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10  Abstract.

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

32 1. Introduction

33 The Southern Ocean (SO) clouds contain mainly low-level clouds, which significantly
34  influence the regional radiation budget (60°S latitude, encircling Antarctica). Yet global
35  climate models struggle to simulate them accurately (Bodas-Salcedo et al., 2016; Kay et al.,
36  2016; Trenberth & Fasullo, 2010; Wang et al., 2018, McCoy et al., 2014; D'Alessandro et al.,
37  2021). Low-level marine boundary layer (MBL) clouds over the SO exhibit a high prevalence
38  of SLW, with ~80% containing SLW across a temperature range of -40 to 0°C (Hu et al., 2010).
39  Their macrophysical and microphysical properties differ significantly from subtropical MBL
40  clouds, with dominant warm liquid clouds (Dong et al., 2014; Wu et al, 2020; Zhao et al.,
41  2020), and from Arctic mixed-phase clouds, which feature liquid tops and ice-dominated bases
42 (Qiu et al., 2015; Jackson et al., 2012; Moser et al., 2023). Understanding the dominant cloud
43  phase and spatial homogeneity of low-level SO clouds is critical for improving cloud
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44  parameterizations and refining global climate model predictions (Zhao et al., 2023; Liu et al.,
45 2023).

46 Identifying cloud phase is crucial for accurately retrieving cloud macrophysical and
47  microphysical properties, as most retrieval algorithms are phase- and region-specific (Shupe,
48  2007). Various methods have been developed for classifying cloud type, phase, and
49  hydrometeors over the SO (e.g., Xi et al., 2022; Desai et al., 2023; Schima et al., 2022;
50 D’Alessandro et al., 2021, 2019; Romatschke & Vivekanandan, 2022; Atlas et al., 2021;
51  Zaremba et al., 2020) and Arctic clouds (e.g., Shupe, 2007; Korelov & Milbrandt, 2022;
52 Mioche et al., 2015; Matus & L’Ecuyer, 2017), each with varying performance based on
53 retrieval methods and assumptions. Compared to ground-based measurements, aircraft in-situ
54  observations provide more reliable datasets, minimizing retrieval uncertainties by directly
55  sampling cloud boundaries and interiors. Additionally, onboard radar and lidar experience less
56  attenuation than ground-based sensors (Ewald et al., 2021). Cloud phase retrieval remains
57  highly dependent on observational scale, sample size, and viewing direction. Ground-based
58  radar and lidar more accurately capture low-level clouds but suffer attenuation when observing
59  higher altitudes. On the other hand, satellite-based sensors effectively detect high-level clouds
60  but may struggle with low-level cloud retrieval due to signal attenuation (Dong et al., 2025).
61 The Southern Ocean Clouds, Radiation, Aerosol Transport Experimental Study
62  (SOCRATES) provided a valuable dataset for investigating marine boundary layer (MBL)
63  clouds over the SO. The airborne in-situ probes— Cloud Droplet Probe (CDP) and Two-
64  Dimensional, Stereo, Particle Imaging Probe (2D-S), and remote sensors— the 94.4 GHz (W-
65 band) HIAPER Cloud Radar (GV-HCR) and the 532 nm High Spectra Resolution Lidar
66  (NCAR-HSRL) onboard the research aircrafts during SOCRATES enabled direct observations
67  of precipitation, cloud particles, and aerosols across different cloud layers, providing vertical
68  profiles to characterize MBL structure and the free troposphere. Previous studies utilizing
69  SOCRATES measurements for cloud phase classification include a multinomial logistic
70  regression (MLR) method by D’Alessandro (2021) which used in-situ cloud and drizzle probe
71 (CDP & 2D-S) measurements to estimate cloud phase heterogeneity and frequency
72 distributions. This method identified significant SLW and ice-phase clouds and was later
73 refined by Schima (2022) to address inconsistencies. Romatschke & Vivekanandan (2022)
74  presented a fuzzy logic scheme that classifies cloud hydrometeor types as a time-height profile
75  using cloud radar-lidar data. Atlas (2021) developed the University of Washington Ice-Liquid
76  Discriminator (UWILD), a random forest-based single-particle phase classification method for
77  binary 2D-S images.

78 Remote sensing offers 2-dimensional cloud profiles, complementing the size-resolved
79  distributions captured by in-situ measurements. However, relying solely on either method can
80  introduce discrepancies—in-situ probes detect particles only at the aircraft's altitude, while
81  radar-lidar profiles provide vertical cloud structure but suffers near-surface contamination due
82  to surface clutter (Dong et al., 2025). Therefore, integrating in-situ sampling with remote
83  sensing provides significant advantages for studying atmospheric processes (Wang et al.,
84  2012). Lidar, with its shorter wavelength, resolves aerosols, ice precipitation, optically thin
85  clouds, and cloud boundaries (Wang et al., 2012, 2009; McGill et al., 2002), but is easily
86  attenuated by thicker cloud layers, such as liquid clouds (Sassen, 1991). Therefore, this study
87  focuses on developing a method solely based on radar measurements to identify cloud
88  boundaries and phase in MBL clouds.

89 In this study, we aim to use a combination of both in-situ and radar-based measurements
90  during SOCRATES to:

91 1. Develop a method to identify cloud base and top heights using airborne HCR radar
92 reflectivity and spectrum width gradient, offering cloud boundary estimation without
93 radiosonde or drop-sonde data. Further, derive an LWC-Z exponential relationship
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94 from in-situ measured liquid water content (LWC) and calculated reflectivity (Z) from
95 CDP and 2D-S probes and apply it to HCR reflectivity profiles to obtain radar-based
96 LWC and liquid water path (LWP).
97 2. Develop a cloud phase estimation method for classified low-level clouds sampled
98 during SOCRATES, using a combination of HCR measurements, temperature profiles
99 and estimated LWPs. Compare the classified phase categories with existing products
100 over the SO.
101 The manuscript is organized in the following manner: Section 2 contains a brief

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

109 2 SOCRATES observations and deriving LWC-Z relationship

110 2.1 SOCRATES in-situ and remote sensing datasets

111 A brief overview of the SOCRATES aircraft field campaign is provided in Section S1, with
112 alist of in-situ probes and radar-lidar instruments onboard the research aircraft in Table S1 of
113 the Supplementary. This study primarily utilized the measurements from two airborne in-situ
114 probes—CDP (Lance et al., 2010; Faber et al., 2018) and 2D-S (Lawson et al., 2006, Wu and
115  McFarquhar, 2019), along remote sensors— GV-HCR (NCAR/EOL HCR Team., 2014,
116  Romatschke et al., 2021, Vivekanandan et al., 2015) and NCAR-HSRL (NCAR/EOL HSRL
117  Team., 2012, Eloranta., 2005, Su et al., 2008), aboard the Gulfstream-V (GV) research aircraft
118  during SOCRATES. The bulk cloud microphysical properties (LWC, particle size
119  distributions, and number concentration) were derived from the CDP and 2D-S measurements,
120 which were merged into a continuous dataset with size bins from 2 to 40 pm for cloud droplets
121 and 40 to 1280 pm for drizzle particles, at 1 Hz temporal resolution for each flight. Following
122 Zheng (2024), the CDP and 2D-S datasets were combined into a single size distribution, with
123 droplet number concentrations in the overlapping size bin redistributed using a gamma
124  distribution, ensuring a complete cloud and drizzle size spectrum.

125 The HCR reflectivity (dBZ), Doppler velocity (Vq4) (m/s), and spectrum width (WID)
126  (m/s) along with the HSRL measured backscatter coefficient () (m'sr!) and particle
127  depolarization ratio (PLDR) were collected at 1 Hz temporal resolution. The HSRL signals are
128  highly sensitive to cloud droplet concentrations and can be attenuated within a few hundred
129  meters in liquid cloud layers (Ewald et al., 2021; Sassen, 1991). Estimated instantaneous
130  uncertainties for HSRL measurements at 532 nm are 0.36 for backscatter (B) and 0.009 for
131  depolarization (§) (Su et al., 2008). Due to signal attenuation, HSRL detects fewer clouds than
132 HCR, particularly in optically thick clouds. The radar-lidar overlap is about 11% when
133 considering full time-height (3D) cloud profiles. Given this limitation, lidar signals are not used
134 for phase or boundary estimation in optically thicker MBL clouds. Cloud temperatures were
135  provided by the 2-dimensional ERAS reanalysis product which matched the vertical and
136 temporal resolution of the HCR data (NCAR/EOL HCR Team, 2023). The HCR dataset was
137 further filtered to retain only nadir or zenith pointing observations, excluding all cloud samples
138  in transition or rotational pointing directions (i.e., those not equal to +90 degrees).
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139 2.2 Estimating LWC-Z relationship and LWP from in-situ measurements

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

144 Z= [’ N(D)D®dD )
145 LWC=p,% [ N(D)D*dD ()

146  where pw is the density of liquid water, D is the particle diameter measured as droplet size
147  distribution (DSD) from the CDP+2D-S particle size bins, and N(D) is the number
148 concentration (#/cm?) per bin. Z (mm®/m?) can further be converted to dBZ as dBZ = 10log(Z).
149 Clouds is defined when LWC is greater than 0.01 g/m* and cloud droplet number
150  concentration (N¢) is greater than 5 cm™ (Zheng et al., 2024). The LWC threshold ensures
151  sufficient cloud density and number concentration while removing clear-sky conditions and
152  aerosol noise. The number concentration of ice particles > 200 pm is very low (Zheng et al.,
153 2024), suggesting most ice-phase particles fall below the 2D-S-defined 200 um threshold for
154  ice particle size distribution (Wu & McFarquhar, 2019).

