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Abstract.  10 

The Southern Ocean Clouds, Radiation, Aerosol Transport Experimental Study (SOCRATES) 11 
was an aircraft-based campaign (Jan 15 – Feb 26, 2018) using in-situ probes and remote 12 
sensors, targeting low-level clouds over the Southern Ocean (SO). A novel methodology was 13 
developed to identify cloud boundaries and classify cloud phases in marine boundary layer 14 
(MBL) clouds using airborne HIAPER Cloud Radar (HCR) and in-situ CDP+2D-S 15 
measurements. Cloud boundaries were determined using HCR reflectivity and spectrum width 16 
gradients. Single-layer low-level clouds accounted for ~85% of observed cases. HCR-derived 17 
boundaries showed decent agreement with the Ceilometer and Micropulse lidar (MPL)-18 
measurements during the Measurement of Aerosols, Radiation, and Clouds (MARCUS) ship-19 
based campaign, with mean base and top differences of 0.04 km and 0.29 km. Additionally, 20 
HCR-derived cloud base heights correlated well (R = 0.78) with HSRL observations. A 21 
reflectivity–liquid water content (Z-LWC) relationship, LWC = 0.70Z0.29, was derived to 22 
retrieve LWC and liquid water path (LWP) from HCR profiles. The estimated LWP closely 23 
matched MARCUS microwave radiometer (MWR) retrievals, with a mean difference of 9.24 24 
g/m². Cloud phase was classified using HCR-measurements, temperature, and LWP. Among 25 
single-layered LOW clouds, 48.8% were classified as liquid, 23.3% mixed-phase, and 6.9% 26 
ice, with additional categories identified: drizzle (16.2%), rain (3.4%), and snow (1.5%). The 27 
classification algorithm demonstrated over 90% agreement with established phase detection 28 
methods. This study provides a robust framework for boundary and phase detection of MBL 29 
clouds, offering valuable insights into cloud microphysical processes over the SO and 30 
supporting future efforts in satellite algorithm development and climate model evaluation. 31 

1. Introduction 32 

 The Southern Ocean (SO) clouds contain mainly low-level clouds, which significantly 33 
influence the regional radiation budget (60°S latitude, encircling Antarctica). Yet global 34 
climate models struggle to simulate them accurately (Bodas-Salcedo et al., 2016; Kay et al., 35 
2016; Trenberth & Fasullo, 2010; Wang et al., 2018, McCoy et al., 2014; D'Alessandro et al., 36 
2021). Low-level marine boundary layer (MBL) clouds over the SO exhibit a high prevalence 37 
of SLW, with ~80% containing SLW across a temperature range of -40 to 0°C (Hu et al., 2010). 38 
Their macrophysical and microphysical properties differ significantly from subtropical MBL 39 
clouds, with dominant warm liquid clouds (Dong et al., 2014; Wu et al, 2020; Zhao et al., 40 
2020), and from Arctic mixed-phase clouds, which feature liquid tops and ice-dominated bases 41 
(Qiu et al., 2015; Jackson et al., 2012; Moser et al., 2023). Understanding the dominant cloud 42 
phase and spatial homogeneity of low-level SO clouds is critical for improving cloud 43 
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parameterizations and refining global climate model predictions (Zhao et al., 2023; Liu et al., 44 
2023). 45 
 Identifying cloud phase is crucial for accurately retrieving cloud macrophysical and 46 
microphysical properties, as most retrieval algorithms are phase- and region-specific (Shupe, 47 
2007). Various methods have been developed for classifying cloud type, phase, and 48 
hydrometeors over the SO (e.g., Xi et al., 2022; Desai et al., 2023; Schima et al., 2022; 49 
D’Alessandro et al., 2021, 2019; Romatschke & Vivekanandan, 2022; Atlas et al., 2021; 50 
Zaremba et al., 2020) and Arctic clouds (e.g., Shupe, 2007; Korelov & Milbrandt, 2022; 51 
Mioche et al., 2015; Matus & L’Ecuyer, 2017), each with varying performance based on 52 
retrieval methods and assumptions. Compared to ground-based measurements, aircraft in-situ 53 
observations provide more reliable datasets, minimizing retrieval uncertainties by directly 54 
sampling cloud boundaries and interiors. Additionally, onboard radar and lidar experience less 55 
attenuation than ground-based sensors (Ewald et al., 2021). Cloud phase retrieval remains 56 
highly dependent on observational scale, sample size, and viewing direction. Ground-based 57 
radar and lidar more accurately capture low-level clouds but suffer attenuation when observing 58 
higher altitudes. On the other hand, satellite-based sensors effectively detect high-level clouds 59 
but may struggle with low-level cloud retrieval due to signal attenuation (Dong et al., 2025). 60 
 The Southern Ocean Clouds, Radiation, Aerosol Transport Experimental Study 61 
(SOCRATES) provided a valuable dataset for investigating marine boundary layer (MBL) 62 
clouds over the SO.  The airborne in-situ probes— Cloud Droplet Probe (CDP) and Two-63 
Dimensional, Stereo, Particle Imaging Probe (2D-S), and remote sensors— the 94.4 GHz (W-64 
band) HIAPER Cloud Radar (GV-HCR) and the 532 nm High Spectra Resolution Lidar 65 
(NCAR-HSRL) onboard the research aircrafts during SOCRATES enabled direct observations 66 
of precipitation, cloud particles, and aerosols across different cloud layers, providing vertical 67 
profiles to characterize MBL structure and the free troposphere. Previous studies utilizing 68 
SOCRATES measurements for cloud phase classification include a multinomial logistic 69 
regression (MLR) method by D’Alessandro (2021) which used in-situ cloud and drizzle probe 70 
(CDP & 2D-S) measurements to estimate cloud phase heterogeneity and frequency 71 
distributions. This method identified significant SLW and ice-phase clouds and was later 72 
refined by Schima (2022) to address inconsistencies. Romatschke & Vivekanandan (2022) 73 
presented a fuzzy logic scheme that classifies cloud hydrometeor types as a time-height profile 74 
using cloud radar-lidar data. Atlas (2021) developed the University of Washington Ice-Liquid 75 
Discriminator (UWILD), a random forest-based single-particle phase classification method for 76 
binary 2D-S images. 77 
 Remote sensing offers 2-dimensional cloud profiles, complementing the size-resolved 78 
distributions captured by in-situ measurements. However, relying solely on either method can 79 
introduce discrepancies—in-situ probes detect particles only at the aircraft's altitude, while 80 
radar-lidar profiles provide vertical cloud structure but suffers near-surface contamination due 81 
to surface clutter (Dong et al., 2025). Therefore, integrating in-situ sampling with remote 82 
sensing provides significant advantages for studying atmospheric processes (Wang et al., 83 
2012). Lidar, with its shorter wavelength, resolves aerosols, ice precipitation, optically thin 84 
clouds, and cloud boundaries (Wang et al., 2012, 2009; McGill et al., 2002), but is easily 85 
attenuated by thicker cloud layers, such as liquid clouds (Sassen, 1991). Therefore, this study 86 
focuses on developing a method solely based on radar measurements to identify cloud 87 
boundaries and phase in MBL clouds.  88 
 In this study, we aim to use a combination of both in-situ and radar-based measurements 89 
during SOCRATES to:  90 

