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Space-based analysis of the cloud thermodynamic phase
transition for varying microphysical and meteorological regimes
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Key Points:

+ The temperature at which liquid clouds glaciate is inferred using passive space-
based instruments

+ Glaciation temperature is classified by droplet radius, latitude, updraft speed, and
specific humidity

+ Substantially less supercooling is required for glaciation of liquid clouds composed
of large droplets
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Abstract

Phase transitions leading to cloud glaciation occur at temperatures that vary between -

38 and 0°C depending on aerosol types and concentrations, the meteorology, and cloud
microphysical and macrophysical parameters, although the relationships remain poorly
understood. Here, we statistically retrieve a cloud glaciation temperature from two pas-
sive space-based instruments that are part of the NASA/CNES A-Train, the POLarization
and Directionality of the Earth’s Reflectances (POLDER) and the MODerate-resolution
Imaging Spectroradiometer (MODIS). We compare the glaciation temperature for varying
bins of cloud droplet effective radius, latitude, and large-scale vertical pressure velocity
and specific humidity at 700 hPa. Cloud droplet size has the strongest influence on glacia-
tion temperature: For cloud droplets larger than 21 um, the glaciation temperature is 6°C
higher than for cloud droplets smaller than 9 ym. Stronger updrafts are also associated
with lower glaciation temperatures.

1 Introduction

Between -38°C and 0°C, ice crystals and cloud droplets can coexist depending on
the available water vapor and the concentration of condensation and ice nuclei [Korolev
et al., 2017]. Nevertheless, the phase transition of clouds from predominantly liquid to
predominantly ice is still poorly understood and differences of orders of magnitude per-
sist between theory, models, and observations [Pruppacher, 1995; Jeffery and Austin,
1997; Cantrell and Heymsfield, 2005]. Models tend to underestimate the fraction of lig-
uid clouds compared with observations. One reason described by Tan et al. [2016] is that
the Bergeron-Findeisen process is overly efficient in global climate models because mixed-
phase clouds are not composed of uniformly mixed ice crystals and cloud droplets but
rather pockets of pure liquid or ice.

Ice, liquid, and mixed-phase clouds have different impacts on the Earth’s radiative
budget through absorption and scattering of incoming solar and outgoing infrared radi-
ation, and the influence of precipitation formation on the lifetime of clouds [Tan et al.,
2016]. For example, Miilmenstddt et al. [2015] has shown using measurements from the
Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) [Winker et al., 2009] that
precipitation is most frequent over mid-latitude oceans and continents when cloud tops
are glaciated. Therefore, the thermodynamic cloud phase distribution is an important pa-
rameter for the determination of cloud lifetime and radiative property [Chylek et al., 2006;
Matus and L’Ecuyer, 2017].

A statistical approach based on satellite observations can be considered to under-
stand cloud processes such as glaciation and precipitation [e.g., Doutriaux-Boucher and
Quaas, 2004; Quaas, 2012; Tapiador et al., 2018]. Space-based instruments offer measure-
ments with long time-spans that are not limited to a single geographical region. Active
instruments, such as CALIOP on board the Cloud-Aerosol Lidar and Infrared Pathfinder
Satellite Observations satellite (CALIPSO) retrieve the vertical cloud profile of the atmo-
sphere but mostly at cloud tops due to attenuation by thick clouds and have been used
to determine cloud phase glaciation temperatures between -15°C and -25°C [Choi et al.,
2010; Hu et al., 2010; Komurcu et al., 2014]. Cesana and Chepfer [2013] retrieved glacia-
tion temperatures with CALIOP from -26 to -16°C depending on different humidity bins
in the upper troposphere. Active sensors are limited by the small spatial coverage due to
their narrow swath which in turns can limit their statistical validity.

Passive space-based instruments have a larger spatial coverage although cloud prop-
erties such as cloud phase are only retrieved from cloud top. Methods have been devel-
oped to discriminate between liquid, ice, and mixed phase from passive satellite instru-
ments based on differing thresholds for a range of remote sensing channels (e.g., multi-
wavelength or polarization) [i.e., Pilewskie and Twomey, 1987; Goloub et al., 2000; Hu
et al.,.2009; Riedi et al., 2010; Baum et al., 2012]. Coopman et al. [2018] studied the cloud
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phase transition in the Arctic using data from two polar orbiting satellites in the A-train,
the Moderate Resolution Imaging Spectroradiometer (MODIS) and the POLarization and
Directionality of the Earth’s Reflectances (POLDER). For a range of cloud top heights,
liquid water paths, and pollution regimes, the retrieved glaciation temperature was -17°C
for cloud top pressures between 600 and 1000 hPa. It was also found that long-range pol-
lution transport from fossil fuel combustion is associated with increases in the glaciation
temperature of approximately 4°C. Carro-Calvo et al. [2016] statistically analyzed four
years of Advanced Very-High-Resolution Radiometer (AVHRR) to show glaciation tem-
peratures over the globe and for different seasons and cloud top altitudes to find glaciation
temperatures between -20°C and -25°C in the mid-troposphere and homogeneous freezing
temperature in the upper troposphere.