155 The LWC can be further used to compute the column-integrated liquid water path (LWP,
156  g/m?) as a function of cloud layer thickness (Ah, meters) (Dong & Mace, 2002; Oh et al., 2018;
157  Mioche et al., 2017), as follows:

158 LWP= ziz:f;}e} LWC(h). Ah 3)

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

The in-situ measured LWC and Z can be used to derive an exponential relationship of
form LWC = aZ®, where a, and b are intercept and slope parameters depending on cloud type
(Oh et al., 2018). The in-situ Z and LWC measurements were constrained to only 5% to 95t
percentile of the dataset to minimize the influence of extreme outliers. Furthermore, a kernel
density estimation (KDE) was used to estimate relative point density in the Z-LWC (log) space.
Due to the noisy nature of the dataset where larger particle diameters return extremely high Z
values (~D°) and relatively lower LWC values (~D?), a log-log linear regression was performed
only using a subset of the dataset with high sample density to minimize measurement
uncertainties. An exponential relationship: LWC = 0.70Z%? is hence derived as shown in Fig.
2.



https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

— |WC=0.70-2°2°
0.5

In-Situ LWC (g/m3)
o o
W N

o
N

0.1

-30 -25 -20 -15 -10
177 In-Situ Z (dBZ)
178  FIGURE 2. Exponential relationship between Z-LWC derived from the 10135 in-situ
179  DSD measurements for the 62 in-cloud profiles from SOCRATES.

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

194 3 Classifying low-level clouds over SO
195 3.1 Identifying cloud boundaries using HCR measurements

196 Existing methods for estimating cloud-base (Hpase) and cloud-top (Hiop) heights, rely on
197  the thresholds of lidar returned power, depolarization, or backscatter (e.g., Intrieri et al., 2002;
198  Kang et al., 2021, 2024), as well as in-situ vertically resolved cloud LWP, LWC, and cloud-
199  droplet number concentration (N¢). Kang (2024) presented a method using HSRL backscatter
200  coefficient (B), where cloud base is defined as the first lidar range gate where > 10 m™'sr".
201  This approach is effective when the aircraft is flying below the cloud base with radar-lidar
202  pointed zenith. Similarly, HSRL signals can accurately detect cloud top when the aircraft is
203  above the cloud with sensors pointing nadir. However, lidar alone cannot simultaneously
204  estimate both cloud base and top heights, as HCR does. Therefore, only HCR measurements
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205  were used, which can determine cloud boundaries regardless of the aircraft’s altitude or the
206  pointing direction of the remote sensors.

207 In this study, Hpase Was estimated as the lowest height (from the sea surface) where the
208  HCR Spectrum Width (WID) gradient has the lowest value (or highest negative gradient). The
209  lowest WID gradient indicates the change from a precipitation layer to the cloud layer where
210  the gradient of spectrum width decreases sharply. Higher spectrum width around the cloud base
211  indicates a greater turbulence and wider range of particle velocities observed which correlate
212 to potentially stronger turbulence, and likely drizzle or precipitation. The uncertainties arising
213 from the low signal-to-noise ratios of radar signals near the ocean surface are effectively
214 mitigated because this method only considers the cloud base after eliminating one or two lowest
215  near-surface radar range-gates. Hip was estimated as the highest altitude where prominent
216  HCR signals (dBZ > -50) were observed, following the method of Kang (2024). Cloud
217  thickness (AH) was then calculated as the difference between cloud-top and cloud-base heights,
218  AH = Hiop — Hpase. Isolated cloud transects with shallow vertical heights and small horizontal
219  extents were excluded from this study.

220 After estimating Hpase and Hiwp, cloud types were categorized following the
221  classification method of Xi et al. (2010). A single-layered cloud is defined as having no
222 additional cloud layers above or below during the observed period. Based on this classification,
223 the most common cloud type is found to be single-layered low-level clouds (LOW, Hip < 3
224 km), followed by middle above low clouds (MOL, Hpase < 3 km, Hiop < 6 km) and single-
225  layered middle-level clouds (MID, Hpase > 3 km, Hiop < 6 km). Single or double-layered clouds
226  with Hpase and/or Hip > 6 km were rarely observed and were excluded to optimize statistical
227  consistency and minimize errors. Only single-layered LOW clouds are considered in this study,
228  which was the predominant cloud type during SOCRATES (~85% of total samples).
229  Furthermore, for cases where cloud vertical columns were intersected by aircraft ascents or
230  descents, HCR cannot reliably observe cloud top or base due to its fixed nadir or zenith-
231  pointing configuration. As a result, only fully sampled cloud profiles—where both cloud base
232 and top are simultaneously observed by the radar—were considered for boundary and phase
233 estimation. Two selected cases of estimated Hiop and Hyase for LOW clouds is illustrated in Fig.
234 3.

235 3.2 Statistical results from prominent cloud types

236 The derived exponential relationship LWC = 0.702°?° was applied to the HCR-
237  observed reflectivity measurements to retrieve a 2D time-height LWC profile and column
238  integrated LWP. Figure 3 illustrates the estimated cloud boundaries, LWC profile and LWP
239  for two selected cases. Figure 3a and 3e clearly shows the derived cloud boundaries and HCR
240  reflectivity profiles. Thicker cloud layers exhibit larger radar reflectivities, which lead to higher
241  estimated cloud LWCs and LWPs as shown in Figs. 3c, 3g, and Figs. 3d, 3h. respectively.
242 LWC profiles basically follow adiabatic increasing from cloud base to upper levels, then
243 decreasing near cloud top due to cloud-top entrainment. As mentioned in Section 2, the derived
244 LWC and LWP values have differences of ~ 22.2% and 1.9%, respectively, compared to
245  aircraft in-situ measurements.
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247  Figure 3. (a), (b), (c), and (d) are the profiles of HCR reflectivity (dBZ), spectrum width
248  (m/s), LWC (g/m?) and LWP (g/m?), respectively for a selected case from RF1, while (e),
249 (D), (g), (h) are similar profiles but from a selected case from RF7. The identified cloud
250  top (black circles) and cloud base (red squares) heights have been illustrated along the
251  HCR profiles along with the flight altitude (black line). The cases are selected such that
252  the left panels represent the cloud profiles when the aircraft was flying above the cloud
253  top (nadir-pointing radar), while the right panel shows a zenith-pointing radar cross-
254  section with the aircraft flying below the cloud base. The time axis is in decimal hours
255  (UTCQO).

3.96 398 4.00

256 LOW clouds were the most frequently observed cloud type—accounting for ~85% of
257  occurrences across the 15 research flights during SOCRATES. In contrast, MID and MOL
258  clouds were less common and together accounted for less than 15%, reflecting the SOCRATES
259  campaign’s sampling focus. Some rare occurrences of other high-altitude clouds were also
260  identified but were excluded to maintain statistical consistency. These flights primarily
261  sampled the cold sector of cyclones, occasionally crossing frontal systems associated with
262  strong westerly winds over the Southern Ocean. The combination of large-scale weather
263  patterns and a cool ocean surface led to persistent cloud cover, predominantly low- and mid-
264  level stratus and stratocumulus clouds (McFarquhar et al., 2021; D’Alessandro et al., 2021).
265 The highest calculated LWP is associated with MOL clouds (~258 g/m?), followed by
266 LOW (~133.2 g/m?) and MID (~48.3 g/m?) clouds, as presented in Table 1. The probability
267  distribution histograms of LWP for the classified LOW, MID, and MOL clouds indicate
268  significantly higher LWP values, with a notable frequency of LOW clouds exhibiting LWPs >
269 200 g/m?2 Another distinct peak corresponds to ice clouds with LWPs <20 g/m2. Despite this,
270  overlaps are observed among the probability density functions (PDFs) of LWPs for the
271  different cloud types.

272 The cloud LWP values during the Measurement of Aerosols, Radiation, and Clouds
273 (MARCUS) ship-based field campaign (DeMott et al., 2018; Mace et al., 2021; McFarquhar et
274 al, 2019, 2021; Marcovecchio et al., 2023; Xi et al., 2022) are retrieved using a physical-
275  iterative algorithm applied to ship-based measurements of microwave radiometer (MWR)
276  brightness temperatures at 23.8 and 31.4 GHz. These retrievals have associated uncertainties
277  ranging from 15 to 30 g/m? (Caddedu et al., 2013), which align with the uncertainty estimates
278  (~20 g/m?) of LWP retrievals obtained via statistical methods (Liljegren et al., 2001).
279  Consequently, a threshold of 20 g/m? is employed in this study to distinguish between liquid
280  clouds (LWP > 20 g/m?) and ice clouds (LWP <20 g/m?).
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281  Table 1. Mean, standard deviation, minimum, and maximum values for estimated cloud base
282  and top heights, along with calculated LWP for each single-layered cloud type at a 30-second
283  temporal average.

LOW MID MOL
Hpase £ SD 0.89 +0.61 397+0.72 1.79 = 0.86
Min, Max (km) 0.13,2.95 3.01,5.7 0.11,2.95
Hi,p (mean) + SD 1.70 £ 0.54 4.44+0.80 410+0.95
Min, Max (km) 0.30, 2.99 3.03,5.91 3.01,5.91
LWP (mean) £ SD (g/m?) | 133.17 % 59 4831+294 | 257.95+109

284
285 3.3  Evaluation and comparison of estimated cloud boundaries and LWPs

286 To evaluate the SOCRATES HCR-estimated boundaries, the Hpase and Hiop values were
287  compared against those estimated by the Micropulse Lidar (MPL), Ceilometer, and 95 GHz
288  W-band ARM Cloud Radar (WACR) measurements collected during the MARCUS campaign.
289  These comparisons, conducted for low-level clouds within a spatiotemporally collocated
290  region over the SO (Section S2, Fig. S1), revealed consistent patterns, as illustrated by the
291  probability distribution function (PDF) histograms (Figs. 4a and 4b). The mean Hyase (and Hiop)
292  height derived from SOCRATES HCR-profiles is ~0.89 km (~1.7 km) with average standard
293  deviation around 0.55 km. While corresponding estimates from the MARCUS MPL/ceilometer
294 are around ~0.93 km (~1.41 km) with standard deviation of around 0.58 km. The mean
295  differences of Hpase and Hiop are ~0.04 km and ~0.29 km, respectively. Furthermore, HCR-
296  derived Hyase values were compared with those derived from GV-HSRL lidar observations for
297  periods where the aircraft flew below the cloud base with a zenith-pointing radar-lidar view
298  direction. The HSRL-detected Hyase was identified as the first range gate where the backscatter
299  coefficient (B) exceeded 10™* m'sr' (Kang et al., 2024). In these cases, which comprised
300 ~20% of the total samples, both HCR and HSRL simultaneously detected cloud bases. A
301  statistical comparison revealed a strong correlation of 0.78 (p << 0.001) and RMSE of 0.29 km
302  (Fig. 4c). Notably, HSRL-retrieved Huase heights are consistently higher than those derived
303  from HCR, by approximately 300-400 m.

