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corrections in blue color. In addition, we have attached a updated version of the paper below.

Answers to Anonymous Referee 2

The presented work addresses a significant gap in current climate and weather forecasting models by
proposing a novel method for retrieving microphysical properties of mixed-phase clouds. Recognizing
the limited representation of these clouds due to the complexity of underlying processes, the study
leverages airborne or satellite radar and lidar measurements within an extended variational method.
The key innovation lies in the simultaneous retrieval of ice and supercooled water properties, achieved
by exploiting the distinct sensitivities of lidar and radar signals. The method is rigorously developed,
considering the sensitivity of these instruments and relying on a robust a priori framework. Validation
using DARDAR-MASK products and airborne in situ measurements demonstrates promising results,
showcasing the method’s potential to enhance our understanding of mixed-phase cloud processes. The
work is well-structured, providing clear insights into the motivation, methodology, and validation ap-
proach, and it contributes significantly to the broader goal of improving climate and weather prediction
models. Overall, the research exhibits a commendable quality, combining scientific rigor with practical
applicability.

The abstract effectively introduces the paper’s focus on addressing the challenges in representing
mixed-phase clouds in climate and weather forecasting models. The proposed method for retrieving
microphysical properties of mixed-phase clouds is clearly outlined. The use of airborne or satellite
radar and lidar measurements, along with a variational method, enhances the understanding of cloud
processes. The abstract sets a comprehensive context for the reader, emphasizing the importance of
accurate representation of mixed-phase clouds in models. Section 2 is well-written and provides a
comprehensive explanation of the methodology. In section 3 the introduction of the ASTAR campaign
and the specific context of the study is clear and sets the stage effectively. The integration of in situ
measurements and remote sensing data, especially the use of the Polar Nephelometer as a reference,
enhances the robustness of the comparison. Section 4 appropriately acknowledges the limitations and
challenges of the VarPy-mix methodology, such as missing data in the lower part of the cloud, spatial
and temporal shifts, and biases in the retrieval process. This transparency enhances the scientific rigor
of the study.

Specific Comments :

- The abstract is well-structured, progressing logically from the motivation to the proposed me-
thod and concluding with the validation approach. The use of technical terms is appropriate,
but consider providing brief explanations for readers less familiar with terms like “attenuated
lidar backscatter 8” to enhance accessibility.

» We added in the introduction (L50-51) : “On one hand, the lidar measures the attenuated
backscatter 3 [m~!.sr~!], which corresponds to the energy backscattered by the targets and is
affected by the atmospheric transmission.”



- Section 2 : In some sentences, the detailed technical content and the complex structure might
pose a challenge for readers unfamiliar with the specific terminology or mathematical formu-
lations. Consider breaking down a few of the more complex sentences for better readability
without sacrificing technical accuracy.

» Several sentences have been split and these changes are indicated in blue in the following
version of the manuscript (add at the end of this document). The lines concerned are listed
hereafter : L55, L58, L72, L93-97 (add Eq. 1 and split in three sentences), L101, 1230, 1239,
1.258-265 (itemize)

- The scientific rigor of the proposed method is established in the abstract by clearly outlining the
underlying assumptions and the methodology. It effectively communicates the dual sensitivity
of lidar and radar in retrieving supercooled water and ice crystals, respectively.

» Thank you.

- Towards the end of Section 2, you might consider adding a brief summary or concluding para-
graph that synthesizes the key aspects of the methodology. The connection between observations
(Y) and the state vector (X) is effectively established.

» We have added Section 2.4 (1.228-243).

- The validation approach using DARDAR-MASK products and airborne in situ measurements
is a strong point, showcasing the method’s applicability and performance. Mentioning the mean
percent error provides a quantitative measure of the retrieval performance, enhancing the cre-
dibility of the results.

- The adaptation of the cloud phase classification for mixed-phase retrieval is well-motivated and
aligns with the goal of correctly identifying each phase of the cloud.

- In general, section 3 contains a significant amount of technical detail, which is appropriate for
a scientific paper, but ensure that the language remains accessible to the target audience.

» Thank you.

