018-01-19 01:56:00 UTC 

RF02 2018-01-19 02:08:00 UTC 2018-01-19 02:14:55 UTC 

RF02 2018-01-19 02:43:00 UTC 2018-01-19 02:50:55 UTC 

RF03 2018-01-22 22:06:15 UTC 2018-01-22 22:08:15 UTC 

RF05 2018-01-25 23:50:15 UTC 2018-01-25 23:52:45 UTC 

RF05 2018-01-25 23:54:45 UTC 2018-01-25 23:58:45 UTC 

RF05 2018-01-26 00:00:45 UTC 2018-01-26 00:03:00 UTC 

RF05 2018-01-26 00:08:15 UTC 2018-01-26 00:23:30 UTC 

RF05 2018-01-26 00:24:00 UTC 2018-01-26 00:32:30 UTC 

RF05 2018-01-26 00:37:45 UTC 2018-01-26 00:43:30 UTC 

RF05 2018-01-26 00:48:30 UTC 2018-01-26 00:54:00 UTC 

RF06 2018-01-28 23:40:00 UTC 2018-01-28 23:44:00 UTC 

RF06 2018-01-28 23:58:11 UTC 2018-01-29 00:18:26 UTC 

RF06 2018-01-29 00:22:30 UTC 2018-01-29 00:27:30 UTC 

RF06 2018-01-29 00:33:45 UTC 2018-01-29 00:44:00 UTC 

RF06 2018-01-29 00:49:30 UTC 2018-01-29 00:55:30 UTC 

RF12 2018-02-17 02:42:15 UTC 2018-02-17 02:44:00 UTC 

RF14 2018-02-21 23:17:00 UTC 2018-02-21 23:22:00 UTC 

RF14 2018-02-22 00:43:00 UTC 2018-02-22 00:45:30 UTC 
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Table 3: Cloud top phase by Research Flight 827 
 

Research 
Flight 

  
Liquid  

                                     
Ice 

 
Uncertain 

 
Number of Cloud 

Containing Columns 

 
Number of Cloud 

Top Elements  

RF02 95.5% 0.3% 4.2% 9,046 40,029 

RF03 59.0% 2.1% 38.8% 8,065 35,913 

RF04 80.2% 1.3% 18.4% 7,924 36,558 

RF05 97.7% 0.1% 2.2% 3,127 13,159 

RF06 93.1% 1.6% 5.3% 3,362 12,448 

RF07 85.4% 2.8% 11.9% 5,957 23,781 

RF10 90.3 % 1.5% 8.2% 12,097 53,371 

RF11 79.6% 0.7% 19.8% 3,825 16,810 

RF12 92.8% 1.1% 6.1% 13,374 59,266 

RF13 96.0% 2.7% 1.2% 13,197 42,996 

RF14 91.6% 0.5% 7.9% 15,735 68,830 

RF15 82.2% 1.7% 16.1% 7,993 33,731 

All RF 87.5% 1.4% 11.2% 103,702 436,892 
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Table 4: Phase of Elements Beneath Cloud Top 830 
 

Phase Detection 
  

1 
(0 – 19.2 m) 

                                     
 2 

(19.2 - 38.4 m) 

 
3 

(38.4 – 57.6 
m) 

 
4 

(57.6 – 76.8 
m) 

 
5 

(76.8 - 96 m) 

 
All Cloud Top 

Elements 

Liquid 85.6% 90.5% 90.6% 87.0% 82.3% 87.5% 

Ice 2.1% 0.4% 0.5% 1.7% 2.3% 1.4% 

Uncertain 12.3% 9.1% 8.9% 11.4% 15.4% 11.2% 
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Table 5: Cloud Top Phase by Cloud Top Temperature 833 
 

Cloud Top 
Temperatures 

  
 

Liquid  

                                     
 

Ice 

 
 

Uncertain 

 
Percentage of 

Cloud Top 
Elements 

 
Number of 
Cloud Top 
Columns 

 
Percentage of 

Cloud Top 
Columns  

-30 to -25ºC 52.8% 1.9% 45.2% 3.2% 3,062 3% 

-25 to -20ºC 48.3% 4.1% 47.7% 2.8% 2,713 2.6% 

-20 to -15ºC 72.3% 1.3% 26.4% 3.6% 3,311 3.2% 

-15 to -10ºC 78.2% 0.7% 21.1% 7.6% 7,033 6.8% 

-10 to -5ºC 93.2% 1% 5.8% 14.6% 14,014 13.5% 

-5 to 0ºC 90.6% 1.9% 7.6% 39.1% 39,691 38.3% 

0 to 5ºC 94.8% 0% 5.2% 21.6% 25,034 24.1% 

5 to 10ºC 88.1% 0% 11.9% 7.1% 8,431 8.1% 

10 to 15ºC 91% 0% 9% 0.3% 413 0.4% 
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Figures 836 

 837 

 838 

Fig. 1: Vertical cross section showing a typical high-altitude cross section from Hobart, Tasmania 839 

to approximately 62ºS during SOCRATES.  840 



 43 

p841 

 842 
Fig. 2: An example from the RF02 high altitude flight leg showing the processing of the merged 843 

HCR/HSRL data. Time is in UTC and height is in km above sea level (ASL).  A) NCP, B) SNR, 844 