304 Figure 4d presents PDFs comparing SOCRATES-derived LWP with MWR-retrieved
305 LWP from the MARCUS campaign for LOW clouds, showing similar trends between the two
306  datasets. The mean LWP derived from SOCRATES low clouds is 133.2 g/m?, while MARCUS
307 MWR yields a mean of 123.96 g/m?. Overall, the statistical comparisons of Hpase, Hiop, and
308 LWP for LOW clouds derived from the SOCRATES aircraft-based remote sensors
309  demonstrate decent agreement with corresponding estimates from ship-based measurements
310  during the MARCUS campaign, within the measurement uncertainties. The differences in
311  observed measurements arise from the distinct (spatiotemporal) sampling strategies of the two
312 campaigns which makes it difficult to obtain precisely overlapping cloud profile observations.
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314 FIGURE 4. Comparison of the estimated cloud boundaries and LWP: Probability
315  Density Function (PDF) histograms for (a) cloud base heights, and (b) cloud top heights
316 derived from SOCRATES HCR- and MARCUS MPL/Ceilometer/WACR-
317 measurements. (c) Cloud-base heights derived from SOCRATES HCR and HSRL
318  measurements when the aircraft flew below the cloud base for all 15 research flights. (d)
319 LWP comparison between SOCRATES and MARCUS MWR retrievals.4 Low-level
320 cloud phase classification method and discussion

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

323 4 Low-level cloud phase estimation

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

329 4.1 Determination of cloud phase

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

DBZ >5OR
| Vy>2.5m/s ‘E
Temp >0°C DBZ<5AND P N
—>]
Refer to Fig. 6(a) V,<2.5m/s —i" DRIZZLE (or Liquid Drizzle) ||
| DBZ < -15 AND |——|
V,<0.5 m/s LIQUID PHASE
DBZ < -15 AND
Vy4<0.5m/s
LOW CLOUD
LWP 220 g/m?
PHASE ESTIMATION Refer to Fig. 6(b-c)
el -
0.5m/s
LWP < 20 g/m?
o
Temp < 0°C Refer to Fig 6(d) [—L___DBZ<5 —— icephase |
340 ———]  DBz>5 [— snow |

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

344 Regions of strong precipitation are identified based on cloud profiles exhibiting strong
345  HCR reflectivity (dBZ > 5), classified as rain in warm conditions (temperature, T > 0 °C) or
346  snow in cold conditions (T<0 °C). Additionally, warm cloud regions (T > 0 °C) with extremely
347  strong downdrafts (doppler velocity, Vq > 2.5 m/s) are also categorized as rain. Clouds with T
348 > 0°C, dBZ < -15, and weak updraft (Va4 < 0.5 m/s) are classified as liquid while drizzle
349  typically has higher reflectivity (> -15 dBZ, Wu et al., 2020a) and Vg4 < 2.5 m/s (moderately
350  strong downdraft/turbulence). Figure 6a presents the classification of hydrometeor types within
351  warm cloud regions, distinguishing between liquid-phase clouds (dBZ < 15, V4 < 0.5 m/s),
352 drizzle (-15 <dBZ <5 or V4> 0.5 m/s), and rain (dBZ > 5). A clear linear relationship between
353  Vgand dBZ is observed, with drizzle dominating the distribution, even in cases where dBZ <
354  -15and V4> 0.5 m/s. These findings are consistent with Marcovecchio (2023), who reported
355  ahigh drizzle frequency (71.8%) in MARCUS field campaign data.

356 As discussed in Section 3.2, a threshold of LWP = 20 g/m? is used to classify cloud
357  phase: ice clouds (LWP < 20 g/m?) and mixed-phase or liquid clouds (LWP > 20 g/m?), as
358  illustrated in Fig. 5. The width of the Doppler spectrum (WID) serves as an indicator of cloud
359  microphysical variability, with lower WID values suggesting homogeneous, single-phase
360  clouds, and higher WID values indicating increased turbulence, wind shear, or mixed-phase
361  conditions (Shupe, 2007). In subfreezing regions (T < 0°C), clouds characterized by low WID,
362  and weak updrafts (V4 < 0.5 m/s) are classified as liquid, typically composed of small droplets
363  and supercooled liquid water (SLW). Mixed-phase clouds are identified when both WID and
364  Vgexceed 0.5 m/s, indicating greater turbulence and broader hydrometeor size distributions.
365 Clouds with WID > 0.5 m/s and V4 < 0.5 m/s (or vice versa) are reclassified based on
366 reflectivity: as mixed-phase when dBZ > —15, and as liquid when dBZ < —15. Since radar
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367 reflectivity is proportional to the sixth power of particle diameter (Wang et al., 2009), clouds
368  composed of small, uniform liquid droplets exhibit lower dBZ values, while mixed-phase
369  clouds produce higher reflectivities due to the presence of larger particles. The classification
370  of liquid and mixed-phase clouds under varying turbulence conditions is shown in Fig. 6b
371  (WID > 0.5 m/s) and Fig. 6¢c (WID < 0.5 m/s). Most reflectivities fall below —15 dBZ, and a
372 Vg¢—dBZ linear relationship, similar to that in Fig. 6a but with different slopes, is observed. The
373 2D distribution pattern in Fig. 6¢ resembles that of Fig. 6a, further supporting the dominance
374 of drizzle in LOW clouds over the SO. Ice-phase regions (T < 0°C, LWP < 20 g/m?) are
375  depicted in Fig. 6d, where ice is distinguished from snow in low-turbulence environments
376  (WID < 0.5 m/s) by low reflectivity (dBZ <5).

377 In regions where LWP > 20 g/m?, pixels with elevated LWCs (> 0.2 g/m?®) are
378  reclassified as pure liquid-phase clouds. Snow classification, presented in Figs. 6b—d, applies
379  to all regions with T < 0°C. Where both LWP > 20 g/m? and subfreezing temperatures occur,
380  precipitation may include supercooled (or freezing) rain in turbulent environments (WID > 0.5
381  m/s, Fig. 6b), or rimed snow and graupel in less turbulent settings (WID < 0.5 m/s, Fig. 6c).
382  These regions are uniformly identified as snow, based on the assumption that supercooled
383  precipitation freezes upon descent due to contact with airborne particles in downdrafts
384  (Brownscombe & Hallett, 1967).

385 Although the phase-classification thresholds for WID, Vg4, and dBZ were specifically
386  tuned for clouds sampled during SOCRATES, we expect them to be broadly applicable to MBL
387  clouds over the SO. To ensure consistency, the phase-diagnostic thresholds adopted in this
388  study were compared with values reported in previous studies (e.g., Xi et al., 2022; Romatschke
389 & Vivekanandan, 2022; Desai et al., 2023; Shupe, 2007). As Shupe (2007) noted, there are
390  occasional cases where the applied Vq and WID thresholds may suggest a mixed or liquid phase
391  even though ice is the dominant hydrometeor type at that altitude.
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393  Figure 6. (a-d) Bivariate histograms of HCR reflectivity (dBZ) and Doppler velocity (Vq)
394  for different spectrum widths (WID), LWP and temperatures (T) to demonstrate the
395  classified liquid, ice and mixed phase cloud samples. The colorbar shows the sample count
396 in each bin in a log-scale and the dashed lines represent the threshold values for the phase
397 classification. The phase class types of rain, drizzle, and snow are also classified.

398 4.2 Results for LOW cloud phase classification

399 An LWP greater than the retrieval uncertainty (> 20 g/m?) indicates the presence of
400  liquid water (at T> 0 °C) or supercooled liquid water (SLW, at T <0 °C). Larger ice particles,
401  being denser than liquid droplets, typically exhibiting broader Doppler spectrum widths and
402  higher fall speeds (Xi et al., 2022). A significant number of drizzle (at T > 0 °C) and mixed-
403  phase (T < 0 °C) samples were observed near cloud base, likely driven by elevated WID and
404 Vg4 values. Mixed-phase clouds represent a complex three-phased colloidal system in which
405  SLW droplets coexist with ice crystals, influencing both the nature of mixed-phase layers
406  (genuinely and/or conditionally mixed) and underlying microphysical processes (Korelov &
407  Milbrandt, 2022; Maciel et al., 2024). D’Alessandro (2021) found that SO clouds sampled
408  during SOCRATES exhibited significant spatial heterogeneity. Low-level clouds generally
409  exhibit higher temperatures than recorded aircraft temperatures due to altitude differences
410  between flight paths and cloud boundaries. Analyzing the ERAS air temperature indicates that
411  mode temperatures ranged between -5°C and 0°C for all three phases (liquid, mixed and ice).
412 Notably, mixed-phase clouds show the highest occurrence between -15°C to -2.5°C,
413  underscoring the spatial heterogeneity of low-level stratocumulus clouds, consistent with the
414  findings from D’Alessandro (2021) and Maciel (2024).