- Section 4 effectively summarizes the VarPy-mix methodology, discusses its strengths and li-
mitations, and lays the groundwork for further discussion and conclusions. I would suggest to
provide more context on the RALI-THINICE campaign and the HALO-(AC)3 campaign, as
these are mentioned but not explained in detail.

» We have added information in the text (in blue, § L515-527) and refer to the campaign
websites for more information (added in References). An Overview Paper for each measurement
campaign is currently being submitted to the Bulletin of the American Meteorological Society
for RALI-THINICE and Atmospheric Chemistry and Physics for HALO-(AC)3. As these papers
are not yet accessible, we cannot refer to them here.

- Lines 23-25 : To gain a clearer understanding, could you provide more specific information on
the largest differences observed in both time and space between remote sensing and in situ
measurements ? Is there a quantitative measure or range that characterizes these differences or
any strategies employed to address or mitigate these differences in the analysis ?

» We have added the following information in the abstract : “It is also important to note
that temporal and spatial collocations are not perfect, with a maximum spatial shift of 1.68 km
and a maximum temporal shift about ten minutes between the two platforms. In addition, the
sensibility of remote sensing and in situ are not the same and in situ measurements uncertainties
are between 25 % and 60 %.”

- Lines 72-73 : I would recommend to introduce the VarPy-mix method earlier in the paper,
possibly in the abstract or introduction, to provide readers with a clear understanding of the
methodology from the outset. This can enhance the overall coherence and comprehension of the
research, ensuring that the significance of VarPy-mix is highlighted prominently.

» “VarPy-mix” is now mentioned in the abstract.



Technical Corrections :

Consistency in Terminology :
e Ensure consistency in the use of terms such as “ice crystals” and “ice particles” for clarity.
» We have replaced the terms “ice crystals” with “ice particles”.

Abbreviations :
e Consider introducing abbreviations like IWC, LWC, and Ntot upon their first use in the abstract.
» They are now all present in the abstract.
e Line 78 : “Additionally, this flexible algorithm can be apply on several radar-lidar platforms,”
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Abstract.

Mixed-phase clouds are not well represented in climate and weather forecasting models, due to a lack of the key processes
controlling their life cycle. Developing methods to study these clouds is therefore essential, despite the complexity of mixed-
phase cloud processes and the difficulty of observing two cloud phases simultaneously. We propose in this paper a new method
to retrieve the microphysical properties of mixed-phase clouds, ice clouds and supercooled water clouds using airborne or
satellite radar and lidar measurements, called VarPy-mix. This new approach extends an existing variational method developed
for ice clouds retrieval using lidar, radar and passive radiometers. We assume that the attenuated lidar backscatter £ at 532 nm is
more sensitive to particle concentration and is consequently mainly sensitive to the presence of supercooled water. In addition,
radar reflectivity Z at 95 GHz is sensitive to the size of hydrometeors and hence more sensitive to the presence of ice particles.
Consequently, in the mixed-phase the supercooled droplets are retrieved with the lidar signal and the ice particles with the
radar signal, meaning that the retrieval rely strongly on a priori and errors values. This method retrieves then simultaneously
the visible extinction for ice aic. and liquid ay;q particles, the ice and liquid water contents IWC and LWC, the effective radius
of ice 7¢ ;.. and liquid 7. jiq particles and the ice and liquid number concentrations N and Njiq. Moreover, total extinction
Quot, total water content TWC and total number concentration Ny, can also be estimated. As the retrieval of ice and liquid is
different, it is necessary to correctly identify each phase of the cloud. To this end, a cloud phase classification is used as input
to the algorithm and has been adapted for mixed-phase retrieval. The data used in this study are from DARDAR-MASK v2.23
products, based on the CALIOP lidar and CPR radar observations, respectively from the CALIPSO and CloudSat satellites
belonging to the A-Train constellation launched in 2006. Airborne in situ measurements performed on the 7" April 2007
during the ASTAR campaign and collected under the track of CloudSat-CALIPSO are compared to the retrievals of the new
algorithm to validate its performance. Visible extinctions, water contents, effective radii and number concentrations derived
from in situ measurements and the retrievals showed similar trends and are globally in good agreement. The mean percent error

between the retrievals and in situ is 39 % for cuig, 398 % for cvce, 49 % for LWC and 75 % for IWC. It is also important to note
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that temporal and spatial collocations are not perfect, with a maximum spatial shift of 1.68 km and a maximum temporal shift
about ten minutes between the two platforms. In addition, the sensibility of remote sensing and in situ are not the same and in

situ measurements uncertainties are between 25 % and 60 %.