1. Develop a method to identify cloud base and top heights using airborne HCR radar 91 
reflectivity and spectrum width gradient, offering cloud boundary estimation without 92 
radiosonde or drop-sonde data. Further, derive an LWC-Z exponential relationship 93 
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from in-situ measured liquid water content (LWC) and calculated reflectivity (Z) from 94 
CDP and 2D-S probes and apply it to HCR reflectivity profiles to obtain radar-based 95 
LWC and liquid water path (LWP). 96 

2. Develop a cloud phase estimation method for classified low-level clouds sampled 97 
during SOCRATES, using a combination of HCR measurements, temperature profiles 98 
and estimated LWPs. Compare the classified phase categories with existing products 99 
over the SO. 100 

      The manuscript is organized in the following manner: Section 2 contains a brief 101 
introduction to the SOCRATES campaign, descriptions of the remote sensors and in-situ 102 
probes, along with a LWC-Z relationship derived using in-situ measured LWC and calculated 103 
reflectivity (Z) from in-situ measurements. The classification methodology for low-level 104 
clouds based on cloud-base and -top heights is described in Section 3. Section 4 contains the 105 
cloud phase classification methodology along with an extensive evaluation through 106 
comparisons with existing phase-determination methods and results from other campaigns over 107 
the SO. Finally, summary and conclusions are presented in Section 5.  108 

2 SOCRATES observations and deriving LWC-Z relationship 109 

2.1 SOCRATES in-situ and remote sensing datasets 110 

      A brief overview of the SOCRATES aircraft field campaign is provided in Section S1, with 111 
a list of in-situ probes and radar-lidar instruments onboard the research aircraft in Table S1 of 112 
the Supplementary. This study primarily utilized the measurements from two airborne in-situ 113 
probes—CDP (Lance et al., 2010; Faber et al., 2018) and 2D-S (Lawson et al., 2006, Wu and 114 
McFarquhar, 2019), along remote sensors— GV-HCR (NCAR/EOL HCR Team., 2014, 115 
Romatschke et al., 2021, Vivekanandan et al., 2015) and NCAR-HSRL (NCAR/EOL HSRL 116 
Team., 2012, Eloranta., 2005, Su et al., 2008), aboard the Gulfstream-V (GV) research aircraft 117 
during SOCRATES. The bulk cloud microphysical properties (LWC, particle size 118 
distributions, and number concentration) were derived from the CDP and 2D-S measurements, 119 
which were merged into a continuous dataset with size bins from 2 to 40 µm for cloud droplets 120 
and 40 to 1280 µm for drizzle particles, at 1 Hz temporal resolution for each flight. Following 121 
Zheng (2024), the CDP and 2D-S datasets were combined into a single size distribution, with 122 
droplet number concentrations in the overlapping size bin redistributed using a gamma 123 
distribution, ensuring a complete cloud and drizzle size spectrum.  124 
 The HCR reflectivity (dBZ), Doppler velocity (Vd) (m/s), and spectrum width (WID) 125 
(m/s) along with the HSRL measured backscatter coefficient (β) (m⁻¹sr⁻¹) and particle 126 
depolarization ratio (PLDR) were collected at 1 Hz temporal resolution. The HSRL signals are 127 
highly sensitive to cloud droplet concentrations and can be attenuated within a few hundred 128 
meters in liquid cloud layers (Ewald et al., 2021; Sassen, 1991). Estimated instantaneous 129 
uncertainties for HSRL measurements at 532 nm are 0.36 for backscatter (β) and 0.009 for 130 
depolarization (𝛿) (Su et al., 2008). Due to signal attenuation, HSRL detects fewer clouds than 131 
HCR, particularly in optically thick clouds. The radar-lidar overlap is about 11% when 132 
considering full time-height (3D) cloud profiles. Given this limitation, lidar signals are not used 133 
for phase or boundary estimation in optically thicker MBL clouds. Cloud temperatures were 134 
provided by the 2-dimensional ERA5 reanalysis product which matched the vertical and 135 
temporal resolution of the HCR data (NCAR/EOL HCR Team, 2023).  The HCR dataset was 136 
further filtered to retain only nadir or zenith pointing observations, excluding all cloud samples 137 
in transition or rotational pointing directions (i.e., those not equal to ±90 degrees). 138 

https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025
c© Author(s) 2025. CC BY 4.0 License.



4 
 

2.2 Estimating LWC-Z relationship and LWP from in-situ measurements 139 

     The cloud-droplet number concentration and particle size distribution from the merged 140 
CDP+2D-S dataset is used to calculate in-situ reflectivity factor (Z, mm6/m3) and liquid water 141 
content (LWC, g/m3) for cloud and drizzle particles, using the equations (Doviak et al., 1993; 142 
Kang et al., 2021; Zheng et al., 2024) as follows: 143 

    𝒁 = 	∫ 𝑵(𝑫)𝑫𝟔𝒅𝑫"
𝑫𝒎𝒊𝒏	

         (1) 144 

    LWC =  𝝆𝒘
𝝅
𝟔
	∫ 𝑵(𝑫)𝑫𝟑𝒅𝑫		"
𝑫𝒎𝒊𝒏

                      (2) 145 

where ⍴w is the density of liquid water, D is the particle diameter measured as droplet size 146 
distribution (DSD) from the CDP+2D-S particle size bins, and N(D) is the number 147 
concentration (#/cm3) per bin. Z (mm6/m3) can further be converted to dBZ as dBZ = 10log(Z). 148 
      Clouds is defined when LWC is greater than 0.01 g/m³ and cloud droplet number 149 
concentration (Nc) is greater than 5 cm-3 (Zheng et al., 2024). The LWC threshold ensures 150 
sufficient cloud density and number concentration while removing clear-sky conditions and 151 
aerosol noise. The number concentration of ice particles > 200 µm is very low (Zheng et al., 152 
2024), suggesting most ice-phase particles fall below the 2D-S-defined 200 µm threshold for 153 
ice particle size distribution (Wu & McFarquhar, 2019). 154 
      The LWC can be further used to compute the column-integrated liquid water path (LWP, 155 
g/m2) as a function of cloud layer thickness (Δh, meters) (Dong & Mace, 2002; Oh et al., 2018; 156 
Mioche et al., 2017), as follows: 157 

                                    LWP = ∑ 𝑳𝑾𝑪(𝒉). 𝜟𝒉(𝑯𝒕𝒐𝒑*
{𝑯𝒃𝒂𝒔𝒆}

                                       (3) 158 

A total of 62 in-situ aircraft profiles (ascending and descending) were constructed from 10135 159 
CDP+2D-S DSD spectra at 1 Hz. From these, in-situ Z, LWC, and LWP were derived and 160 
presented in Fig. 1. The profiles were selected to represent uniform single layer low-level 161 
stratocumulus MBL clouds. 162 
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 163 
Figure 1. A total of 62 in-cloud profiles are composed from 10135 (1 Hz) SOCRATES 164 
CDP+2D-S DSD spectra to derive in-situ a) reflectivity profiles (Z was converted to dBZ) 165 
b) LWC (g/m3) and c) LWP (g/m2) as per equations 1, 2 and 3. 166 

 The in-situ measured LWC and Z can be used to derive an exponential relationship of 167 
form LWC = aZb, where a, and b are intercept and slope parameters depending on cloud type 168 
(Oh et al., 2018). The in-situ Z and LWC measurements were constrained to only 5th to 95th 169 
percentile of the dataset to minimize the influence of extreme outliers. Furthermore, a kernel 170 
density estimation (KDE) was used to estimate relative point density in the Z-LWC (log) space. 171 
Due to the noisy nature of the dataset where larger particle diameters return extremely high Z 172 
values (~D6) and relatively lower LWC values (~D3), a log-log linear regression was performed 173 
only using a subset of the dataset with high sample density to minimize measurement 174 
uncertainties. An exponential relationship: LWC = 0.70Z0.29 is hence derived as shown in Fig. 175 
2.  176 
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  177 
FIGURE 2. Exponential relationship between Z-LWC derived from the 10135 in-situ 178 
DSD measurements for the 62 in-cloud profiles from SOCRATES.  179 