415 Based on a 30-second temporal averaging interval, the classification method developed
416  in this study identified liquid-phase clouds, including SLW, as the most frequent category,
417  accounting for 48.79% of all samples. Mixed-phase and ice-phase clouds comprised 23.26%
418 and 6.88%, respectively. Increasing the temporal averaging interval results in a higher
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419  proportion of mixed-phase clouds and a corresponding decrease in the occurrence of single-
420  phase clouds. Drizzle was identified in 16.22% of the cases, while rain (3.35%) and snow
421  (1.51%) were relatively rare. Most of the rain and snow detections correspond to in-cloud
422  precipitation, with some falling hydrometeors observed near cloud base.

423 Figure. 7a—e illustrates the profiles for HCR-dBZ, WID, V4, LWC and LWP for a flight
424 case (RF13), with Fig. 7f showing the resulting classified phases. Notably, regions where
425  mixed-phase layers overlay liquid-only columns suggest cloud-top entrainment. In these cases,
426  mixing of dry air into the cloud top enhances evaporation of liquid droplets, promoting the
427  formation of mixed-phase conditions. Analysis of 2D-S particle probe imagery (Wu and
428  McFarquhar, 2019) reveals that liquid droplets are predominantly spherical, whereas large ice
429  particles display irregular morphologies. While large ice particles (D, > 200 pm) can be
430  visually identified by shape, small ice crystals are not well-resolved by the 2D-S probe, making
431 it difficult to distinguish them from similarly sized cloud droplets.
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433 Figure 7. A case study from SOCRATES flight RF13 illustrating the phase-classification
434 algorithm. Shown are: (a) HCR reflectivity (dBZ) with the flight altitude (black line), (b)
435  Doppler velocity (Va), and (c) Doppler spectrum width (WID) profiles. (d) LWC profile
436  (retrieved from HCR reflectivity), (¢) column-integrated LWP, and (f) classified cloud
437  phase categories. The time axis is in decimal hours (UTC).

438 4.3 Evaluation of phase-classification with existing methods

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

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

454 D’Alessandro (2021) developed a cloud phase classification method using an MLR
455  model trained on in-situ measurements from the CDP, 2D-S, and Rosemount Icing Detector
456  (RICE) collected during the SOCRATES campaign. This model classified cloud phase—
457  liquid, mixed, or ice—for samples at air temperatures below 0°C. Schima (2022) refined the
458 MLR product by manually evaluating imagery from the 2D-S, 2D-C, and PHIPS (Particle
459  Habit Imaging and Polar Scattering) probes. Among 1600 in-situ samples collected below 3
460  km altitude, the MLR approach classified 52.25% as liquid, 9.5% as mixed-phase, and 38.2%
461 asice clouds. Approximately, 39% of samples at temperatures above freezing (T > 0°C) remain
462  unclassified; including these would likely raise the overall fractions of liquid and mixed-phase
463  clouds in the MLR dataset. Compared to the HCR-phase method developed in this study, the
464  MLR model detects a larger fraction of liquid clouds but underrepresents mixed-phase and ice
465  clouds.

466 HCR-phase classification was also compared with the UWILD product, which uses a
467  random forest algorithm trained on 2D-S probe images and particle inter-arrival times (Atlas
468 et al., 2021; Mohrmann et al., 2021), and validated with PHIPS imagery. For consistency,
469  UWILD timestamps with nearly equal liquid and ice samples were reclassified as mixed phase.
470  Among time periods overlapping with HCR-phase (matched to the nearest second), UWILD
471  classified 58.8% of samples as liquid, 38.9% as mixed-phase clouds, and only 2.3% as ice-
472  phase clouds. Increasing the temporal averaging interval led to a higher frequency of mixed-
473 phase classification (77%), with reduced occurrences of liquid (19%) and ice (4%). A key
474  source of uncertainty arises from the spatial heterogeneity of clouds and the UWILD
475  algorithm’s lack of an explicit mixed-phase category. Additionally, UWILD defines all small
476  particles (equivalent diameter Deg <0.17 mm) as liquid, which likely underrepresents ice-phase
477  clouds. This limitation is significant, as the SOCRATES campaign sampled very few particles
478  larger than 0.17 mm, even within clouds confirmed to be in the ice phase (Zheng et al., 2024,
479  Wu and McFarquhar, 2019).

480 Within the same samples, the HCR-phase method classified 61.81% of samples as
481  liquid, 29.47% as mixed-phase clouds, and 8.71% as ice-phase clouds. A key challenge in
482  comparing in-situ ML-based phase classifications with the HCR-phase method lies in the
483  differing observational frameworks. Both the MLR and UWILD classifiers are trained on
484  microphysical probe data (e.g., CDP and 2D-S) collected at the GV aircraft’s altitude, and
485  therefore cannot provide phase information across the full vertical extent of HCR-observed
486  cloud profiles. This limitation is especially pertinent when the aircraft is flying above or below
487  cloud layers. Furthermore, the MLR algorithm is specifically designed for classifying cloud
488  phases under subfreezing conditions, making it most applicable to cold cloud environments. A
489  substantial number of unclassified points—particularly those at temperatures above 0°C—are
490  excluded from final phase statistics, further complicating direct, one-to-one comparisons.
491  Nevertheless, this comparison does provide a valuable approximation of how in-situ measured
492  cloud phases compares to HCR-derived cloud phases.

493 4.3.2 Comparison with ship-based phase classification during MARCUS

494 The HCR-phase classification was further evaluated through comparison with single-
495  layer, low-cloud (<3 km) phase classifications from the ship-based measurements during the
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496  MARCUS campaign, focusing on a spatiotemporally collocated region over the SO using a 5-
497  minute averaging interval (see Section S2). Zhang and Levin (2017) developed the
498  thermodynamic cloud phase product (THERMOCLDPHASE; ARM, 2017) for MARCUS
499  using data from the U.S. DOE’s ARM Mobile Facility deployed aboard the Aurora Australis.
500  This product integrates active remote sensing instruments—including the Micropulse Lidar
501 (MPL) and W-band ARM Cloud Radar (WACR)—with passive sensors such as microwave
502  radiometers (MWR) and radiosondes. Cloud phase classification is based on the Shupe (2005,
503  2007) methodology and includes seven thermodynamic hydrometeor types. More recently, Xi
504  (2022) introduced an improved classification approach tailored to single-layer low-level clouds
505  over the SO, leveraging WACR Doppler spectra, MWR-derived LWP, and radiosonde-based
506  temperature profiles.

507 For a total of 1410 5-min samples, Xi (2022) classified 58.6% as liquid-phase, 30.7%
508  as mixed-phase, and 10.6% as ice-phase clouds. In contrast, the thermodynamic cloud phase
509  product (ARM, 2020) identified 52.31% liquid, 25.15% mixed, and 22.53% ice-phase clouds
510  across 3435 samples. The statistical results from both these methods remain broadly consistent
511  within the same phase categories with those obtained using the HCR-phase classification
512 (61.81% liquid, 29.47% mixed-phase, and 8.71% ice; excluding drizzle, rain, and snow). The
513  differences in the phase partitioning are expected, given the inherent limitations in achieving
514 perfect spatiotemporal alignment between the SOCRATES and MARCUS campaigns.

515  4.3.3 Comparisons with fuzzy logic particle identification (PID)

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

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

Numbers represent PID Scheme
ixel counts
P Cloud [Precipitation FS:::elL I%r T);ge(:l Melting ]il(;)::l Drizzle | Rain
Liquid | 54114 563 4135 760 178 [ 20084 6 0
Mix | 19448 182 754 18 2 13784 0 0
HCR- Ice 8039 59 270 33 2 2902 0 0
Phase | Drizzle | 2115 25 149 40 590 3614 | 17814 0
Rain 245 3 0 88 614 589 2612 [ 1326
Snow 22 30 68 2115 31 6 5 0
530
531 Figure 8 illustrates the distribution of PID-scheme phase categories corresponding to

532 each HCR-phase, based on overlapping pixels where both methods provide valid results. For
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533  these matched samples, the HCR-phase classification identifies cloud and in-cloud
534  precipitation hydrometeor types as approximately 64.4% (65.3%) liquid, 23.2% (21.1%)
535  mixed-phase, and 9.6% (6.8%) ice-phase. Notably, 69.3% of the large frozen hydrometeor
536  types from the PID are classified as snow in the HCR-phase, reflecting the threshold-based
537  classification scheme used in this study, which tends to identify large ice particles with high
538  reflectivity (dBZ) and low LWP as snow. Similarly, PID-classified drizzle is mapped to 87.2%
539  drizzle and 12.8% rain in HCR-phase, while all PID-classified rain is consistently identified as
540  rain by HCR-phase. The melting layer observed in MBL clouds, characterized by enhanced
541  dBZ values similar to drizzle, contains both liquid and ice-phase particles as hydrometeors melt
542  while falling through the 0°C isotherm (Song et al., 2021). Accordingly, HCR-phase classifies
543  PID melting layer samples as 41.6% drizzle, 43.3% in-cloud rain, and 12.6% liquid clouds.
544 The greatest mismatch occurs for PID-classified small frozen hydrometeors, which are
545  identified as 76.9% liquid, 14% mixed-phase, and only 5% ice by the HCR-phase method. This
546  discrepancy likely reflects the presence of supercooled liquid droplets coexisting with ice
547  particles, which HCR-phase identifies using its criteria of low dBZ, Vg4, and high LWP; while
548  the PID algorithm do not use any LWP constraints. Among the matched samples, PID-
549  classified ‘cloud liquid’ (merged with ‘supercooled cloud liquid’) types account for 49% of
550  HCR-phase liquid and 33.6% of mixed-phase classifications. These percentages are derived
551  from the subset of low-level clouds with collocated pixels and do not represent the full PID
552 dataset.
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554  Figure 8. The distribution of phase partitioning of hydrometeor types identified by the
555  PID algorithm, showing the percentages of each phase-category samples as per the
556  overlapping pixels with HCR-phase.