C) Ze, D) β from the HCR and HSRL merged dataset, respectively, before processing, E) δp, F) 845 

HSRL data following application of the clear air mask, G) results of the phase classification, H) 846 

application of the aerosol mask, and I) final cloud top phase classification.  847 
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 849 
Fig. 3. Flow chart summarizing phase identification algorithm. Processing steps taken by NCAR 850 

are denoted by the red dashed box.   851 
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 853 

 854 

Fig. 4: Two-dimensional histogram showing particle linear depolarization ratio (δp) and aerosol 855 

backscatter coefficient (β) of all elements from the twelve high-altitude flight legs.  The bin width 856 

was 0.01 δp and β of 0.1 m-1 sr-1 857 
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 859 

Fig. 5: Two-dimensional histograms of the training dataset: (A) cloud liquid, (B) cloud ice, and 860 

(C) aerosol. The bin width for A-C was 0.01 δp and β of 0.1 m-1 sr-1. The training dataset was 861 

gridded into bins (D-F) such that each bin has a δp of 0.025 and β of.0.25 m-1 sr-1. Bins containing 862 

less than 30 elements were not used in the training dataset.  863 
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 865 
Fig. 6: Probability calculated using methodology discussed in Sec. 3.4  866 
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 868 

Fig. 7: Final phase classification based on a probability threshold > 0.95 for cloud liquid, cloud 869 

ice, and deliquesced aerosol. 870 

871 
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 872 

Fig. 8:  Number of elements present in the cloud top layer.  Five elements present would indicate 873 

cloud depth ≥ 96 m.  Clouds with less than five elements represent thin clouds with depths less 874 

than 96 m.   875 
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 877 
Fig. 9: Visible reflectance from the Himawari-8 satellite from A) RF02 valid at 19 January 2018 878 

02:30 UTC, B) RF04 valid at 24 January 2018 02:00 UTC, C) RF06 valid at 29 January 2018 879 

01:00 UTC, D) RF07 valid at 31 January 2018 02:20 UTC, E) RF13 valid at February 2018 00:40 880 

UTC. High-altitude flight track is in yellow.   881 
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 883 
Fig. 10: Box and whisker plot of horizontal cloud extent during high-altitude flight legs broken 884 

down by median cloud top height (500 m intervals). At each 500 m interval, the box represents the 885 

25th and 75th quantiles of the horizontal cloud extent and the median value is denoted by a red line 886 

within the box.  Whiskers extend to a the 10th and 90th quantiles.  Outliers/extreme values are 887 

denoted by a +.  The number of sampled cloud segments in each 500 m altitude range is located to 888 

the right of the figure. Horizontal cloud extent is on a logarithmic scale. 889 
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 891 
 892 

Fig. 11: RF14 10 Hz HCR (A) Ze, (B) Vr, (C) 2 Hz β, and (D) 2 Hz δp data from 23:37:00 to 893 

23:39:00. The fifth time series (E) shows 2 Hz cloud top phase. Temperature (ºC) is overlaid.  894 
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 896 
Fig. 12: Same as Fig. 11, but for RF02 from 02:22:00 to 02:24:00. A temperature inversion is 897 

present at -4ºC.  898 
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 900 
Fig. 13: Same as Fig 11, but for RF06 from 00:58:00 to 01:00:00. Forward facing flight level 901 

imagery shown at 00:56:00 (F) and 00:58:00 (G). A temperature inversion is present at -10ºC.  902 
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 904 
Fig. 14: Same as Fig. 11, but for RF11 from 02:25:15 to 02:27:15. 905 

  906 
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 907 

 908 
 Fig. 15: Same as Fig. 11, but for RF04 from 00:38:00 UTC to 00:40:00 UTC. 909 

  910 



 57 

 911 
Fig. 16: Same as Fig. 11, except for RF03 from 22:41:15 UTC to 22:43:15 UTC. 912 
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 914 
Fig. 17: Cloud top phase classification for individual flights and entire dataset (see also Table 3).  915 
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 917 
Fig. 18: Normalized percentage of phase detected in each of the five volume elements making up 918 

the cloud top, with 1 closest to cloud top and 5 at the base of the cloud top layer (See also Table 919 

4). 920 
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 922 

 923 

Fig. 19: Cloud top phase as a function of CTT and depth within the cloud top layer (see also Table 924 

5). 925 
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 927 
Fig. 20: Uncertain cloud top elements when reflectivity was above the noise threshold.   928 
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 929 

Fig. A1: Data from RF02, RF03, RF04 and RF05:  Top panels for each flight: Ze and Temperature 930 

(ºC); Bottom panels: Lidar detected cloud top for the top five cloud top elements. The lower bar 931 

above each flight panel represents cloud top detection: red: no cloud present, yellow: cloud top 932 

detected, orange: cloud top influenced by near field effects close to aircraft, black: aircraft in cloud.  933 

The top bar represents cloud top phase: gray: liquid, blue: ice, red: uncertain.   934 
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 936 
Fig. A2: Same as Fig. A1 except for research RF06, RF07, RF10, and RF11. 937 
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   939 
Fig. A3: Same as Fig. A1 except for RF12, RF13, RF14, RF15.  940 

 941 