 The predicted LWCs from the LWC-Z relationship are evaluated by against the in-situ 180 
measured LWCs for the 62 profiles of droplet spectra, with means of 0.21 g/m³ for predicted 181 
LWCs and 0.27 g/m³ for in-situ measurements. The root mean square error (RMSE) is 182 
approximately 0.03 g/m³. Furthermore, the predicted LWC profiles were used to estimate 183 
predicted LWPs using equation 3 which and against the 62 in-situ LWPs. The means of 184 
predicted and in-situ LWPs are 93.73 g/m2 and 95.55 g/m2, with an RMSE around 12 g/m2. 185 
 The derived LWC-Z relationship, developed following existing studies like Oh (2018) 186 
and Vivekanandan (2020), is specifically tuned to low-level stratocumulus clouds sampled 187 
during the SOCRATES campaign but shall ideally be applicable to similar cloud cases for a 188 
range of W-band reflectivity profiles between -30 to 10 dBZ. Variations in the DSD contribute 189 
to uncertainties in cloud microphysical properties, which could impact the calculated 190 
reflectivity (Z) (Vivekanandan et al., 2020). Additionally, the presence of larger drizzle and 191 
precipitation particles is a major source of uncertainty in LWC-Z power-law relationships, thus 192 
it should be used with caution. 193 

3 Classifying low-level clouds over SO 194 

3.1 Identifying cloud boundaries using HCR measurements 195 

 Existing methods for estimating cloud-base (Hbase) and cloud-top (Htop) heights, rely on 196 
the thresholds of lidar returned power, depolarization, or backscatter (e.g., Intrieri et al., 2002; 197 
Kang et al., 2021, 2024), as well as in-situ vertically resolved cloud LWP, LWC, and cloud-198 
droplet number concentration (NC). Kang (2024) presented a method using HSRL backscatter 199 
coefficient (β), where cloud base is defined as the first lidar range gate where β > 10⁻⁴ m⁻¹sr⁻¹. 200 
This approach is effective when the aircraft is flying below the cloud base with radar-lidar 201 
pointed zenith. Similarly, HSRL signals can accurately detect cloud top when the aircraft is 202 
above the cloud with sensors pointing nadir. However, lidar alone cannot simultaneously 203 
estimate both cloud base and top heights, as HCR does. Therefore, only HCR measurements 204 
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were used, which can determine cloud boundaries regardless of the aircraft’s altitude or the 205 
pointing direction of the remote sensors. 206 
 In this study, Hbase was estimated as the lowest height (from the sea surface) where the 207 
HCR Spectrum Width (WID) gradient has the lowest value (or highest negative gradient). The 208 
lowest WID gradient indicates the change from a precipitation layer to the cloud layer where 209 
the gradient of spectrum width decreases sharply. Higher spectrum width around the cloud base 210 
indicates a greater turbulence and wider range of particle velocities observed which correlate 211 
to potentially stronger turbulence, and likely drizzle or precipitation. The uncertainties arising 212 
from the low signal-to-noise ratios of radar signals near the ocean surface are effectively 213 
mitigated because this method only considers the cloud base after eliminating one or two lowest 214 
near-surface radar range-gates. Htop was estimated as the highest altitude where prominent 215 
HCR signals (dBZ > -50) were observed, following the method of Kang (2024). Cloud 216 
thickness (ΔH) was then calculated as the difference between cloud-top and cloud-base heights, 217 
ΔH = Htop – Hbase. Isolated cloud transects with shallow vertical heights and small horizontal 218 
extents were excluded from this study.  219 
 After estimating Hbase and Htop, cloud types were categorized following the 220 
classification method of Xi et al. (2010). A single-layered cloud is defined as having no 221 
additional cloud layers above or below during the observed period. Based on this classification, 222 
the most common cloud type is found to be single-layered low-level clouds (LOW, Htop ≤ 3 223 
km), followed by middle above low clouds (MOL, Hbase < 3 km, Htop ≤ 6 km) and single-224 
layered middle-level clouds (MID, Hbase > 3 km, Htop ≤ 6 km). Single or double-layered clouds 225 
with Hbase and/or Htop > 6 km were rarely observed and were excluded to optimize statistical 226 
consistency and minimize errors. Only single-layered LOW clouds are considered in this study, 227 
which was the predominant cloud type during SOCRATES (~85% of total samples). 228 
Furthermore, for cases where cloud vertical columns were intersected by aircraft ascents or 229 
descents, HCR cannot reliably observe cloud top or base due to its fixed nadir or zenith-230 
pointing configuration. As a result, only fully sampled cloud profiles—where both cloud base 231 
and top are simultaneously observed by the radar—were considered for boundary and phase 232 
estimation. Two selected cases of estimated Htop and Hbase for LOW clouds is illustrated in Fig. 233 
3.  234 

3.2 Statistical results from prominent cloud types 235 

 The derived exponential relationship LWC = 0.70Z0.29 was applied to the HCR-236 
observed reflectivity measurements to retrieve a 2D time-height LWC profile and column 237 
integrated LWP. Figure 3 illustrates the estimated cloud boundaries, LWC profile and LWP 238 
for two selected cases. Figure 3a and 3e clearly shows the derived cloud boundaries and HCR 239 
reflectivity profiles. Thicker cloud layers exhibit larger radar reflectivities, which lead to higher 240 
estimated cloud LWCs and LWPs as shown in Figs. 3c, 3g, and Figs. 3d, 3h. respectively. 241 
LWC profiles basically follow adiabatic increasing from cloud base to upper levels, then 242 
decreasing near cloud top due to cloud-top entrainment. As mentioned in Section 2, the derived 243 
LWC and LWP values have differences of ~ 22.2% and 1.9%, respectively, compared to 244 
aircraft in-situ measurements.  245 

https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025
c© Author(s) 2025. CC BY 4.0 License.



8 
 

 246 
Figure 3. (a), (b), (c), and (d) are the profiles of HCR reflectivity (dBZ), spectrum width 247 
(m/s), LWC (g/m3) and LWP (g/m2), respectively for a selected case from RF1, while (e), 248 
(f), (g), (h) are similar profiles but from a selected case from RF7. The identified cloud 249 
top (black circles) and cloud base (red squares) heights have been illustrated along the 250 
HCR profiles along with the flight altitude (black line). The cases are selected such that 251 
the left panels represent the cloud profiles when the aircraft was flying above the cloud 252 
top (nadir-pointing radar), while the right panel shows a zenith-pointing radar cross-253 
section with the aircraft flying below the cloud base. The time axis is in decimal hours 254 
(UTC).  255 