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

558 Table 3(a,b) summarizes the low-level cloud phase classifications from the HCR-phase
559  algorithm alongside results from five other methods. For the SOCRATES campaign,
560  comparisons include the MLR method (Schima, 2022; D’Alessandro, 2021, 2022), and the
561  fuzzy logic PID algorithm (Romatschke and Vivekanandan, 2022). For the MARCUS
562  campaign, comparisons are made with WACR-MWR retrievals (Xi et al., 2022) and the
563  Thermodynamic Cloud Phase product (ARM, 2017).
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564 The MLR method predicts 9.6% fewer liquid-phase clouds, 20% fewer mixed-phase,
565 and 29.5% fewer ice-phase clouds compared to the HCR-phase (Table 3a, column 2).
566  Additionally, ~39% of the MLR samples are unclassified in regions exceeding 0°C; which
567  were excluded from the comparison. In contrast, UWILD results show closer agreement with
568  HCR-phase, with only a 3% difference in liquid-phase occurrence. However, UWILD reports
569  9.4% more mixed-phase and 6.4% fewer ice-phase clouds (Table 3a, column 3). For the
570  MARCUS campaign, the Xi (2022) phase classification method aligns closely with HCR-
571  phase, underestimating liquid-phase clouds by just 3.2% and differing by only 1.2% and 1.9%
572  in mixed and ice phases, respectively (Table 3a, column 5). Similarly, the Thermodynamic
573  Cloud Phase product identifies 7.3% more ice-phase clouds, but 2.3% fewer liquid and 5%
574  fewer mixed-phase clouds relative to HCR-phase. Table 3b compares the HCR-phase results
575  with the fuzzy logic PID scheme. The PID method classifies 56.5% of matched low-level
576  samples as liquid (including supercooled liquid) and 11.6% as frozen (large and small frozen
577  hydrometeors), which is 7.7% higher in liquid and 3.2% higher in frozen phase (ice and snow
578  samples) occurrence than HCR-phase. Additionally, PID estimates 11.9% more drizzle and
579  1.52% less rain compared to HCR-phase, highlighting notable differences in hydrometeor
580  subtype identification.

581 Overall, the phase classification percentages show reasonable agreement across all
582  methods, with the MLR method displaying the largest deviations. Mixed-phase cloud
583  identification remains the most uncertain, particularly in regions with high spatial
584  heterogeneity. The HCR-phase method, which combines radar observations with in-situ
585  measurements, demonstrates strong capability in detecting mixed-phase clouds due to two
586  primary factors: (1) the integrated use of HCR reflectivity (dBZ), spectral width (WID), and
587  Doppler velocity (Vq) effectively characterizes particle size distributions, enabling clear
588  differentiation between mixed-phase, drizzle, liquid, and ice clouds; and (2) the use of a 20
589  g/m? liquid water path (LWP) threshold helps distinguish ice-dominated columns from liquid
590  and mixed-phase cloud regions.

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

(a) Results from SOCRATES Results from MARCUS
HCR-Phase MLR UWILD VK%SE‘ Therp mhg;zl"“d
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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596 The percentage agreement for each phase is calculated by comparing the results from
597  this study with those from the other methods. Agreement is defined as:

598  Agreement (%) =100 - |(Phase;% from compared method) - (Phase;% from HCR-phase)|,
599  where i represents the phase categories.

600 Results show that the MLR method has the lowest agreement with HCR-phase for the
601  mixed (80%) and ice (70.5%) phase categories, although it performs well for liquid clouds
602  (90.4%). In contrast, the UWILD, WACR-MWR, and thermodynamic cloud phase methods
603  exhibit strong agreement with HCR-phase, with >90% consistency across all three phase
604  categories. The PID scheme also shows high agreement (~92.3%) with HCR-phase for liquid,
605  frozen, drizzle, and rain categories. As previously discussed, the underlying differences
606  between these classification methods - in terms of sensor type, sampling strategy, and
607  algorithm design - contribute to the observed deviations. While direct one-to-one comparisons
608 are inherently limited by methodological differences, these analyses offer a robust foundation
609  for evaluating phase classification accuracy and consistency across platforms.

610 5 Summary and Conclusions

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

623

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

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

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

651 This study advances our understanding of Southern Ocean clouds by introducing robust

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

660  Data Availability. All radar-lidar and in-situ data from the NSF SOCRATES campaign used
661  in this study are freely available via the EOL data archive (https://data.col.ucar.edu/dataset/)
662  and the SOCRATES website (https:/www.eol.ucar.edu/field projects/socrates). The 2D-S
663  dataset (Wu & McFarquhar, 2019) is available at https://doi.org/10.26023/8HMG-WQP3-
664  XAO0X, and CDP data (UCAR/NCAR-EOL, 2022) at https://doi.org/10.5065/D6M32TM9. The
665 MLR cloud phase dataset (D’Alessandro et al, 2021) can be found at
666  https://doi.org/10.26023/S6WS-GSQE-H113 (https://data.eol.ucar.edu/dataset/552.142), and
667 UWILD phase classification (Mohrmann et al., 2021) at https://doi.org/10.26023/PASW-
668 4DRX-WS50A (https://data.eol.ucar.edu/dataset/552.134). NCAR HCR radar and GV-HSRL
669  lidar moments data (NCAR/EOL HCR Team, NCAR/EOL GV-HSRL Team, 2023), including
670  the fuzzy logic PID scheme (Romatschke & Vivekanandan, 2022), are available at
671  https://doi.org/10.5065/D64J0CZS  (https://data.eol.ucar.edu/dataset/552.034).  Additional
672  datasets, including ARM MWRRETILILICLOU, ARSCLWACRBNDI1KOLLIASSHP, and
673  THERMOCLDPHASE for the MARCUS campaign, can be accessed via the ARM data store
674  at https://adc.arm.gov/.

675  Author contributions. The idea of this study was discussed by AD, BX, and XD. AD
676  performed the analyses and wrote the paper. AD, BX, XD, and XZ participated in the scientific
677  discussions and provided substantial comments and edits on the paper.

678  Competing interests. The contact author has declared that neither they nor their co-authors
679  have any competing interests.

680  Acknowledgments. The SOCRATES aircraft dataset, campaign details, and related
681  publications are freely available at https://www.eol.ucar.edu/field projects/socrates. We thank
682  John D’Alessandro (University of Washington) for guidance on the MLR phase determination
683  method, Ulrike Romatschke (NCAR) for explaining radar-lidar fuzzy logic parameters, and
684  Christopher J. Webster (NCAR) for assistance with XPMS2D software. This manuscript was
685  proofread using ChatGPT and Grammarly.

686  Financial Support. This work was supported by the University of Arizona's IT4IR TRIF and
687  Provost Investigation funds. The researchers at the University of Arizona were also supported
688 by NSF grant AGS-2031750 at the University of Arizona. The work at Argonne National

20



https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

689  Laboratory was supported by the U.S. DOE Office of Science under contract DE-ACO02-
690  06CH11357.

691 References

692  Atlas, R., Mohrmann, J., Finlon, J., Lu, J., Hsiao, I., Wood, R., & Diao, M.: The University of

693 Washington Ice-Liquid Discriminator (UWILD) improves single-particle phase
694 classifications of hydrometeors within Southern Ocean clouds using machine learning,
695 Atmospheric Measurement Techniques, 14(11), 7079-7101,
696 https://doi.org/10.5194/amt-14-7079-2021, 2021.

697  Atmospheric Radiation Measurement (ARM) user facility: Marine W-band ARM Cloud Radar,
698 Active Remote Sensing of Clouds (ARSCLWACRBNDI1KOLLIASSHP), 2018-01-01
699 to 2018-03-24, ARM Mobile Facility (MAR) Hobart, AUS to Antarctic Coast —
700 resupply ship Aurora Australis; AMF2 (M1), compiled by M. Wang and K. Johnson,
701 ARM Data Center [data set], http://dx.doi.org/10.5439/1498737, 2017.

702  Atmospheric Radiation Measurement (ARM) user facility: MWR Retrievals
703 (MWRRETILILJCLOU), 2018-01-01 to 2018-03-23, ARM Mobile Facility (MAR)
704 Hobart, AUS to Antarctic Coast — resupply ship Aurora Australis; AMF2 (M1),
705 compiled by D. Zhang, ARM Data Center [data set],
706 http://dx.doi.org/10.5439/1027369, 2017.

707  Atmospheric Radiation Measurement (ARM) user facility: Thermodynamic cloud phase
708 (THERMOCLDPHASE), 2018-01-01 to 2018-03-24, ARM Mobile Facility (MAR)
709 Hobart, AUS to Antarctic Coast - resupply ship Aurora Australis; AMF2 (M1),
710 compiled by D. Zhang and M. Levin, ARM Data Center [data set],
711 DOI:10.5439/1871014, 2017.

712 Baker, B., Mo, Q., Lawson, R. P., O’Connor, D., & Korolev, A.: Drop Size Distributions and
713 the Lack of Small Drops in RICO Rain Shafts, J. Appl. Meteor. Climatol., 48, 616—623,
714 https://doi.org/10.1175/2008JAMC1934.1, 2009.

715  Bodas-Salcedo, A., Hill, P. G., Furtado, K., Williams, K. D., Field, P. R., Manners, J. C., et al.:
716 Large contribution of supercooled liquid clouds to the solar radiation budget of the
717 Southern Ocean, Journal of Climate, 29(11), 4213—4228, https://doi.org/10.1175/JCLI-
718 D-15-0564.1, 2016.