In the present study, we retrieve glaciation temperatures for a wide range of mete-
orological, dynamical, and microphysical bins globally by co-locating cloud properties
derived from the passive satellites MODIS and POLDER and reanalysis data from ERA-
Interim. These results are the first attempt to provide estimates of cloud glaciation temper-
ature at global scales for varying cloud regimes.

2 Data

Cloud top properties are retrieved from a combination of two passive instruments
from the A-train missions: MODIS [Platnick et al., 2014] on board the Aqua satellite and
POLDER-3 [Bréon and Colzy, 1999] on board Polarization and Anisotropy of Reflectances
for Atmospheric Sciences coupled with Observation from a Lidar (PARASOL) platform.
Retrieval algorithms are detailed in the above mentioned articles but we summarize here-
after only those methods used to retrieve parameters relevant to our study.

Cloud top pressure derived from POLDER-3 is based on oxygen A-Band absorption
above clouds [Buriez et al., 1997] whereas MODIS derives cloud top pressure from mea-
sured cloud radiative temperature and temperature profiles from ERA-Interim reanalysis
[Berrisford et al., 2011]. In the case of multi-layer clouds where a thin cirrus cloud over-
lays a liquid low level cloud, the MODIS algorithm will tend to detect ice clouds whereas
the POLDER algorithm will be biaised by the lower liquid layers, potentially resulting in
a warmer cloud temperature estimate [Holz et al., 2008]. To avoid potential biases due to
multilayer situations, we use the cloud top pressure retrievals from both sensors and dis-
card pixels for which a significant difference is observed between the two estimates (see
supplementary information for more details, Text S1 and Figures S1 and S2). Thus, multi-
layer and thin clouds are discarded from the dataset.

Cloud top phase is determined by an algorithm that uses a combination of short-
wave, thermal infrared, and visible measurements from MODIS and multiangle polariza-
tion measurements from POLDER-3 providing a phase index (®) ranging from 0 to 200
[Riedi et al., 2010]. Riedi et al. [2010] showed that the distribution of ® can be divided in
eight regimes around 20 for high confidence liquid, around 50 for confident liquid, around
80 for liquid, around 100 for mixed phase, around 120 for low confidence ice, 150 for
confident ice, and 180 for high confidence ice. Coopman et al. [2016] showed that, for
arctic clouds, ®@ can be divided into three regimes ranging from O to 60 for liquid clouds,
from 60 to 140 for clouds of unknown phase (i.e., broken clouds with unreliable phase
retrievals), and from 140 to 200 for ice clouds.

Cloud effective radius (r.) and cloud optical depth (1) are determined from MODIS
observations using a bispectral technique [Nakajima and King, 1990; Platnick et al., 2004]
that depends on the surface, viewing angle, and atmospheric state [Platnick et al., 2004,
2014]. In the present study, we only consider clouds with retrieved values of T greater
than 0.3 because MODIS measurements are particularly prone to biases by surface re-
flectivity variability and uncertainties when clouds are optically very thin [Platnick et al.,
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2014]. MODIS cloud products have a spatial resolution at nadir of 1km for cloud micro-
physical properties and 5km for cloud top temperature. POLDER-3 products used in this
study are obtained from the joint processing of POLDER-3/Parasol and MODIS/Aqua ob-
servation [Riedi et al., 2010] and have a spatial resolution of 6 km x 6 km. MODIS cloud
products are colocated to POLDER products using a nearest pixel approximation and aver-
aged at the scale of one POLDER pixel of about 6 kmx6 km.

The European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis
ERA-Interim [Berrisford et al., 2011] extends from 1989 to the present and was improved
in 2011 [Dee et al., 2011]. ERA-Interim provides meteorological parameters with a 6 hour
temporal resolution at 60 pressure levels. We used the vertical pressure velocity at 700 hPa
(w700) and the specific humidity at 700 hPa (SH7op) with a spatial resolution of 1.5°. We
spatially colocate w799 and SH7op with POLDER-MODIS measurements considering the
closest pixel, and we temporally collocate by a linear interpolation between two successive
ERA-I retrievals. We do not consider w7go and SH7g as the values at the cloud levels but
rather as indications of the large scale states of the atmosphere associated with the con-
sidered clouds [Barton et al., 2012; Taylor et al., 2015; McDonald and Parsons, 2018]. We
spatially colocate w799 and SH7pp with POLDER-MODIS measurements considering the
closest pixel and we temporally collocate by a linear interpolation between two successive
ERA-I retrievals. The final dataset has a spatial resolution of 6 kmx6 km.