 LOW clouds were the most frequently observed cloud type—accounting for ~85% of 256 
occurrences across the 15 research flights during SOCRATES. In contrast, MID and MOL 257 
clouds were less common and together accounted for less than 15%, reflecting the SOCRATES 258 
campaign’s sampling focus. Some rare occurrences of other high-altitude clouds were also 259 
identified but were excluded to maintain statistical consistency. These flights primarily 260 
sampled the cold sector of cyclones, occasionally crossing frontal systems associated with 261 
strong westerly winds over the Southern Ocean. The combination of large-scale weather 262 
patterns and a cool ocean surface led to persistent cloud cover, predominantly low- and mid-263 
level stratus and stratocumulus clouds (McFarquhar et al., 2021; D’Alessandro et al., 2021). 264 
 The highest calculated LWP is associated with MOL clouds (~258 g/m²), followed by 265 
LOW (~133.2 g/m²) and MID (~48.3 g/m²) clouds, as presented in Table 1. The probability 266 
distribution histograms of LWP for the classified LOW, MID, and MOL clouds indicate 267 
significantly higher LWP values, with a notable frequency of LOW clouds exhibiting LWPs > 268 
200 g/m². Another distinct peak corresponds to ice clouds with LWPs < 20 g/m². Despite this, 269 
overlaps are observed among the probability density functions (PDFs) of LWPs for the 270 
different cloud types. 271 
 The cloud LWP values during the Measurement of Aerosols, Radiation, and Clouds 272 
(MARCUS) ship-based field campaign (DeMott et al., 2018; Mace et al., 2021; McFarquhar et 273 
al., 2019, 2021; Marcovecchio et al., 2023; Xi et al., 2022) are retrieved using a physical-274 
iterative algorithm applied to ship-based measurements of microwave radiometer (MWR) 275 
brightness temperatures at 23.8 and 31.4 GHz. These retrievals have associated uncertainties 276 
ranging from 15 to 30 g/m² (Caddedu et al., 2013), which align with the uncertainty estimates 277 
(~20 g/m²) of LWP retrievals obtained via statistical methods (Liljegren et al., 2001). 278 
Consequently, a threshold of 20 g/m² is employed in this study to distinguish between liquid 279 
clouds (LWP ≥ 20 g/m²) and ice clouds (LWP < 20 g/m²).   280 
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Table 1. Mean, standard deviation, minimum, and maximum values for estimated cloud base 281 
and top heights, along with calculated LWP for each single-layered cloud type at a 30-second 282 
temporal average. 283 

 LOW MID MOL 
Hbase ± SD 
Min, Max (km) 

0.89 ± 0.61 
0.13, 2.95 

3.97 ± 0.72 
3.01, 5.7 

1.79 ± 0.86 
0.11, 2.95 

Htop (mean) ± SD 
Min, Max (km) 

1.70 ± 0.54 
0.30, 2.99 

4.44 ± 0.80 
3.03, 5.91 

4.10 ± 0.95 
3.01, 5.91 

LWP (mean) ± SD (g/m2) 133.17 ± 59 48.31 ± 29.4 257.95 ± 109 
 284 
3.3  Evaluation and comparison of estimated cloud boundaries and LWPs 285 

 To evaluate the SOCRATES HCR-estimated boundaries, the Hbase and Htop values were 286 
compared against those estimated by the Micropulse Lidar (MPL), Ceilometer, and 95 GHz 287 
W-band ARM Cloud Radar (WACR) measurements collected during the MARCUS campaign. 288 
These comparisons, conducted for low-level clouds within a spatiotemporally collocated 289 
region over the SO (Section S2, Fig. S1), revealed consistent patterns, as illustrated by the 290 
probability distribution function (PDF) histograms (Figs. 4a and 4b). The mean Hbase (and Htop) 291 
height derived from SOCRATES HCR-profiles is ~0.89 km (~1.7 km) with average standard 292 
deviation around 0.55 km. While corresponding estimates from the MARCUS MPL/ceilometer 293 
are around ~0.93 km (~1.41 km) with standard deviation of around 0.58 km. The mean 294 
differences of Hbase and Htop are ~0.04 km and ~0.29 km, respectively. Furthermore, HCR-295 
derived Hbase values were compared with those derived from GV-HSRL lidar observations for 296 
periods where the aircraft flew below the cloud base with a zenith-pointing radar-lidar view 297 
direction. The HSRL-detected Hbase was identified as the first range gate where the backscatter 298 
coefficient (β) exceeded 10⁻⁴ m⁻¹sr⁻¹ (Kang et al., 2024).  In these cases, which comprised 299 
~20% of the total samples, both HCR and HSRL simultaneously detected cloud bases. A 300 
statistical comparison revealed a strong correlation of 0.78 (p << 0.001) and RMSE of 0.29 km 301 
(Fig. 4c). Notably, HSRL-retrieved Hbase heights are consistently higher than those derived 302 
from HCR, by approximately 300-400 m. 303 
 Figure 4d presents PDFs comparing SOCRATES-derived LWP with MWR-retrieved 304 
LWP from the MARCUS campaign for LOW clouds, showing similar trends between the two 305 
datasets. The mean LWP derived from SOCRATES low clouds is 133.2 g/m2, while MARCUS 306 
MWR yields a mean of 123.96 g/m2. Overall, the statistical comparisons of Hbase, Htop, and 307 
LWP for LOW clouds derived from the SOCRATES aircraft-based remote sensors 308 
demonstrate decent agreement with corresponding estimates from ship-based measurements 309 
during the MARCUS campaign, within the measurement uncertainties. The differences in 310 
observed measurements arise from the distinct (spatiotemporal) sampling strategies of the two 311 
campaigns which makes it difficult to obtain precisely overlapping cloud profile observations. 312 
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 313 

FIGURE 4. Comparison of the estimated cloud boundaries and LWP: Probability 314 
Density Function (PDF) histograms for (a) cloud base heights, and (b) cloud top heights 315 
derived from SOCRATES HCR- and MARCUS MPL/Ceilometer/WACR- 316 
measurements.  (c) Cloud-base heights derived from SOCRATES HCR and HSRL 317 
measurements when the aircraft flew below the cloud base for all 15 research flights. (d) 318 
LWP comparison between SOCRATES and MARCUS MWR retrievals.4 Low-level 319 
cloud phase classification method and discussion 320 

     As discussed previously, LOW clouds are the dominant cloud type (~85%) observed during 321 
SOCRATES. This section outlines the method for determining LOW cloud phase.  322 

4 Low-level cloud phase estimation 323 

As discussed previously, LOW clouds are the dominant cloud type (~85%) observed during 324 
SOCRATES. This section outlines the method for determining LOW cloud phase. To ensure 325 
reliable phase classification, we exclude segments prone to high uncertainty, such as noisy 326 
pixels or very thin layers from steep sawtooth crossings and include only complete cloud 327 
profiles (as mentioned in Section 3.1). 328 

4.1 Determination of cloud phase 329 

     Figure 5 presents the flowchart for determining cloud phase for the classified LOW clouds 330 
(Htop < 3 km) after applying the in-cloud condition constraint (LWC > 0.01 g/m³). The phase 331 
partitioning method is used as a set of combined filters, classifying cloud phase as a 2D profile 332 
of liquid, mixed, and ice phases. Additional cloud phase type classes, such as drizzle, rain, and 333 
snow are also classified. Phase classification is carried in a stepwise manner. The cloud phase 334 
classification in this study—based on profiles of air temperature (T), LWP, HCR reflectivity 335 
(dBZ), Doppler velocity (Vd), and Doppler spectrum width (WID), as described in Fig. 5—is 336 
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performed in conjunction with the bivariate histograms presented in Fig. 6 for classifying 337 
liquid, mixed, ice, drizzle, rain and snow phase types. Because of overlapping constraints 338 
across multiple datasets, preserving the order of classification is important. 339 