1 Introduction

The current situation concerning climate change strongly impacts our society (IPCC, 2022), which leads to an interest in climate
and weather forecasting. Clouds cover about 67 % of the Earth’s atmosphere (King et al., 2013) and take an important part in
Earth’s water cycle and its radiation budget (Stephens, 2005). However, climate and weather prediction models still have a lack
of knowledge in some situations and scenarios where clouds, especially mixed-phase clouds, remain one of the main sources
of uncertainty, due to the complexity of the related processes. Mixed-phase clouds occur at all latitudes and more significantly
at mid- and high-latitudes (Choi et al., 2010; Shupe, 2011) and are a coexisting mixture of three phases of water: ice particles,
supercooled droplets and water vapor at temperatures between —40 °C and 0 °C. This coexistence implies complex formation
processes, such as primary ice nucleation (Meyers et al., 1992), secondary ice production (Field et al., 2017; Kanji et al., 2017)
and ice deposition (Meyers et al., 1992), and growing processes, such as the Wegener-Bergeron-Findeisen process (Wegener,
1911; Bergeron, 1935; Findeisen, 1938), water vapor deposition (Song and Lamb, 1994), aggregation (Hobbs et al., 1974) and
riming (Hallett and Mossop, 1974). Since liquid and ice particles influence the shortwave and longwave radiation differently
(Matus and L’Ecuyer, 2017), the fraction of liquid and ice particles significantly affects the radiative properties of mixed-phase
clouds, altering the radiative balance of the Earth’s atmospheric system. Moreover, all these processes are difficult to represent
in numerical model (Morrison et al., 2008, 2012) and mixed-phase clouds that are not well represented in models can introduce
significant biases, such as a misrepresentation of the cloudy state (Pithan et al., 2014). For that reason, it is crucial to have
information on mixed-phase clouds microphysics in order to reduce the uncertainties in climate and weather prediction.

The localization and lifetime of the mixed-phase in a cloud differ according to the type of clouds and can make their
observation challenging. The difference of water vapor saturation over ice and liquid makes the mixed-phase condensationally
unstable and only exists for a limited time (Korolev et al., 2017). One way of observing these clouds is to use active remote
sensing instruments. They can be onboard an aircraft or a satellite allowing to probe clouds on a large scale with vertical
profiles seen from above. They are then useful to detect the mixed-phase layer at cloud top, which is typically the case in arctic
boundary layer clouds (Gayet et al., 2009; Mioche et al., 2017). Each instrument has its own characteristics and a specific
sensitivity that depends notably on the instrument wavelength. On one hand, the lidar measures the attenuated backscatter
Blm~!.sr~1], which corresponds to the energy backscattered by the targets and is affected by the atmospheric transmission.
At a wavelength between 355 nm and 1064 nm, the lidar attenuated backscatter is more sensitive to the concentration of
hydrometeors and can detect small cloud particles and aerosols. However, this signal can be attenuated or extinguished by
a region with high particle concentration and cannot give information below this cloud layer. On the other hand, the radar
measures the reflectivity Z [mm®.m~3] typically at 35 or 95 GHz for cloud radars. At these wavelength, the radar reflectivity

is more sensitive to the particle size and the signal can penetrate thick clouds (Delanog et al., 2013; Cazenave et al., 2019).
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Consequently, in mixed-phase clouds the lidar is more sensitive to highly concentrated liquid droplets and will give a strong
backscatter signal. On the other hand, the radar reflectivity of liquid droplets will be weaker than ice particles. As a result,
both instruments complement each other. These measurements can then be used in algorithms to retrieve microphysical cloud
properties such as the visible extinction «, the ice and liquid water contents (IWC and LWC) and the total number concentration
Niot-