3 Method

Algorithms used by passive sensors consider cloudy pixels to be only liquid or only
ice. Considering the resolution of space-based retrievals in the kilometer range, any given
cloud pixel can be a mixture of two phases leading to nonphysical cloud property tem-
poral evolution [e.g., Coopman et al., 2019]. Figure 1 shows the distribution of the phase
index for data from 2005 to 2012 for all latitudes. In the present study, we assign an ad
hoc uncertainty to the phase retrieval by considering two thresholds of confidence in ©.
The high confidence in @ category considers (i) pixels with @ between 0 and 20 as lig-
uid and pixels with @ between 180 and 200 as ice and the low confidence in @ considers
(ii) pixels with @ between 0 and 60 as liquid and pixels with @ between 140 and 200 as
ice. The difference in 759 between (i) and (ii) is the uncertainty estimate in glaciation tem-
perature. Pixels with @ between 60 and 140, encompassing to 19% of the dataset are not
considered in the analysis.

Figure 2-a shows the cumulative distribution function (CDF) of liquid cloud top
temperature (CDF(liquide)) and 1-CDF(ice) for high and low confidence in @ using global
data. Figure 2-b shows the fraction of CDF(ice) defined as ;- DI;ECLZQZC‘E)F(M) and it is
associated with the ice fraction (y;ce), 100% meaning all ice and 0% meaning no ice. The
dataset is classified by the parameter(s) we wish to study the effect on the glaciation tem-
perature. Doutriaux-Boucher et Quaas (2004) have shown that a hyperbolic function gen-
erally fits "very well" the relationship between y;.. and cloud top temperature and it can

be a surrogate model for glaciation process parametrization:

1 + tanh(—a; X T + ay)
2

Nice =

with ay and a, fitting parameters determining respectively the flatness of the curves and
the shift in temperature. The a; constant, units K~!, controls the flatness of the curve, it
is, therefore, a proxy related to the abruptness of the water-ice transition and the release of
latent heat during the glaciation.. The parameter a, controls the shift of the curve.

From Equation (1), the temperature at which 50% of the pixels used to retrieve yjce
are in the ice phase (T5g) is termed the glaciation temperature:

Tso = ——
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164 Values of a; and T5o parameters are determined for different bins of cloud droplet

165 effective radius, latitude, large-scale w7gg, and SH7qp (for details about the method, see

166 Text S3 and Figure S3 from the supplementary information). In the present study, we refer
167 only to 7509 because the a; parameter varies weakly variable (see Text S2 in the supple-

168 mentary information for more details). We do not consider a; as we directly refer to T5q
169 to represent the shift of the curve. We defined five bins in cloud droplet effective radius,
170 six zonal regions, six bins from w7qg, and five bins from SH7g9. The different bins are

171 defined in Table 1.

172 4 Results

178 Figure 2-c shows the values of T, retrieved from five regimes: globally, over both
174 land and sea, and for latitudes greater than 60°N and lower than 60°S. For the globe, T
175 is equal to -24+1°C. Oceanic and land clouds each glaciate at -24+1°. Antarctic clouds
176 glaciate at -27+1°C and Arctic ocean clouds at -23+2°C.

177 ~ Figure 3 shows Tso as a function of r&"9. Ty increases with ro'? from -27°C for
78 rE9 in a bin between 5 and 9 um to -20°C for -7 in a bin between 21 and 25 um us-

179 ing global data considering @ from 0 to 20 for liquid clouds and from 180 to 200 for ice
180 clouds. Considering ® from 0 to 60 for liquid clouds and from 140 to 200 for ice clouds,
181 Tsg increases from -25°C for reL ! in a bin between 5 and 9 um to -20°C for reL “ in a bin
182 between 21 and 25 um.