719  Brownscombe, J. L., & Hallett, J.: Experimental and field studies of precipitation particles
720 formed by the freezing of supercooled water. Quarterly Journal of the Royal
721 Meteorological Society, 93(398), 455-473, 1967.

722  Cadeddu, M. P., Liljegren, J. C., & Turner, D. D. (2013). The Atmospheric Radiation
723 Measurements (ARM) program network of microwaveradiometers: Instrumentation,
724 data, and retrievals. Atmospheric Measurement Techniques, 6(9), 2359-2372.
725 https://doi.org/10.5194/amt-6-2359, 2013.

726  D'Alessandro, J. J., Diao, M., Wu, C., Liu, X., Jensen, J. B., & Stephens, B. B.: Cloud phase
727 and relative humidity distributions over the Southern Ocean in austral summer based
728 on in situ observations and CAMS simulations, Journal of Climate, 32(10), 2781-2805,
729 https://doi.org/10.1175/JCLI-D-18-0232.1, 2019.

730  D’Alessandro, J. J., McFarquhar, G. M., Wu, W., Stith, J. L., Jensen, J. B., & Rauber, R. M.:
731 Characterizing the Occurrence and Spatial Heterogeneity of Liquid, Ice, and Mixed
732 Phase Low-Level Clouds Over the Southern Ocean Using in Situ Observations
733 Acquired During SOCRATES, Journal of Geophysical Research: Atmospheres,
734 126(11), https://doi.org/10.1029/2020JD034482, 2021.

21



https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

735  D’Alessandro, J., Schima, J., McFarquhar, G.: SOCRATES Cloud Phase Product. Version 1.0.

736 UCAR/NCAR - Earth Observing Laboratory [data set],
737 https://doi.org/10.26023/S6WS-G5QE-H113, 2022.

738  Desai, N., Diao, M., Shi, Y., Liu, X., & Silber, I.: Ship-Based Observations and Climate Model
739 Simulations of Cloud Phase Over the Southern Ocean, Journal of Geophysical
740 Research: Atmospheres, 128(11), https://doi.org/10.1029/2023jd038581, 2023.

741  DeMott, P.J., Hill, T. C. J., and McFarquhar, G.: Measurements of aerosol radiation and clouds
742 over the Southern Ocean (MARCUS) ice nucleating particle measurements field
743 campaign report, U.S. Department of  Energy, available at:
744 https://www.osti.gov/servlets/purl/1489372, 2018.

745  Dong, X., Ackerman, T. P., and Clothiaux, E. E.: Parameterizations of the microphysical and
746 shortwave radiative properties of boundary layer stratus from ground-based
747 measurements, J. Geophys. Res., 103, 31681-31693,
748 https://doi.org/10.1029/1998JD200047, 1998.

749  Dong, X., Mace, G. G., Minnis, P., Smith, W. L., Poellot, M., Marchand, R. T., and Rapp, A.
750 D.: Comparison of Stratus Cloud Properties Deduced from Surface, GOES, and Aircraft
751 Data during the March 2000 ARM Cloud IOP, J. Atmos. Sci., 59, 3265-3284,
752 https://doi.org/10.1175/1520-0469(2002)059<3265:coscpd>2.0.c0;2, 2002.

753  Dong, X., & Mace, G. G.: Profiles of Low-Level Stratus Cloud Microphysics Deduced from
754 Ground-Based Measurements, Journal of Atmospheric & Oceanic Technology, 20(1),
755 42-53, https://doi.org/10.1175/1520-0426(2003)020<0042:POLLSC>2.0.CO;2, 2003.
756  Dong, X., Xi, B., Kennedy, A., Minnis, P., & Wood, R.: A 19-Month Record of Marine
757 Aerosol-Cloud—Radiation Properties Derived from DOE ARM Mobile Facility
758 Deployment at the Azores. Part I: Cloud Fraction and Single-Layered MBL Cloud
759 Properties, J. Climate, 27, 3665-3682, https://doi.org/10.1175/JCLI-D-13-00553.1,
760 2014.

761  Dong, X., Das, A., Xi, B., Zheng, X., Behrangi, A., Marcovecchio, A. R., & Girone, D.
762 J.: Quantifying the differences in Southern Ocean clouds observed by radar and lidar
763 from three platforms. Geophysical Research Letters, 52,
764 €2024GL112079. https://doi.org/10.1029/2024GL112079, 2025

765  Doviak, R. J., & Zmi¢, D. S.: Precipitation Measurements, in: Doppler Radar and Weather
766 Observations, 2nd Edn., edited by: Doviak, R. J., and Zmié, D. S., Academic Press,
767 San Diego, CA, 209-279, https://doi.org/10.1016/B978-0-12-221422-6.50013-9, 1993.
768  Eloranta, E. E.: High Spectral Resolution Lidar, In C. Weitkamp (Ed.), Lidar: Range-Resolved
769 Optical Remote Sensing of the Atmosphere (pp. 143-163), Springer,
770 https://doi.org/10.1007/0-387-25101-4_5, 2005.

771  Esselborn, M., Wirth, M., Fix, A., Tesche, M., & Ehret, G.: Airborne high spectral resolution
772 lidar for measuring aerosol extinction and backscatter coefficients, Applied Optics,
773 47(3), 346358, https://doi.org/10.1364/A0.47.000346, 2008.

774  Ewald, F., GroB, S., Wirth, M., Delanoé, J., Fox, S., & Mayer, B.: Why we need radar, lidar,
775 and solar radiance observations to constrain ice cloud microphysics, Atmospheric
776 Measurement Techniques, 14(7), 5029-5047, https://doi.org/10.5194/amt-14-5029-
777 2021, 2021.

778  Faber, S., French, J. R., and Jackson, R.: Laboratory and in-flight evaluation of measurement
779 uncertainties from a commercial Cloud Droplet Probe (CDP), Atmos. Meas. Tech., 11,
780 3645-3659, https://doi.org/10.5194/amt-11-3645-2018, 2018.

781  Hogan, R. J., Gaussiat, N., and Illingworth, A. J.: Stratocumulus Liquid Water Content from
782 Dual-Wavelength Radar, J. Atmos. Oceanic Technol., 22, 1207-1218,
783 https://doi.org/10.1175/JTECH1768.1, 2005.

22



https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

784  Hu, Y., Rodier, S., Xu, K., Sun, W., Huang, J., Lin, B., Zhai, P., & Josset, D.: Occurrence,

785 liquid water content, and fraction of supercooled water clouds from combined
786 CALIOP/IIR/MODIS measurements, Journal of Geophysical Research: Atmospheres,
787 115(D4), https://doi.org/10.1029/2010JD014002, 2010.

788  Huang, D., Johnson, K., Liu, Y., and Wiscombe, W.: High resolution retrieval of liquid water
789 vertical distributions using collocated Ka-band and W-band cloud radars, Geophys.
790 Res. Lett., 36, L24807, https://doi.org/10.1029/2009GL041364, 2009.

791  Intrieri, J. M., Shupe, M. D., Uttal, T., & McCarty, B. J.: An annual cycle of Arctic cloud
792 characteristics observed by radar and lidar at SHEBA, Journal of Geophysical
793 Research: Oceans, 107(C10), SHE-5, https://doi.org/10.1029/2000JC000423, 2002.
794 Jackson, R. C., McFarquhar, G. M., Korolev, A. V., Earle, M. E., Liu, P. S. K., Lawson, R. P.,
795 Brooks, S., Wolde, M., Laskin, A., and Freer, M.: The dependence of ice microphysics
796 on aerosol concentration in arctic mixed-phase stratus clouds during ISDAC and M-
797 PACE: AEROSOL EFFECTS ON ARCTIC STRATUS, J. Geophys. Res.
798 Atmospheres, 117, n/a-n/a, https://doi.org/10.1029/2012JD017668, 2012.

799  Kang, L., Marchand, R., & Smith, W.: Evaluation of MODIS and Himawari-8 low clouds
800 retrievals over the Southern Ocean with in situ measurements from the SOCRATES
801 campaign, Earth and Space Science, 8(3), €2020EA001397,
802 https://doi.org/10.1029/2020EA001397, 2021.

803  Kang, L., Marchand, R. T., & Wood, R.: Stratocumulus precipitation properties over the
804 Southern Ocean observed from aircraft during the SOCRATES campaign, Journal of
805 Geophysical Research: Atmospheres, 129(06), €2023JD039831,
806 https://doi.org/10.1029/2023JD039831, 2024.

807 Kay, J. E., Wall, C., Yettella, V., Medeiros, B., Hannay, C., Caldwell, P., & Bitz, C.: Global
808 climate impacts of fixing the Southern Ocean shortwave radiation bias in the
809 Community Earth System Model (CESM), Journal of Climate, 29(12), 46174636,
810 https://doi.org/10.1175/JCLI-D-15-0358.1, 2016.

811 Klein, S. A., Hall, A., Norris, J. R., & Pincus, R.: Low-cloud feedbacks from cloud-controlling
812 factors: A review, Shallow clouds, water vapor, circulation, and climate sensitivity,
813 Springer, 135-157, 2018.

814  Kollias, P., Albrecht, B. A., and Marks, F.: Why Mie?, Bull. Amer. Meteor. Soc., 83, 1471—
815 1484, https://doi.org/10.1175/BAMS-83-10-1471, 2002.

816  Korolev, A., & Milbrandt, J.: How are mixed-phase clouds mixed?, Geophysical Research
817 Letters, 49(18), €2022GL099578, https://doi.org/10.1029/2022GL099578, 2022.

818 Lance, S., et al.: Water droplet calibration of the Cloud Droplet Probe (CDP) and in-flight
819 performance in liquid, ice and mixed-phase clouds during ARCPAC, Atmos. Meas.
820 Tech., 3, 1683-1706, https://doi.org/10.5194/amt-3-1683-2010, 2010.