Lidar-radar synergistic methods were first proposed by Intrieri et al. (1993), Donovan and van Lammeren (2001), Tinel et al.
(2005) and Mitrescu et al. (2005) to retrieve ice clouds properties where both instrument overlap. Algorithms as VarCloud
(Delanoé and Hogan, 2008) and 2C-ICE (Deng et al., 2010) were later developed to retrieve ice clouds properties all along the
instruments profile using the Cloud Profiling Radar (CPR) onboard CloudSat (Stephens et al., 2002), the Cloud-Aerosol Lidar
with Orthogonal Polarization (CALIOP) onboard CALIPSO (Winker et al., 2003) and additionally radiometric information
for VarCloud. For the EarthCARE mission (Illingworth et al., 2015) the unified synergistic retrieval algorithm CAPTIVATE
(Mason et al., 2022) uses the ATmospheric LIDar (ATLID), the Cloud Profiling Radar (CPR), and the MultiSpectral Imager
(MSI) data to retrieve clouds, precipitations and aerosols properties.

The variational method VarCloud, developed by Delano& and Hogan (2008), aims to retrieve ice clouds properties using
radar, lidar and radiometric data synergy. Since, this algorithm has been improved with new parameterization for ice clouds
retrievals (Ceccaldi, 2014; Cazenave et al., 2019), allowing more flexibility. As a result, it can process data from different
airborne or spaceborne instruments platforms. In the mixed-phase, the algorithm only retrieve ice properties with the radar
signal. The algorithm current version is called in this paper VarPy-ice and is described in detail in Cazenave (2019) thesis,
pages 107 to 113. Our method, VarPy-mix, aims to retrieve simultaneously ice, supercooled water and mixed-phase clouds
properties with lidar and radar synergy, based on VarPy-ice to retrieve ice clouds. Each cloud phase is not processed in the
same way. The ice clouds are retrieved with both instruments while the mixed-phase retrieval is divided in two parts: the ice
particles are retrieved with the radar signal and the supercooled water with the lidar signal. Besides, supercooled water clouds
are retrieved with the lidar signal only. Therefore, the retrieval relies strongly on a priori and errors values. Additionally, this
flexible algorithm can be apply on several radar-lidar platforms, airborne or spaceborne. As a starting point, these changes
were developed with CloudSat and CALIPSO instruments datasets. These data have a large, robust and proven classification
algorithmic statistics as well as existing cases of collocation with in situ measurements.

In this paper, we first describe in Sect. 2 the general points of both version of VarPy before going into details of the new
version structure. In addition, the processed cloud phases are presented in this section, along with an adaptation of the cloud
phase classification dedicated to the mixed-phase and supercooled water. Next, Sect. 3 presents a case of mixed-phase at the
top of an ice cloud for which microphysical properties are retrieved using VarPy-mix and compared with in sifu measurements.

Finally, the last section is dedicated to a conclusion and to an outlook on future work.
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2 Methodology
2.1 Variational method
2.1.1 Description of VarPy

The radar reflectivity Z [mm®.m~3] and the lidar attenuated backscatter 3 [m~'.sr~!] are linked to the clouds microphys-
ical vertical structure. For example the water content is strongly correlated with the reflectivity (Atlas, 1954) and the lidar

backscatter is related to the cloud extinction . We can relate this situation to an inverse problemgiven by:

Y = f(X)+e ()

The vector Y is the observation vector composed of the measured radar reflectivity Z,s and lidar attenuated backscatter
Bobs- The vector X is composed of the quantities that describe the system, e.g. some clouds microphysical properties. The
function f is the “forward function” (Rodgers, 2000, p. 14) and in our case represents the lidar and the radar forward models.
These models and measurements are associated to specific uncertainties that can be presented by the error vector €. According
to the values of the vector X, called hereafter the state vector, the forward models predict reflectivity and backscatter values,
respectively noted Zgyq and Brwg. These forward modeled values are afterwards compared to the measurements. The difference
between Y and the predicted values is used to update the state vector via the Gauss-Newton method. New values of Zpyq
and [yq are computed with the forward models and Look Up Table (LUT, detailed in Sect. 2.1.2) until convergence occurs
according to a x? test. The solution is defined by the state vector at the last iteration when the solution converges. These values
are used in combination with a LUT to retrieve the desired microphysical properties. The diagram of Fig. 1 summarizes the
whole structure of the variational scheme.