183 In order to isolate the relationship between glaciation temperature and latitude, 700 hPa
184 pressure velocity (wrqp), and specific humidity at 700 hPa (SH7qp), we further bin accord-

s ing to three bins of r-*¢ with thresholds at 5, 9, 13, and 17 um containing 74% (1.8x10°

186 pixels) of the total cloudy pixels. Figures 4-a, -b, and -c show 75y as a function of latitude

187 band for different bins of reL 4 Tn each of the three re bins, Tsq is the highest for the lat-
188 itude bin between 30°S and 0°N with values ranging from -17 to -16°C. Figures 4-d, -e,

189 and -f show Ts( as a function of large scale w7gg. T50 increases with wygp ranging from
190 -31£1°C for wrop large-scale ascent between -1 and -0.8 Pa/s to -24+1°C for w7go descent
101 and for reL "I between 5 and 9 um. Figures 4-g, -h, and -i show that small values of cloud
192 effective radius are associated with T5y correlating with specific humidity SH7gy: For ef-
108 fective radii between 5 and 9 um, Tsq increases from -25+1°C for SHyoo between 0.6 and

104 1.1 g/kg to -23+1°C for SH7p9 between 2.5 and 15.6 g/kg; for effective radii between 13
195 and 17 um, Tso increases from -20+1°C for SH7oy between 0.6 and 1.1 g/kg to -22+1°C
19 for SH7g9 between 2.5 and 15.6 g/kg.

197 5 Discussion and Conclusion

198 We used 8.5 years of observations retrieved by the passive instruments POLDER-3
199 and MODIS to analyse retrieved liquid and ice cloud temperature distributions at a global
200 scale. From cloud-top temperature distributions, we determine the glaciation temperature
201 T5o for which 50% of the pixels are in the ice and liquid phase. Globally, 75q is on aver-
202 age equal to -24+1°C, both oceanic and land clouds glaciate at -24+1°C. Antarctic and
203 arctic clouds glaciates at -27+1°C and -23+1°C respectively. It should be noted that the
204 mean r,ilq is equal to 11.5um considering high confidence in @ and 13.1um considering
205 low confidence in @, cloud droplets with an effective radius between 5 and 13 yum rep-
206 resent 62% of the dataset (see Figure S4 in the supplementary material for more infor-
207 mation). Therefore, the global T is significantly driven by the behavior of small cloud

208 droplets.

209 We sub-divided the global dataset into five bins of cloud droplet effective radius, six
210 bins of latitude, and five bins of pressure velocity at 700 hPa (w7g9) and specific humid-
211 ity at 700 hPa (SH7qp) to represent the large scale state of the atmosphere. The strongest
212 signal we observe is that large cloud droplet effective radii reL "l are associated with sig-
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nificantly higher values of T59. T5¢ increases from -26+1°C for reL 4 in a bin between 5

and 9 ym to -20+1°C for r~*? in a bin between 21 and 25 um. Higher values of r=*? are
associated with higher T5¢ in line with previous studies [e.g., Rangno and Hobbs, 2001;
Rosenfeld et al., 2011; Coopman et al., 2018]. We further classified the data by - to
retrieve 750 binned according to latitude, w7qg, and SH7qo. T50 is @ maximum in the trop-
ical latitude band between -30° and 0°. The largest latitudinal variations in T5¢ are found
for #-'4 in a bin between 5 and 9 um between the latitude bins 60-90°S and 30-0°S. The
latitudinal variation of T5o has been described by Carro-Calvo et al. [2016] with passive
space-based instruments and Cesana et al. [2015] using models, active space-based instru-
ments, and reanalysis data. Both studies are in line with our observations showing higher
glaciation temperatures in the sub-tropic regions than in the middle and high-latitudes.
Also, higher large-scale ascent is associated with lower T5y. For example, for reL '“"in a bin
between S and 9 um, Ts increases from -31°C for upwelling between -1 and -0.8 Pa/s to
-24°C for downwelling.

These results are based on satellite observations, therefore we can only hypothe-
size the causes of the different correlations observed. It is possible that antarctic clouds
glaciate at lower temperature than other clouds because antarctic clouds are in contact
with lower concentrations of aerosols that may serve as potential ice nuclei and facilitate
phase transitions. Coopman et al. [2018] studied the phase transition of arctic clouds for
different regimes of pollution from fossil fuel combustion and retrieve a glaciation temper-
ature of about -20°C, the presence of pollution increases the glaciation temperature up to
4°C. Similarly, Filioglou et al. [2019] have shown from CALIPSO and CloudSat measure-
ments that high aerosol loadings increase the glaciation temperature by 10°C in presence
of dust and continental aerosols in the Arctic. We suggest that larger liquid cloud droplets
are associated with higher glaciation temperatures because they aid secondary ice nucle-
ation [Rosenfeld et al., 2011]. Small droplets do not support drizzle formation and riming
and cannot be associated with ice splinter production [Rangno and Hobbs, 2001]. Stronger
updrafts associated with lower glaciation temperatures maintain a high supersaturation
with respect to liquid, offsetting the Bergeron-Findeisen process, therefore the glaciation
process is delayed [Korolev and Mazin, 2003; Korolev et al., 2017].