 340 

Figure 5. Flow chart depicting the phase classification of single-layered LOW clouds 341 
during SOCRATES. Temperature is provided from ERA5 reanalysis air temperature 342 
product.  343 

 Regions of strong precipitation are identified based on cloud profiles exhibiting strong 344 
HCR reflectivity (dBZ > 5), classified as rain in warm conditions (temperature, T > 0 oC) or 345 
snow in cold conditions (T<0 oC). Additionally, warm cloud regions (T > 0 oC) with extremely 346 
strong downdrafts (doppler velocity, Vd > 2.5 m/s) are also categorized as rain. Clouds with T 347 
> 0°C, dBZ < -15, and weak updraft (Vd < 0.5 m/s) are classified as liquid while drizzle 348 
typically has higher reflectivity (> -15 dBZ, Wu et al., 2020a) and Vd < 2.5 m/s (moderately 349 
strong downdraft/turbulence). Figure 6a presents the classification of hydrometeor types within 350 
warm cloud regions, distinguishing between liquid-phase clouds (dBZ ≤ 15, Vd < 0.5 m/s), 351 
drizzle (-15 < dBZ < 5 or Vd > 0.5 m/s), and rain (dBZ > 5). A clear linear relationship between 352 
Vd and dBZ is observed, with drizzle dominating the distribution, even in cases where dBZ < 353 
-15 and Vd > 0.5 m/s. These findings are consistent with Marcovecchio (2023), who reported 354 
a high drizzle frequency (71.8%) in MARCUS field campaign data. 355 
 As discussed in Section 3.2, a threshold of LWP = 20 g/m² is used to classify cloud 356 
phase: ice clouds (LWP < 20 g/m²) and mixed-phase or liquid clouds (LWP ≥ 20 g/m²), as 357 
illustrated in Fig. 5. The width of the Doppler spectrum (WID) serves as an indicator of cloud 358 
microphysical variability, with lower WID values suggesting homogeneous, single-phase 359 
clouds, and higher WID values indicating increased turbulence, wind shear, or mixed-phase 360 
conditions (Shupe, 2007). In subfreezing regions (T < 0°C), clouds characterized by low WID, 361 
and weak updrafts (Vd < 0.5 m/s) are classified as liquid, typically composed of small droplets 362 
and supercooled liquid water (SLW). Mixed-phase clouds are identified when both WID and 363 
Vd exceed 0.5 m/s, indicating greater turbulence and broader hydrometeor size distributions. 364 
 Clouds with WID > 0.5 m/s and Vd < 0.5 m/s (or vice versa) are reclassified based on 365 
reflectivity: as mixed-phase when dBZ > –15, and as liquid when dBZ < –15. Since radar 366 
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reflectivity is proportional to the sixth power of particle diameter (Wang et al., 2009), clouds 367 
composed of small, uniform liquid droplets exhibit lower dBZ values, while mixed-phase 368 
clouds produce higher reflectivities due to the presence of larger particles. The classification 369 
of liquid and mixed-phase clouds under varying turbulence conditions is shown in Fig. 6b 370 
(WID > 0.5 m/s) and Fig. 6c (WID < 0.5 m/s). Most reflectivities fall below –15 dBZ, and a 371 
Vd–dBZ linear relationship, similar to that in Fig. 6a but with different slopes, is observed. The 372 
2D distribution pattern in Fig. 6c resembles that of Fig. 6a, further supporting the dominance 373 
of drizzle in LOW clouds over the SO. Ice-phase regions (T < 0°C, LWP < 20 g/m²) are 374 
depicted in Fig. 6d, where ice is distinguished from snow in low-turbulence environments 375 
(WID < 0.5 m/s) by low reflectivity (dBZ < 5). 376 
 In regions where LWP ≥ 20 g/m², pixels with elevated LWCs (> 0.2 g/m³) are 377 
reclassified as pure liquid-phase clouds. Snow classification, presented in Figs. 6b–d, applies 378 
to all regions with T < 0°C. Where both LWP > 20 g/m² and subfreezing temperatures occur, 379 
precipitation may include supercooled (or freezing) rain in turbulent environments (WID > 0.5 380 
m/s, Fig. 6b), or rimed snow and graupel in less turbulent settings (WID < 0.5 m/s, Fig. 6c). 381 
These regions are uniformly identified as snow, based on the assumption that supercooled 382 
precipitation freezes upon descent due to contact with airborne particles in downdrafts 383 
(Brownscombe & Hallett, 1967). 384 
 Although the phase-classification thresholds for WID, Vd, and dBZ were specifically 385 
tuned for clouds sampled during SOCRATES, we expect them to be broadly applicable to MBL 386 
clouds over the SO. To ensure consistency, the phase-diagnostic thresholds adopted in this 387 
study were compared with values reported in previous studies (e.g., Xi et al., 2022; Romatschke 388 
& Vivekanandan, 2022; Desai et al., 2023; Shupe, 2007). As Shupe (2007) noted, there are 389 
occasional cases where the applied Vd and WID thresholds may suggest a mixed or liquid phase 390 
even though ice is the dominant hydrometeor type at that altitude. 391 
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  392 
Figure 6. (a-d) Bivariate histograms of HCR reflectivity (dBZ) and Doppler velocity (Vd) 393 
for different spectrum widths (WID), LWP and temperatures (T) to demonstrate the 394 
classified liquid, ice and mixed phase cloud samples. The colorbar shows the sample count 395 
in each bin in a log-scale and the dashed lines represent the threshold values for the phase 396 
classification. The phase class types of rain, drizzle, and snow are also classified. 397 

4.2 Results for LOW cloud phase classification 398 

 An LWP greater than the retrieval uncertainty (≥ 20 g/m2) indicates the presence of 399 
liquid water (at T> 0 oC) or supercooled liquid water (SLW, at T < 0 oC). Larger ice particles, 400 
being denser than liquid droplets, typically exhibiting broader Doppler spectrum widths and 401 
higher fall speeds (Xi et al., 2022). A significant number of drizzle (at T > 0 oC) and mixed-402 
phase (T < 0 oC) samples were observed near cloud base, likely driven by elevated WID and 403 
Vd values. Mixed-phase clouds represent a complex three-phased colloidal system in which 404 
SLW droplets coexist with ice crystals, influencing both the nature of mixed-phase layers 405 
(genuinely and/or conditionally mixed) and underlying microphysical processes (Korelov & 406 
Milbrandt, 2022; Maciel et al., 2024). D’Alessandro (2021) found that SO clouds sampled 407 
during SOCRATES exhibited significant spatial heterogeneity. Low-level clouds generally 408 
exhibit higher temperatures than recorded aircraft temperatures due to altitude differences 409 
between flight paths and cloud boundaries. Analyzing the ERA5 air temperature indicates that 410 
mode temperatures ranged between -5°C and 0°C for all three phases (liquid, mixed and ice). 411 
Notably, mixed-phase clouds show the highest occurrence between -15°C to -2.5°C, 412 
underscoring the spatial heterogeneity of low-level stratocumulus clouds, consistent with the 413 
findings from D’Alessandro (2021) and Maciel (2024).  414 
 Based on a 30-second temporal averaging interval, the classification method developed 415 
in this study identified liquid-phase clouds, including SLW, as the most frequent category, 416 
accounting for 48.79% of all samples. Mixed-phase and ice-phase clouds comprised 23.26% 417 
and 6.88%, respectively. Increasing the temporal averaging interval results in a higher 418 
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proportion of mixed-phase clouds and a corresponding decrease in the occurrence of single-419 
phase clouds. Drizzle was identified in 16.22% of the cases, while rain (3.35%) and snow 420 
(1.51%) were relatively rare. Most of the rain and snow detections correspond to in-cloud 421 
precipitation, with some falling hydrometeors observed near cloud base. 422 
 Figure. 7a–e illustrates the profiles for HCR-dBZ, WID, Vd, LWC and LWP for a flight 423 
case (RF13), with Fig. 7f showing the resulting classified phases. Notably, regions where 424 
mixed-phase layers overlay liquid-only columns suggest cloud-top entrainment. In these cases, 425 
mixing of dry air into the cloud top enhances evaporation of liquid droplets, promoting the 426 
formation of mixed-phase conditions. Analysis of 2D-S particle probe imagery (Wu and 427 
McFarquhar, 2019) reveals that liquid droplets are predominantly spherical, whereas large ice 428 
particles display irregular morphologies. While large ice particles (Dp > 200 µm) can be 429 
visually identified by shape, small ice crystals are not well-resolved by the 2D-S probe, making 430 
it difficult to distinguish them from similarly sized cloud droplets. 431 