The two main inputs of VarPy are the observations vector Y (box 2 of Fig. 1, Eq. (2)) and the initialized state vector X (box
1 of Fig. 1), given by Eq. (5) with first guess values from Table 1, as explained in Sect. 2.1.2. The natural logarithm is applied
to the variables of X and Y to avoid the unphysical possibility of retrieving negative values. Both vectors are defined for one
measurement profile and as a function of the distance from the instrument. Radar and lidar do not have the same amount of
values per profile (also called hereafter gate): there are ¢ values of In(Zys) for a profile and p values for In(5ops). Then the

observations vector Y is defined for a single profile as follows:
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Figure 1. Diagram showing the sequence of operations executed by the VarPy retrieval method.
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To retrieve ice properties, the state vector is composed of the visible extinction o [m~!], the extinction-to-backscatter ratio

115 S [sr] and N’ which is related to the normalized number concentration parameter N [m~*] via the following relationship:

120

*
o

N/

3)

where ~ is an empirically determined coefficient normalizing N’ (Delanoé and Hogan, 2010; Delanog et al., 2014). Values for

this coefficient are shown in Table 1. For n measurements gates, the state vector is composed of n values of In(«). However, N’

is not retrieved for each gate. A cubic-spline basis function interpolates the N’ profile with a number concentration parameter

spacing factor 7y set to 4 and decreases the number of N’ values to m such that smooth variation in range is guaranteed

(Hogan, 2007; Delano& and Hogan, 2008). This improves computing efficiency by reducing calculation time.
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The lidar ratio is assumed to be a function of temperature 7' [°C], adapted from Platt et al. (2002) and derived using radar-
lidar data from previous version of DARDAR (Cazenave et al., 2019). Consequently, the lidar ratio S is not represented in the
state vector for each gate but by the two coefficients ay,(5) and by, () that are the slope and the intercept coefficient from the
temperature dependence relationship (Eq. (4)). As a result, for this configuration of the state vector, the dimension of the lidar
ratio .S is given by k = 2. For VarPy-ice, the average retrieved lidar ratio equals 35 & 10 sr for a temperature range from —60

°C to —20 °C (Cazenave et al., 2019).

In(S) = ain(s) + bin(s) - T 4)
Thereby for VarPy-ice, the state vector to retrieve a profile of n gates is as following:

In(Nj)
In(N,)

GINE))

Xice = (5)

bin(s)

111(0[0)

In(ay,)

The update of the state vector (box 8 of Fig. 1) is given by:
X1 =Xk +H - (JT- R (Yoo — Yia) — B (X — X,) — T Xy) (6)

with J the Jacobian matrix that contains the partial derivative of In(Zs,q) and In(gyq) with respect to each element of the state
vector (box 5 of Fig. 1), H is the Hessian matrix given by Eq. (7), R is the error covariance matrix of the observations, B is
the error covariance matrix of the a priori (explained in Sect. 2.2.1), and T is the “Twomey-Tikhonov” matrix (box 6 of Fig.

1; Rodgers, 2000) used to smooth the extinction profile.

H=JT.-R 1. J+B 14T (7

Each measurement is limited by the instrument performance and the signal-to-noise ratio. This is notably the case for the
lidar and this can affect the retrieval of the extinction (Hogan et al., 2006). To limit the impact of measurement noise, a
“Twomey-Tikhonov” matrix T can be used to penalize the second derivative of the state vector variables profile, especially the

extinction. T is a square matrix and is defined, at dimension 6, by:
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where k is a coefficient that sets the smoothness degree of T. The dimensions of the final matrix T used by the algorithm
correspond to those of the state vector depending on the version of VarPy. As we only want to smooth the extinction profile,
the values of T corresponding to the lidar ratio S and the number concentration parameter N are set to 0.