The global mean cloud feedback differences in models is associated with differences
in the cloud phase feedback [Zelinka et al., 2020]. McCoy et al. [2018] have shown that
some global cloud models have liquid clouds at -53°C and some consider that clouds are
ice at -13°C. The Tsq retrieved in the present study, equal to -24°C, is lower than 19 of
the global cloud models out of 26 analysed by McCoy et al. [2016], suggesting that global
cloud model phase transition processes can be too efficient [Komurcu et al., 2014; Cesana
et al., 2015; Dietlicher et al., 2019]. The Tsq retrieved in our study is also lower than the
value retrieved by Cesana et al. [2015] and Hu et al. [2010] based on CALIPSO top phase
observations but is higher than the value retrieved by Westbrook and Illingworth [2011]
who show that 50% of clouds are in the ice phase at -27°C from ground based lidar and
radar measurements. If the liquid dominated cloud fraction increases at the expense of
ice dominated clouds, then because ice crystals tend to be relatively larger [Zelinka et al.,
2012; McCoy et al., 2014] precipitation would be less efficient for a given amount of con-
densate [Ceppi et al., 2016; Miilmenstddt et al., 2015]. Therefore, the cloud lifetime and
cloud feedback effects in numerical models would change. Our study can be used to help
evaluate theories about cloud freezing temperature [Cantrell and Heymsfield, 2005; Pinsky
et al., 2018; Phillips et al., 2018] and may help guide numerical models with partitioning
of ice and liquid clouds and reduce uncertainty in the cloud phase feedback and climate
sensitivity in global climate models [Choi et al., 2014; Tan et al., 2016].
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Table 1. Values considered to define the different bins of reL iq, latitude, w7qg, and SH;‘OO.

rE (um) Latitudes (°)  wago (Pa/s) SHyoo (g/kg)
5 90 1.0 0.0
9 -60 0.8 0.3
13 -30 0.6 0.6
17 0 0.4 1.1
21 30 02 2.5
25 60 0.0 15.6
90 5.0

4The values to determine SH7q are based on the 07, 20" 40", 60" 80", and 100"" percentiles.

Figure 1. Cloud top phase (®) distribution from the algorithm developed by Riedi et al. [2010]. The ver-
tical bars for confident liquid, liquid, ice, and confident ice are respectively at @ equal to 20, 60, 140, and
180.

Figure 2. (a) Cumulative distribution function (CDF) of liquid cloud top temperatures (CDF(liquid)) in
red and 1- CDF(ice) in blue for two degrees of confidence in the phase index (®). (b) Fraction of CDF(ice)
defined as 1-CDF(ice)
1-CDF(ice)+CDF(lig)
gential fit retrieved from the fraction of CDF(ice) and T is retrieved from Equation (2). (c) T5 is retrieved

considering two levels of confidence in ® (purple) and the hyperbolic tan-

considering all the pixels, for different bins of latitude, and surface type. The diamonds consider a higher con-
fidence in the phase retrieval than the dots. The squares show the average between T retrieved considering

the high and low level of confidence in the phase detection for each regime considered.
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Figure 3. Glaciation temperature 75, from Equation (2) for different cloud droplet effective radius bins
considering global data. The diamonds on the dashed line consider a higher confidence in the phase retrieval
— Phase index (®) less than 20 for liquid cloud detection and ® greater than 180 for ice cloud detection —
than the dots on the solid line — ® less than 60 for liquid cloud detection and @ greater than 140 for ice cloud
detection. The results from the dashed lines are supported by fewer data points but the phase determination is
more robust than the results shown by the solid line. The area between the solid and the dashed lines represent

an estimate of the uncertainty introduced by the phase decision itself.

Figure 4. Glaciation temperature 75 from Equation (2) for different bins of cloud droplet effective radius,
and latitude (a, b, c), large-scale pressure velocity (d, e, f), and specific humidity (g, h, i). Global data are con-
sidered for the bins of large-scale pressure velocity and specific humidity. The diamonds on the dashed line
consider a higher confidence in the phase retrieval — Phase index (®) less than 20 for liquid cloud detection
and @ greater than 180 for ice cloud detection — than the dots on the solid line — ® less than 60 for liquid

cloud detection and ® greater than 140 for ice cloud detection. The hatched area represents the uncertainty.
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