 432 

Figure 7. A case study from SOCRATES flight RF13 illustrating the phase-classification 433 
algorithm. Shown are: (a) HCR reflectivity (dBZ) with the flight altitude (black line), (b) 434 
Doppler velocity (Vd), and (c) Doppler spectrum width (WID) profiles. (d) LWC profile 435 
(retrieved from HCR reflectivity), (e) column-integrated LWP, and (f) classified cloud 436 
phase categories. The time axis is in decimal hours (UTC).  437 

4.3 Evaluation of phase-classification with existing methods 438 

   Cloud phase classification is highly sensitive to observational scales, sampling strategy, and 439 
instrumentation type. This study focuses exclusively on low-level SO clouds observed during 440 
SOCRATES. The phase-classification method developed here (hereinafter referred to as HCR-441 
phase) is evaluated through comparisons with five existing methodologies, grouped into three 442 
categories: 1) machine learning methods based on in-situ probes ― this includes multinomial 443 
logistic regression (MLR) (D’Alessandro et al., 2021; Schima et al. 2022) and the University 444 
of Washington Ice–Liquid Discriminator (UWILD) (Atlas et al., 2021); 2) ship-based radar-445 
lidar-MWR measurements from MARCUS (Xi et al., 2022; Zhang and Levin, 2017) ; 3) fuzzy 446 
logic particle identification (PID) ― developed from airborne HCR and HRSL measurements 447 
during SOCRATES (Romatschke and Vivekanandan, 2022). Only low-level cloud samples 448 
below 3km were used for cross-method comparisons. The comparative analysis aims to assess 449 
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the strengths and limitations of the HCR-phase classification in the context of these existing 450 
methodologies.        451 

4.3.1 Comparison with in-situ phase classification (machine learning methods: MLR and 452 
UWILD)  453 

 D’Alessandro (2021) developed a cloud phase classification method using an MLR 454 
model trained on in-situ measurements from the CDP, 2D-S, and Rosemount Icing Detector 455 
(RICE) collected during the SOCRATES campaign. This model classified cloud phase—456 
liquid, mixed, or ice—for samples at air temperatures below 0°C. Schima (2022) refined the 457 
MLR product by manually evaluating imagery from the 2D-S, 2D-C, and PHIPS (Particle 458 
Habit Imaging and Polar Scattering) probes. Among 1600 in-situ samples collected below 3 459 
km altitude, the MLR approach classified 52.25% as liquid, 9.5% as mixed-phase, and 38.2% 460 
as ice clouds. Approximately, 39% of samples at temperatures above freezing (T > 0°C) remain 461 
unclassified; including these would likely raise the overall fractions of liquid and mixed-phase 462 
clouds in the MLR dataset. Compared to the HCR-phase method developed in this study, the 463 
MLR model detects a larger fraction of liquid clouds but underrepresents mixed-phase and ice 464 
clouds. 465 
 HCR-phase classification was also compared with the UWILD product, which uses a 466 
random forest algorithm trained on 2D-S probe images and particle inter-arrival times (Atlas 467 
et al., 2021; Mohrmann et al., 2021), and validated with PHIPS imagery. For consistency, 468 
UWILD timestamps with nearly equal liquid and ice samples were reclassified as mixed phase. 469 
Among time periods overlapping with HCR-phase (matched to the nearest second), UWILD 470 
classified 58.8% of samples as liquid, 38.9% as mixed-phase clouds, and only 2.3% as ice-471 
phase clouds. Increasing the temporal averaging interval led to a higher frequency of mixed-472 
phase classification (77%), with reduced occurrences of liquid (19%) and ice (4%). A key 473 
source of uncertainty arises from the spatial heterogeneity of clouds and the UWILD 474 
algorithm’s lack of an explicit mixed-phase category. Additionally, UWILD defines all small 475 
particles (equivalent diameter Deq < 0.17 mm) as liquid, which likely underrepresents ice-phase 476 
clouds. This limitation is significant, as the SOCRATES campaign sampled very few particles 477 
larger than 0.17 mm, even within clouds confirmed to be in the ice phase (Zheng et al., 2024; 478 
Wu and McFarquhar, 2019). 479 
 Within the same samples, the HCR-phase method classified 61.81% of samples as 480 
liquid, 29.47% as mixed-phase clouds, and 8.71% as ice-phase clouds. A key challenge in 481 
comparing in-situ ML-based phase classifications with the HCR-phase method lies in the 482 
differing observational frameworks. Both the MLR and UWILD classifiers are trained on 483 
microphysical probe data (e.g., CDP and 2D-S) collected at the GV aircraft’s altitude, and 484 
therefore cannot provide phase information across the full vertical extent of HCR-observed 485 
cloud profiles. This limitation is especially pertinent when the aircraft is flying above or below 486 
cloud layers. Furthermore, the MLR algorithm is specifically designed for classifying cloud 487 
phases under subfreezing conditions, making it most applicable to cold cloud environments. A 488 
substantial number of unclassified points—particularly those at temperatures above 0°C—are 489 
excluded from final phase statistics, further complicating direct, one-to-one comparisons. 490 
Nevertheless, this comparison does provide a valuable approximation of how in-situ measured 491 
cloud phases compares to HCR-derived cloud phases. 492 

4.3.2 Comparison with ship-based phase classification during MARCUS 493 

  The HCR-phase classification was further evaluated through comparison with single-494 
layer, low-cloud (<3 km) phase classifications from the ship-based measurements during the 495 
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MARCUS campaign, focusing on a spatiotemporally collocated region over the SO using a 5-496 
minute averaging interval (see Section S2). Zhang and Levin (2017) developed the 497 
thermodynamic cloud phase product (THERMOCLDPHASE; ARM, 2017) for MARCUS 498 
using data from the U.S. DOE’s ARM Mobile Facility deployed aboard the Aurora Australis. 499 
This product integrates active remote sensing instruments—including the Micropulse Lidar 500 
(MPL) and W-band ARM Cloud Radar (WACR)—with passive sensors such as microwave 501 
radiometers (MWR) and radiosondes. Cloud phase classification is based on the Shupe (2005, 502 
2007) methodology and includes seven thermodynamic hydrometeor types. More recently, Xi 503 
(2022) introduced an improved classification approach tailored to single-layer low-level clouds 504 
over the SO, leveraging WACR Doppler spectra, MWR-derived LWP, and radiosonde-based 505 
temperature profiles. 506 
 For a total of 1410 5-min samples, Xi (2022) classified 58.6% as liquid-phase, 30.7% 507 
as mixed-phase, and 10.6% as ice-phase clouds. In contrast, the thermodynamic cloud phase 508 
product (ARM, 2020) identified 52.31% liquid, 25.15% mixed, and 22.53% ice-phase clouds 509 
across 3435 samples. The statistical results from both these methods remain broadly consistent 510 
within the same phase categories with those obtained using the HCR-phase classification 511 
(61.81% liquid, 29.47% mixed-phase, and 8.71% ice; excluding drizzle, rain, and snow). The 512 
differences in the phase partitioning are expected, given the inherent limitations in achieving 513 
perfect spatiotemporal alignment between the SOCRATES and MARCUS campaigns. 514 