821  Lawson, R. P., O’Connor, D., Zmarzly, P., Weaver, K., Baker, B., Mo, Q., & Jonsson, H.: The
822 2D-S (stereo) probe: Design and preliminary tests of a new airborne, high-speed, high-
823 resolution particle imaging probe, Journal of Atmospheric and Oceanic Technology,
824 23(11), 1462—1477, https://doi.org/10.1175/JTECH1929.1, 2006.

825  Lawson, R. P., Pilson, B., Baker, B., Mo, Q., Jensen, E., Pfister, L., & Bui, P.: Aircraft
826 measurements of microphysical properties of subvisible cirrus in the tropical
827 tropopause layer, Atmospheric Chemistry and Physics, 8(6), 1609-1620,
828 https://doi.org/10.5194/acp-8-1609-2008, 2008.

829  Liljegren, J. C., E. E. Clothiaux, G. G. Mace, S. Kato, and X. Dong: A new retrieval for cloud
830 liquid water path using a ground-based microwave radiometer and measurements of
831 cloud temperature. J. Geophys. Res., 106, 14 485-14 500, doi:10.1029/2000JD900817,
832 2001.

23



https://doi.org/10.5194/egusphere-2025-874 d
Preprint. Discussion started: 2 June 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

833  Mace, G. G., Protat, A., Humphries, R. S., Alexander, S. P., McRobert, I. M., Ward, J., Selleck,

834 P., Keywood, M., & McFarquhar, G. M.: Southern Ocean cloud properties derived from
835 CAPRICORN and MARCUS data, Journal of Geophysical Research: Atmospheres,
836 126(4), €2020JD033368, https://doi.org/10.1029/2020JD033368, 2021.

837  Maciel, F. V., Diao, M., and Yang, C. A.: Partition between supercooled liquid droplets and
838 ice crystals in mixed-phase clouds based on airborne in situ observations, Atmos. Meas.
839 Tech., 17, 4843-4861, https://doi.org/10.5194/amt-17-4843-2024, 2024.

840  Marcovecchio, A. R., Xi, B., Zheng, X., Wu, P., Dong, X., & Behrangi, A.: What Are the
841 Similarities and Differences in Marine Boundary Layer Cloud and Drizzle
842 Microphysical Properties During the ACE-ENA and MARCUS Field Campaigns?,
843 Journal of Geophysical Research: Atmospheres, 128(18), €2022JD037109,
844 https://doi.org/10.1029/2022JD037109, 2023.

845  Matus, A. V. and L’Ecuyer, T. S.: The role of cloud phase in Earth’s radiation budget, J.
846 Geophys. Res. Atmospheres, 122, 2559-2578, https://doi.org/10.1002/2016JD025951,
847 2017.

848  McCoy, D. T., Hartmann, D. L., & Grosvenor, D. P.: Observed Southern Ocean cloud
849 properties and shortwave reflection. Part II: Phase changes and low cloud feedback,
850 Journal of Climate, 27(23), 8858-8868, https://doi.org/10.1175/JCLI-D-14-00288.1,
851 2014.

852 McFarquhar, G.: Measurements of Aerosols, Radiation, and Clouds over the Southern Oceans
853 (MARCUS) Science Plan, United States, https://doi.org/10.2172/1253914, 2016.

854  McFarquhar, G. M., Finlon, J. A., Stechman, D. M., Wu, W., Jackson, R. M., & Freer, M.:
855 University of Illinois/Oklahoma Optical Array Probe (OAP) Processing Software.
856 Version 3.1.4, Zenodo [code], https://doi.org/10.5281/zenodo.1285969, 2018.

857  McFarquhar, G. M., Bretherton, C., Marchand, R. T., DeMott, P. J., Alexander, S. P., Protat,
858 A., Roberts, G., Twohy, C. H., Toohey, D. W., Siems, S., et al.. New Unique
859 Observations of Clouds, Aerosols and Precipitation over the Southern Ocean: An
860 Overview of SOCRATES and MARCUS, in: Proceedings of the 15th Conference on
861 Cloud Physics/15th Conference on Atmospheric Radiation, AMS, 2018.

862  McFarquhar, G. M., Bretherton, C. S., Marchand, R., Protat, A., DeMott, P. J., Alexander, S.,
863 Rintoul, S. R., Roberts, G. C., Twohy, C. H., Toohey, D. W., et al.: Airborne, ship- and
864 ground-based observations of clouds, aerosols and precipitation from recent field
865 projects over the Southern Ocean, in: Proceedings of the AGU Fall Meeting,
866 Washington, D.C., USA, 10-14 December 2018, A53D-06, 2018.

867  McFarquhar, G., Maarchang, R., Bretherton, C., Alexander, S., Protat, A., Siems, S., et al.:
868 Measurements of aerosols, radiation, and clouds over the Southern Ocean (MARCUS)
869 field campaign report, DOE/SC-ARM-008, U.S. Department of Energy,
870 https://www.osti.gov/servlets/purl/1524775, 2019.

871  McFarquhar, G. M., Bretherton, C. S., Marchand, R., Protat, A., DeMott, P. J., Alexander, S.
872 P., Roberts, G. C., Twohy, C. H., Toohey, D., Siems, S., et al.: Observations of clouds,
873 aerosols, precipitation, and surface radiation over the Southern Ocean: An overview of
874 CAPRICORN, MARCUS, MICRE, and SOCRATES, Bulletin of the American
875 Meteorological Society, 102(4), E894—E928, https://doi.org/10.1175/BAMS-D-20-
876 0132.1, 2021.

877  McGill, M., Hlavka, D., Hart, W., Scott, V. S., Spinhirne, J., & Schmid, B.: Cloud physics
878 lidar: Instrument description and initial measurement results, Applied Optics, 41(18),
879 3725-3734, https://doi.org/10.1364/A0.41.003725, 2002.

880  Mioche, G., Jourdan, O., Ceccaldi, M., and Delanog, J.: Variability of mixed-phase clouds in
881 the Arctic with a focus on the Svalbard region: a study based on spaceborne active

24



https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

882 remote sensing, Atmospheric Chem. Phys., 15, 2445-2461,
883 https://doi.org/10.5194/acp-15-2445-2015, 2015.

884  Mioche, G., Jourdan, O., Delanoé, J., Gourbeyre, C., Febvre, G., Dupuy, R., Monier, M.,
885 Szczap, F., Schwarzenboeck, A., and Gayet, J.-F.: Vertical distribution of
886 microphysical properties of Arctic springtime low-level mixed-phase clouds over the
887 Greenland and Norwegian seas, Atmos. Chem. Phys.,, 17, 12845-12869,
888 https://doi.org/10.5194/acp-17-12845-2017, 2017.

889  Mohrmann, J., Finlon, J., Atlas, R., Lu, J., Hsiao, 1., and Wood, R.: University of Washington
890 Ice-Liquid Discriminator single particle phase classifications and 1 Hz particle size
891 distributions/heterogeneity estimate, version 1.0, UCAR/NCAR - Earth Observing
892 Laboratory [data set], https://doi.org/10.26023/PASW-4DRX-W50A, 2021.

893  Moser, M., Voigt, C., Jurkat-Witschas, T., Hahn, V., Mioche, G., Jourdan, O., Dupuy, R.,
894 Gourbeyre, C., Schwarzenboeck, A., Lucke, J., Boose, Y., Mech, M., Borrmann, S.,
895 Ehrlich, A., Herber, A., Liipkes, C., and Wendisch, M.: Microphysical and
896 thermodynamic phase analyses of Arctic low-level clouds measured above the sea ice
897 and the open ocean in spring and summer, Atmospheric Chem. Phys., 23, 7257-7280,
898 https://doi.org/10.5194/acp-23-7257-2023, 2023.

899 NCAR/EOL HSRL Team: Gulfstream V High Spectral Resolution Lidar (GV-HSRL),
900 UCAR/NCAR - Earth Observing Laboratory [data set],
901 https://doi.org/10.5065/d67w6976, 2012.

902 NCAR/EOL HCR Team: HIAPER Cloud Radar (HCR), UCAR/NCAR - Earth Observing
903 Laboratory [data set], https://doi.org/10.5065/D6BPO0TP, 2014.

904 NCAR/EOL HCR Team, NCAR/EOL HSRL Team: SOCRATES: NCAR HCR radar and
905 HSRL lidar moments data. Version 3.2, UCAR/NCAR - Earth Observing Laboratory
906 [data set], https://doi.org/10.5065/D64J0CZS, 2023.

907  Oh, S.-B., Lee, Y. H., Jeong, J.-H., Kim, Y.-H., and Joo, S.: Estimation of the liquid water
908 content and Z-LWC relationship using Ka-band cloud radar and a microwave
909 radiometer, Meteorological Applications, 25, 423-434,
910 https://doi.org/10.1002/met.1710, 2018.

911 Qiu, S., Dong, X., Xi, B., and Li, J.-L.F.: Characterizing Arctic mixed-phase cloud structure
912 and its relationship with humidity and temperature inversion using ARM NSA
913 observations, Journal of Geophysical Research: Atmospheres, 120, 7737-7746,
914 https://doi.org/10.1002/2014JD023022, 2015.

915  Romatschke, U., Dixon, M., Tsai, P., Loew, E., Vivekanandan, J., Emmett, J., and Rilling, R.:
916 The NCAR Airborne 94-GHz Cloud Radar: Calibration and Data Processing, Data, 6,
917 66, https://doi.org/10.3390/data6060066, 2021.

918  Romatschke, U., and Vivekanandan, J.: Cloud and precipitation particle identification using
919 cloud radar and lidar measurements: Retrieval technique and validation, Earth and
920 Space Science, 9, €2022EA002299, https://doi.org/10.1029/2022EA002299, 2022.
921  Sassen, K.: The Polarization Lidar Technique for Cloud Research: A Review and Current
922 Assessment, Bulletin of the American Meteorological Society, 72, 1848-1866,
923 http://www.jstor.org/stable/26228894, 1991.