The Jacobian is a product of the forward models (box 5 of Fig. 1) and its composition depends on the structure of the state

vector. For VarPy-ice, this matrix is given by Eq. (9) with a dimension of (p+¢) X (m+2+n):

9Bo 9Bo 9o B0 9o 9Bo
8]\76 o (9N7/n Galn(s) 8bln(s) 8040 o 80411
a5, 96, 9By 9By 9B, a5,
8N6 o GN{,L 8a1n(s) abln(s) 8040 o aOén
J= 9)
2 02y  0Zy  0Zy  9Zy 072y
8N6 o 8N,’,L 8a1n(s) abln(s) 80&0 o 8an
07, 0z, 07, 0Z, 97, 07,
6]\7(’] o 8N,’n 8a1n(5) 8bln(s) 6a0 o 8047,/

For better readability, the indices g of Z and 3 are not displayed and the natural logarithm of Z, 3, Ny and « are not written.
2.1.2 State vector parameterization

During the iterative process, the state vector variables are used by the forward models (radar and lidar) to compute the radar
reflectivity Zp,q and the lidar backscatter [g,q. The lidar forward model differs from the radar forward model because an

additional step is required to obtain Sgyg With the equivalent area radius 7, and the multiscatter code from Hogan (2006) (box 5
@
Ny
LUT (box 4 of Fig. 1), which is also used to retrieve the cloud microphysical properties (box 9 of Fig. 1) as the effective

of Fig. 1). To obtain Zgyq and r,, the ratio derived from the state vector is linked to these variables via an one-dimensional
radius 7. and the ice water content IWC. The ice clouds properties can be retrieved with two types of LUT. The “Heymsfield
Composite” (HC) LUT uses the Transition Matrix Method (T-matrix) and the mass-size relationship from Heymsfield et al.
(2010). The “Brown and Francis modified” (BF) LUT is based on a combination of Brown and Francis (1995) and Mitchell
(1996) mass-size relationships. These LUT are used for DARDAR-CLOUD v3.00 and v3.10 products (Delano¢, 2023a, b)
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Table 1. A priori and first guess values for each variable of the state vector.

Variables Values
a1n(s) 3.18
bin(s) —0.0086

Agr 22.234435
Bgr —0.090736
YBE 0.61
Anc 21.94
Buc —0.095
YrC 0.67
In(cice) -7
In(Ng 1iq) 30
In(ouiq) -5

and more details about them can be found in Delanoé et al. (2014) and Cazenave (2019). For both VarPy-ice and -mix, both
LUT can used to retrieve the ice properties and one must be selected beforehand. Regarding the retrieval of liquid part of the
mixed-phase and supercooled water clouds, a LUT has been created and more details can be found in Sect. 2.2.2.

The LUT setting also involves defining the a priori and first guess values of the state vector. The first guess values are used to
initialize the state vector for the forward models before the first iteration, corresponding to Xq. The a priori values are important
for regions where only one instrument is available and this constrains the scheme towards temperature dependent empirical
relationships. We have postulated in the Sect. 2.1.1 that the lidar ratio is given by a temperature-dependent relationship (Eq.
(4)) and a priori and first guess values are listed in Table 1. For the number concentration parameter In(N’), the a priori and

first guess values are also given as a function of the temperature 7':
In(N') = (A+B-T) (10)

Table 1 lists the values of A and B used for each mass-size relationship (BF and HC). The coefficient ~ linking IVj to o and
N’ differs according to the mass-size relationship and the values are also given in Table 1. The a priori and first guess values

for the extinction are constant values.
2.1.3 Definition of VarPy versions

Before going into details of the adaptations made in VarPy-mix to retrieve supercooled water and mixed-phase clouds, we
describe in this section the main assumptions on the instruments used for VarPy-ice and -mix.

VarPy-ice retrieves ice properties from radar and lidar measurements, including ice from mixed-phase layers. Since the lidar
signal is more sensitive to liquid droplets than ice particles, it cannot be used in VarPy-ice to retrieve ice properties of mixed-

phase. Therefore, every lidar gate below the mixed-phase layer cannot be used due to the attenuation of the liquid droplets in
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the lidar signal. Consequently, the mixed-phase and the ice cloud below are not retrieved via radar-lidar synergy but only with
the radar signal and the state vector a priori values.