4.3.3 Comparisons with fuzzy logic particle identification (PID) 515 

 Romatschke and Vivekanandan (2022) developed a technique for identifying 516 
hydrometeor particle types using HCR and HSRL observations during the SOCRATES 517 
campaign. A fuzzy logic particle identification (PID) algorithm was developed using HCR, 518 
HSRL, and temperature parameters (NCAR/EOL HCR Team, 2023) to classify 11 distinct 519 
hydrometeor types. This PID dataset served as a valuable reference for validating the HCR-520 
phase classification through a pixel-by-pixel comparison for low-level clouds, using a 10-521 
second temporal average. To ensure consistent comparisons, the PID-classified ‘cloud liquid’ 522 
and ‘supercooled cloud liquid’ categories were merged into a single ‘cloud liquid’ category, 523 
while categories such as ‘supercooled drizzle’ and ‘supercooled rain’ were excluded due to 524 
their minimal sample counts. Table 2 summarizes the raw sample (pixel) counts for each phase 525 
category, comparing results between the HCR-phase classification and the PID-derived 526 
hydrometeor types.  527 

Table 2. Comparison of HCR-phase classification and PID at a 30-second temporal 528 
resolution.  529 

 530 

 Figure 8 illustrates the distribution of PID-scheme phase categories corresponding to 531 
each HCR-phase, based on overlapping pixels where both methods provide valid results. For 532 
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these matched samples, the HCR-phase classification identifies cloud and in-cloud 533 
precipitation hydrometeor types as approximately 64.4% (65.3%) liquid, 23.2% (21.1%) 534 
mixed-phase, and 9.6% (6.8%) ice-phase. Notably, 69.3% of the large frozen hydrometeor 535 
types from the PID are classified as snow in the HCR-phase, reflecting the threshold-based 536 
classification scheme used in this study, which tends to identify large ice particles with high 537 
reflectivity (dBZ) and low LWP as snow. Similarly, PID-classified drizzle is mapped to 87.2% 538 
drizzle and 12.8% rain in HCR-phase, while all PID-classified rain is consistently identified as 539 
rain by HCR-phase. The melting layer observed in MBL clouds, characterized by enhanced 540 
dBZ values similar to drizzle, contains both liquid and ice-phase particles as hydrometeors melt 541 
while falling through the 0°C isotherm (Song et al., 2021). Accordingly, HCR-phase classifies 542 
PID melting layer samples as 41.6% drizzle, 43.3% in-cloud rain, and 12.6% liquid clouds. 543 
 The greatest mismatch occurs for PID-classified small frozen hydrometeors, which are 544 
identified as 76.9% liquid, 14% mixed-phase, and only 5% ice by the HCR-phase method. This 545 
discrepancy likely reflects the presence of supercooled liquid droplets coexisting with ice 546 
particles, which HCR-phase identifies using its criteria of low dBZ, Vd, and high LWP; while 547 
the PID algorithm do not use any LWP constraints. Among the matched samples, PID-548 
classified ‘cloud liquid’ (merged with ‘supercooled cloud liquid’) types account for 49% of 549 
HCR-phase liquid and 33.6% of mixed-phase classifications. These percentages are derived 550 
from the subset of low-level clouds with collocated pixels and do not represent the full PID 551 
dataset. 552 

  553 
Figure 8. The distribution of phase partitioning of hydrometeor types identified by the 554 
PID algorithm, showing the percentages of each phase-category samples as per the 555 
overlapping pixels with HCR-phase. 556 

4.4 Summarizing the comparisons between HCR-phase and other methods 557 

 Table 3(a,b) summarizes the low-level cloud phase classifications from the HCR-phase 558 
algorithm alongside results from five other methods. For the SOCRATES campaign, 559 
comparisons include the MLR method (Schima, 2022; D’Alessandro, 2021, 2022), and the 560 
fuzzy logic PID algorithm (Romatschke and Vivekanandan, 2022). For the MARCUS 561 
campaign, comparisons are made with WACR-MWR retrievals (Xi et al., 2022) and the 562 
Thermodynamic Cloud Phase product (ARM, 2017). 563 
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 The MLR method predicts 9.6% fewer liquid-phase clouds, 20% fewer mixed-phase, 564 
and 29.5% fewer ice-phase clouds compared to the HCR-phase (Table 3a, column 2). 565 
Additionally, ~39% of the MLR samples are unclassified in regions exceeding 0°C; which 566 
were excluded from the comparison. In contrast, UWILD results show closer agreement with 567 
HCR-phase, with only a 3% difference in liquid-phase occurrence. However, UWILD reports 568 
9.4% more mixed-phase and 6.4% fewer ice-phase clouds (Table 3a, column 3). For the 569 
MARCUS campaign, the Xi (2022) phase classification method aligns closely with HCR-570 
phase, underestimating liquid-phase clouds by just 3.2% and differing by only 1.2% and 1.9% 571 
in mixed and ice phases, respectively (Table 3a, column 5). Similarly, the Thermodynamic 572 
Cloud Phase product identifies 7.3% more ice-phase clouds, but 2.3% fewer liquid and 5% 573 
fewer mixed-phase clouds relative to HCR-phase. Table 3b compares the HCR-phase results 574 
with the fuzzy logic PID scheme. The PID method classifies 56.5% of matched low-level 575 
samples as liquid (including supercooled liquid) and 11.6% as frozen (large and small frozen 576 
hydrometeors), which is 7.7% higher in liquid and 3.2% higher in frozen phase (ice and snow 577 
samples) occurrence than HCR-phase. Additionally, PID estimates 11.9% more drizzle and 578 
1.52% less rain compared to HCR-phase, highlighting notable differences in hydrometeor 579 
subtype identification. 580 
 Overall, the phase classification percentages show reasonable agreement across all 581 
methods, with the MLR method displaying the largest deviations. Mixed-phase cloud 582 
identification remains the most uncertain, particularly in regions with high spatial 583 
heterogeneity. The HCR-phase method, which combines radar observations with in-situ 584 
measurements, demonstrates strong capability in detecting mixed-phase clouds due to two 585 
primary factors: (1) the integrated use of HCR reflectivity (dBZ), spectral width (WID), and 586 
Doppler velocity (Vd) effectively characterizes particle size distributions, enabling clear 587 
differentiation between mixed-phase, drizzle, liquid, and ice clouds; and (2) the use of a 20 588 
g/m² liquid water path (LWP) threshold helps distinguish ice-dominated columns from liquid 589 
and mixed-phase cloud regions. 590 

Table 3. (a) Comparison of HCR-phase classification with in-situ ML phase products 591 
(MLR, UWILD) and MARCUS-phase retrievals. For HCR-phase, drizzle, rain, and snow 592 
categories are excluded from this comparison.  (b) Comparison of HCR-phase with PID 593 
scheme. Frozen categories combine ice and snow (for HCR-phase), large frozen and small 594 
frozen (for PID). 595 