924 Schima, J., McFarquhar, G., Romatschke, U., Vivekanandan, J., D’Alessandro, J., Haggerty,
925 J., et al.: Characterization of Southern Ocean Boundary Layer Clouds using airborne
926 radar, lidar, and in situ cloud data: Results from SOCRATES, Journal of Geophysical
927 Research: Atmospheres, 127, €2022JD037277, https://doi.org/10.1029/2022JD037277,
928 2022.

929  Shupe, M. D., Kollias, P., Matrosov, S. Y., and Schneider, T. L.: Deriving mixed-phase cloud
930 properties from Doppler radar spectra, J. Atmos. Oceanic Technol., 21, 660-670,
931 https://doi.org/10.1175/1520-0426(2004)021<0660>2.0.CO;2, 2004.

25



https://doi.org/10.5194/egusphere-2025-874
Preprint. Discussion started: 2 June 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

932 Shupe, M. D., Uttal, T., and Matrosov, S. Y.: Arctic Cloud Microphysics Retrievals from

933 Surface-Based Remote Sensors at SHEBA, Journal of Applied Meteorology and
934 Climatology, 44, 1544—1562, https://doi.org/10.1175/JAM2297.1, 2005.

935  Shupe, M. D.: A ground-based multisensor cloud phase classifier, Geophysical Research
936 Letters, 34, L22809, https://doi.org/10.1029/2007GL031008, 2007.

937  Song,J. L., Yum, S. S., Park, S.-H., Kim, K.-H., Park, K.-J., & Joo, S.-W.: Climatology of
938 melting layer heights estimated from cloud radar observations at various
939 locations. Journal of Geophysical Research: Atmospheres, 126,
940 €2021JD034816. https://doi.org/10.1029/2021JD034816, 2021

941  Su, W., Schuster, G. L., Loeb, N. G., Rogers, R. R., Ferrare, R. A., Hostetler, C. A., Hair, J.
942 W., and Obland, M. D.: Aerosol and cloud interaction observed from high spectral
943 resolution lidar data, J. Geophys. Res., 113, D24202,
944 https://doi.org/10.1029/2008JD010588, 2008.

945  Trenberth, K. E., and Fasullo, J. T.: Simulation of present-day and twenty-first-century energy
946 budgets of the Southern Oceans, Journal of Climate, 23, 440-454,
947 https://doi.org/10.1175/2009JCLI3152.1, 2010.

948 UCAR/NCAR - Earth Observing Laboratory: NSF/NCAR GV HIAPER Raw 2D-S Imagery,
949 Version 1.1, UCAR/NCAR - Earth Observing Laboratory [data set],
950 https://doi.org/10.26023/9555-DKY0-J604, 2018.

951 UCAR/NCAR - Earth Observing Laboratory. SOCRATES: Low Rate (LRT - 1 sps)
952 Navigation, State Parameter, and Microphysics Flight-Level Data, Version 1.4,
953 UCAR/NCAR - Earth Observing Laboratory [data
954 set], https://doi.org/10.5065/D6M32TM9, 2022.

955  Vivekanandan, J., Ellis, S., Tsai, P., Loew, E., Lee, W.-C., Emmett, J., et al.: A wing pod-based
956 millimeter wavelength airborne cloud radar, Geoscientific Instrumentation, Methods
957 and Data Systems, 4, 161-176, https://doi.org/10.5194/gi-4-161-2015, 2015.

958  Vivekanandan, J., Ghate, V. P., Jensen, J. B., Ellis, S. M., and Schwartz, M. C.: A Technique
959 for Estimating Liquid Droplet Diameter and Liquid Water Content in Stratocumulus
960 Clouds Using Radar and Lidar Measurements, Journal of Atmospheric and Oceanic
961 Technology, 37, 2145-2161, https://doi.org/10.1175/JTECH-D-19-0092.1, 2020.

962  Wang, Y., Zhang, D., Liu, X., and Wang, Z.: Distinct contributions of ice nucleation, large-
963 scale environment, and shallow cumulus detrainment to cloud phase partitioning with
964 NCAR CAMS, Journal of Geophysical Research: Atmospheres, 123, 1132-1154,
965 https://doi.org/10.1002/2017JD027213, 2018.

966  Wang, Z., and Sassen, K.: Cloud Type and Macrophysical Property Retrieval Using Multiple
967 Remote  Sensors, Journal of Applied Meteorology, 40, 1665-1682,
968 https://doi.org/10.1175/1520-0450(2001)040<1665>2.0.CO;2, 2001.

969  Wang, Z., Wechsler, P., Kuestner, W., French, J., Rodi, A., Glover, B., Burkhart, M., and
970 Lukens, D.: Wyoming Cloud Lidar: instrument description and applications, Optics
971 Express, 17, 1357613587, https://doi.org/10.1364/OE.17.013576, 2009.

972  Wang, Z., French, J., Vali, G., Wechsler, P., Haimov, S., Rodi, A., Deng, M., Leon, D., Snider,
973 J., Peng, L., and Pazmany, A. L.: Single Aircraft Integration of Remote Sensing and In
974 Situ Sampling for the Study of Cloud Microphysics and Dynamics, Bulletin of the
975 American Meteorological Society, 93, 653—668, https://doi.org/10.1175/BAMS-D-11-
976 00044.1, 2012.

977  Wood, R.: Drizzle in stratiform boundary layer clouds. Part I: Vertical and horizontal structure,
978 J. Atmos. Sci., 62, 3011-3033, https://doi.org/10.1175/JAS3529.1, 2005.

979  Wu, P, Dong, X., Xi, B., Tian, J., and Ward, D. M.: Profiles of MBL cloud and drizzle
980 microphysical properties retrieved from ground-based observations and validated by

26



https://doi.org/10.5194/egusphere-2025-874 d
Preprint. Discussion started: 2 June 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

981 aircraft in situ measurements over the Azores, Journal of Geophysical Research:
982 Atmospheres, 125, €2019JD032205, https://doi.org/10.1029/2019JD032205, 2020a.
983  Wu, P., Dong, X., and Xi, B.: A Climatology of Marine Boundary Layer Cloud and Drizzle
984 Properties Derived from Ground-Based Observations over the Azores, Journal of
985 Climate, 33, 10133-10148, https://doi.org/10.1175/JCLI-D-20-0272.1, 2020b.
986  Wu, W., and McFarquhar, G. M.: On the Impacts of Different Definitions of Maximum
987 Dimension for Nonspherical Particles Recorded by 2D Imaging Probes, Journal of
988 Atmospheric and Oceanic Technology, 33, 1057-1072,
989 https://doi.org/10.1175/JTECH-D-15-0177.1, 2016.
990  Wu, W., and McFarquhar, G.: NSF/NCAR GV HIAPER 2D-S Particle Size Distribution (PSD)
991 Product Data. Version 1.1, UCAR/NCAR - Earth Observing Laboratory [data set],
992 https://doi.org/10.26023/8HMG-WQP3-XA0X, 2019.
993  Xi, B., Dong, X., Minnis, P., and Khaiyer, M. M.: A 10 year climatology of cloud fraction and
994 vertical distribution derived from both surface and GOES observations over the DOE
995 ARM SPG site, Journal of Geophysical Research, 115, D12124,
996 https://doi.org/10.1029/2009JD012800, 2010.
997  Xi, B., Dong, X., Zheng, X., and Wu, P.: Cloud phase and macrophysical properties over the
998 Southern Ocean during the MARCUS field campaign, Atmospheric Measurement
999 Techniques, 15, 3761-3777, https://doi.org/10.5194/amt-15-3761-2022, 2022.
1000  Zaremba, T. J., Rauber, R. M., McFarquhar, G. M., Hayman, M., Finlon, J. A., and Stechman,
1001 D. M.: Phase characterization of cold sector Southern Ocean Cloud tops: Results from
1002 SOCRATES, Journal of Geophysical Research: Atmospheres, 125, €2020JD033673,
1003 https://doi.org/10.1029/2020JD033673, 2020.
1004  Zhao, L., Zhao, C., Wang, Y., Wang, Y., and Yang, Y.: Evaluation of cloud microphysical
1005 properties derived from MODIS and Himawari-8 using in situ aircraft measurements
1006 over the Southern Ocean, Earth and Space Science, 7, €2020EA001137,
1007 https://doi.org/10.1029/2020EA001137, 2020.
1008  Zhao, X., Liu, X., Burrows, S., DeMott, P. J., Diao, M., McFarquhar, G. M., Patade, S.,
1009 Phillips, V., Roberts, G. C., Sanchez, K. J., et al.: Important ice processes are missed
1010 by the Community Earth system model in Southern Ocean mixed-phase clouds:
1011 Bridging SOCRATES observations to model developments, Journal of Geophysical
1012 Research: Atmospheres, 128, €2022JD037513, https://doi.org/10.1029/2022JD037513,
1013 2023.
1014  Zheng, X., Xi, B., Dong, X., Logan, T., Wang, Y., and Wu, P.: Investigation of aerosol-cloud
1015 interactions under different absorptive aerosol regimes using Atmospheric Radiation
1016 Measurement (ARM) southern Great Plains (SGP) ground-based measurements,
1017 Atmos. Chem. Phys., 20, 34833501, https://doi.org/10.5194/acp-20-3483-2020, 2020.
1018  Zheng, X., Dong, X., Xi, B., Logan, T., and Wang, Y.: Distinctive aerosol-cloud—precipitation
1019 interactions in marine boundary layer clouds from the ACE-ENA and SOCRATES
1020 aircraft  field campaigns, Atmos. Chem. Phys., 24, 10323-10347,
1021 https://doi.org/10.5194/acp-24-10323-2024, 2024.

27