The main hypothesis for the VarPy-mix version is to consider the ice and liquid parts of the mixed-phase separately and
retrieve the liquid part with the lidar signal and the ice part with the radar signal. This hypothesis is based on the sensitivity of
the instruments, explained in the introduction (Sect. 1). The aim of this version of the algorithm is to be able to retrieve several
cloud phases using the same variational method, but with a structure and parameterization that are adapted to supercooled water
and the mixed-phase. A large part of VarPy-ice has been preserved to maintain the strengths of the method and the consistency

of the results.
2.2 New configuration of the state vector to retrieve ice and supercooled water simultaneously

For the new version of the algorithm, the state vector needs to be adapted to also retrieve supercooled water properties. The
special case of the mixed-phase has to be taken into account. The supercooled water and the ice particles properties are
retrieved separately for mixed-phase. The state vector is consequently divided in two parts: one part of the variables retrieves
ice properties and the other part retrieves liquid properties. The ice particles of the mixed-phase are included in the ice part and
the supercooled droplets are in the liquid part. The composition of the state vector differs from the previous version and will
be described in the following paragraphs.

As the liquid droplet concentration does not depend on the air temperature like for ice particles, the temperature-dependent
concentration parameter N’ is not required to retrieve liquid cloud properties. For this, we decided to use N in the state vector,
instead of N'. It can be noted that VarPy-ice algorithm has also the possibility to retrieve ice properties using the normalized
number concentration parameter ;. This enables the VarPy-mix ice retrieval to be compared with VarPy-ice retrieval to avoid

any inconsistencies. We include this variable for each state vector part, so there is N ;. for the ice part and N, for the

liq
liquid part. Choosing N allows to keep the a priori and first guess values for the ice with the following temperature dependent

relationship:

1n(N(>]k,ice) = (A+B'T)+7'lnaice (]])

This relation is based on the Eq. (10) to calculate N’ a priori and first guess values. To keep the old scheme benefits, the

cubic-spline basis function interpolates the Ng ;.. values with a spacing factor 7y set to 4. It is unusable for the liquid group

ice
since supercooled layer are thin and corresponds to too few gates.
and NV}

The extinction « is still part of the state vector. Like for N the extinction is divided into two variable: q;c for

ice lig®
the ice properties and «y;q for the liquid ones. Both are defined for each gate of a profile. Regarding the lidar ratio S, we keep
the same configuration in the state vector with the two coefficients ay,(g) and by, (s). Table 2 lists the value of the lidar ratio at
different wavelength and according to particle size or type. As a result, we make the assumption that the lidar ratio is constant
for liquid droplets (Pinnick et al., 1983). Consequently, the lidar ratio is defined only for ice gates in the state vector and its

value is fixed at 18.6 sr for supercooled water (pure or in mixed-phase) at 532 nm.



Table 2. Lidar ratio S for liquid droplet depending on cloud type, particle size and lidar wavelength.

Source Particle or cloud type Wavelength A\ [nm] S [sr]
o . 1064 18.2
Pinnick et al. (1983) Spherical water droplets
632 17.7
905 18.8 £ 0.8
Median equivolumetric diameter
O’Connor et al. (2004) 532 18.6 = 1.0
between 8 and 20 um
355 18.9+0.4

Mie theory and distributions with median
Hogan et al. (2003) 905

18.75
volume diameters between 5 and 50 um

For n; the number of ice gates, n; the number of liquid gates and m; defined in the same way as m depending on the spacing

parameter 7y, we end up with the new state vector given by Eq. (12):

ln(N()k,ice,O)

ln( g,ice,m,;)
Aln(S)
bln(S)

ln(aice,O)

Xmix = ln(aice7ni ) (12)

In( g,liq,O)

ln( g,liq,m)

In(aviq,0)

In(cign,)

For VarPy-ice, a single “Twomey-Tikhonov”” matrix of dimension (m-+k-+n) x (m~+k-+n) is applied for the entire extinction

215 profile. However, the extinction values of liquid droplets is different from ice particles, and it is therefore unsuitable to use a
single “Twomey-Tikhonov” matrix on a profile with simultaneously ice and supercooled water. As we want to smooth the
extinction profile for both ice and liquid parts, we decided to smooth them out separately and not to use a single “Twomey-