(a) Results from SOCRATES Results from MARCUS 
 HCR-Phase MLR UWILD WACR-

MWR 
Thermo-cloud 

phase 
Liquid % 61.81 52.25 58.8 58.65 56.82 

Mix % 29.47 9.50 38.9 30.71 27.2 
Ice % 8.71 38.25 2.3 10.64 15.98 

   
(b) HCR-Phase PID-scheme 

Liquid % 48.79 56.45 
Mix % 23.26 - 

Melting % - 1.95 
Frozen % 8.39 11.61 
Drizzle % 16.22 28.15 
Rain % 3.35 1.83 
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 The percentage agreement for each phase is calculated by comparing the results from 596 
this study with those from the other methods. Agreement is defined as:  597 
Agreement (%) = 100 - |(Phaseᵢ% from compared method) - (Phaseᵢ% from HCR-phase)|, 598 
where i represents the phase categories.  599 
 Results show that the MLR method has the lowest agreement with HCR-phase for the 600 
mixed (80%) and ice (70.5%) phase categories, although it performs well for liquid clouds 601 
(90.4%). In contrast, the UWILD, WACR-MWR, and thermodynamic cloud phase methods 602 
exhibit strong agreement with HCR-phase, with >90% consistency across all three phase 603 
categories. The PID scheme also shows high agreement (~92.3%) with HCR-phase for liquid, 604 
frozen, drizzle, and rain categories. As previously discussed, the underlying differences 605 
between these classification methods - in terms of sensor type, sampling strategy, and 606 
algorithm design - contribute to the observed deviations. While direct one-to-one comparisons 607 
are inherently limited by methodological differences, these analyses offer a robust foundation 608 
for evaluating phase classification accuracy and consistency across platforms. 609 

5 Summary and Conclusions 610 

 This study presents a comprehensive methodology for identifying cloud boundaries and 611 
classifying cloud phases in single-layer low-level marine boundary layer (MBL) clouds. The 612 
approach leverages data from the airborne HCR radar and in-situ cloud and drizzle probes 613 
(CDP and 2D-S) aboard the NSF/NCAR GV aircraft during SOCRATES campaign over the 614 
SO. Cloud base detection is achieved using the Doppler spectrum width gradient, which 615 
reliably identifies cloud boundaries even in the absence of supporting sonde or ceilometer 616 
measurements. The cloud phase classification (referred as HCR-phase), integrates radar 617 
observations with in-situ measurements, enabling accurate phase retrieval in the time-height 618 
dimension. In addition, the study provides some new insights into the macrophysical properties 619 
of different cloud types and phases through statistical analyses. Both the cloud base detection 620 
and phase classification methodologies were rigorously evaluated against existing methods. 621 
The major takeaways from this study are as follows:  622 
 623 

1. A method based on HCR-reflectivity and spectrum width gradient-based method was 624 
used to identify cloud boundaries and classify cloud types into LOW, MID, and MOL 625 
categories, based on cloud-top and cloud-base heights. LOW clouds (< 3km) were the 626 
most frequently observed, occurring in 85% of observed cases. HCR- and HSRL-627 
derived cloud base heights showed strong agreement, with a correlation of 0.78. PDFs 628 
of cloud base and top heights from SOCRATES (HCR) and MARCUS 629 
(MPL/ceilometer/WACR) over a collocated region also exhibited close agreement, 630 
with mean differences of 0.04 km for cloud base and 0.29 km for cloud top.  631 

2. In-situ measured LWC and calculated reflectivity (Z) from CDP and 2D-S probe 632 
measurements were used to derive an empirical exponential relationship: LWC = 633 
0.70Z0.29. This relationship was applied to HCR-reflectivity data to retrieve vertical 634 
LWC profiles over time. Using these LWC profiles and cloud thickness, LWP was 635 
estimated for each cloud category, with an associated uncertainty of approximately 636 
±20 g/m². The mean LWP values were 133.2 g/m² for LOW clouds, 258 g/m² for MOL 637 
clouds, and 48.3 g/m² for MID clouds. Additionally, LWP estimates for SOCRATES 638 
low clouds were in close agreement with microwave radiometer (MWR)–retrieved 639 
LWP values from MARCUS, showing a mean difference of just 9.24 g/m². 640 

3. A phase classification method (HCR-phase) was developed to categorize single-layered 641 
low-level (LOW) clouds into liquid, mixed, and ice phases, with respective occurrence 642 
frequencies of 48.8%, 23.3%, and 6.9%. Additional hydrometeor types, including 643 
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drizzle (16.2%), rain (3.4%), and snow (1.5%), were also identified. The HCR-phase 644 
classifications were benchmarked against five existing methods: MLR, UWILD, PID, 645 
WACR-MWR, and Thermodynamic Cloud Phase. Overall, HCR-phase showed strong 646 
agreement (>90%) with these methods across the primary phase categories. The largest 647 
deviation was observed with the MLR method, which showed lower agreement (~70%) 648 
for mixed and ice phases, primarily due to methodological differences in classification 649 
criteria. 650 

 This study advances our understanding of Southern Ocean clouds by introducing robust 651 
methodologies for identifying cloud boundaries and classifying cloud phases in MBL clouds. 652 
The techniques developed here are broadly applicable to future field campaigns and research 653 
efforts aimed at characterizing MBL cloud properties in other remote maritime regions. A 654 
promising avenue for future investigation lies in the integration of HCR and HSRL 655 
observations which has significant potential in improving cloud phase and microphysical 656 
property retrievals. Further work may focus on refining the cloud boundary and phase 657 
classification algorithms, incorporating additional remote sensing instruments, and assessing 658 
the implications of cloud phase heterogeneity on aerosol–cloud–radiation interactions. 659 

Data Availability. All radar-lidar and in-situ data from the NSF SOCRATES campaign used 660 
in this study are freely available via the EOL data archive (https://data.eol.ucar.edu/dataset/) 661 
and the SOCRATES website (https://www.eol.ucar.edu/field_projects/socrates). The 2D-S 662 
dataset (Wu & McFarquhar, 2019) is available at https://doi.org/10.26023/8HMG-WQP3-663 
XA0X, and CDP data (UCAR/NCAR-EOL, 2022) at https://doi.org/10.5065/D6M32TM9. The 664 
MLR cloud phase dataset (D’Alessandro et al., 2021) can be found at 665 
https://doi.org/10.26023/S6WS-G5QE-H113 (https://data.eol.ucar.edu/dataset/552.142), and 666 
UWILD phase classification (Mohrmann et al., 2021) at https://doi.org/10.26023/PA5W-667 
4DRX-W50A (https://data.eol.ucar.edu/dataset/552.134). NCAR HCR radar and GV-HSRL 668 
lidar moments data (NCAR/EOL HCR Team, NCAR/EOL GV-HSRL Team, 2023), including 669 
the fuzzy logic PID scheme (Romatschke & Vivekanandan, 2022), are available at 670 
https://doi.org/10.5065/D64J0CZS (https://data.eol.ucar.edu/dataset/552.034). Additional 671 
datasets, including ARM MWRRET1LILJCLOU, ARSCLWACRBND1KOLLIASSHP, and 672 
THERMOCLDPHASE for the MARCUS campaign, can be accessed via the ARM data store 673 
at https://adc.arm.gov/. 674 
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