Tikhonov” matrix to smooth an entire profile. Consequently, for VarPy-mix, a method has been developed to separate different
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sections of a profile according to the smoothing to be applied. The separation is made between ice, liquid and where there is
clear sky. Then, one “Twomey-Tikhonov” matrix is applied to each section. The dimension of the final matrix is (m; +k+mn; +
2 xmng) X (m; +k+n; +2 xn;). The smoothness coefficient « is set to 100 for VarPy-ice and this parameterization is kept for
the ice part of VarPy-mix. Whereas, the coefficient applied to the liquid water is different and set to 10, since the thickness of

the detected liquid layer is smaller than ice layer.
2.2.1 A priori error covariance matrix

Generally, radar and lidar signals do not both cover simultaneously the entire vertical cloud profile. In many cases of ice clouds,
lidar in downward direction first detects the top of the cloud, while radar only detects deeper cloud regions down to the ground.
The lidar signal will not detect the lower layers of the cloud if it gets attenuated or extinguished. To ensure that the results tend
towards physical values in regions where a single instrument is available, state vector a priori parameterization and errors are
used. The a priori errors are defined by the a priori error covariance matrix B and express how strong is the constrain of the a
priori. This matrix is composed of the error variances of the state vector a priori . In the simplest case where no information
propagates between gates, this matrix is diagonal.

To overcome the limitation of single instrument retrieval, the matrix B can be used to spread information in height. Ad-
ditional off-diagonal elements can be added to propagate information from synergistic regions to single instrument ones. In

VarPy-ice (Hogan, 2007; Delanoé& and Hogan, 2008), the off-diagonal terms of B corresponding to N/ are given by:

Bi,j = Bi,i X e 20 (13)

where zg is the decorrelation distance, a parameter set to 600 m for VarPy (initially set to 1 km for VarCloud). This value is
set for CloudSat-CALIPSO and can be adapated to the resolution of the data used.
In VarPy-mix version, the structure of B has been adapted to the composition of the new state vector. In order to keep

the same configuration as VarPy-ice, the off-diagonal terms are calculated for Ng ;. only. As a result, B remains diagonal

ice
regarding the other variables. The a priori error variances values for both VarPy-ice and -mix are listed in Table 3 and are
assumed to be constant with height.

Besides, the dimensions of the matrices U and M, used for the calculation of the error covariance matrix of the state vector
Sx (refer to Appendix A of Delanog& and Hogan 2008 for more information), have been adapted to the number of variables in

Xmmix and their dimension.
2.2.2 Normalized Droplet Size Distribution for liquid Look Up Table

For VarPy-ice and VarPy-mix, ice properties are retrieved using dedicated LUTs. These are created using the particle size
distribution of ice particles (Delanog et al., 2014). However, the particle size distribution differs between ice particles and

liquid droplets, meaning that LUTs dedicated to the retrieval of ice properties cannot be used to retrieve liquid properties.

11
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Table 3. A priori error variances used in VarPy for the a priori error covariance matrix B

Variables Values

Oln(N') 1
TIn(N§ o) 1
Oapn(s) 0.1
Obys, 00001
Tin(aice) 5
Tin(NG 1) 1
Oln(ay) 5

The solution is to define a Droplet Size Distribution (DSD) for liquid droplets to create a LUT dedicated to liquid properties
retrieval. Regarding literature, there are two types of distribution: the gamma distribution (Miles et al., 2000) and the log-
normal distribution (Frisch et al., 1995; Fielding et al., 2015). For this study we use the following log-normal relationship
defined by Frisch et al. (1995):

(In(r) —In(rg))?
202 (14)

N _
n(r)= g o
where n(r) is the number concentration at a given cloud droplet radius 7 [um], Nq is the total number of liquid droplets
per unit volume [m~3], r( is the modal radius [um], and o is the geometric standard deviation. The k™ moment <rk> of this

distribution can be expressed as following:

(rky = ]\}l.q/n(r)rk dr (15)
0

It permits to relate the following variables to D,,, [m] (proportional to the ratio between the fourth moment and the the third

moment):

the reflectivity Z [mm®.m—3], which is proportional to the sixth moment of the DSD

the extinction o [m~1], which is proportional to the second moment

the liquid water content LWC [kg.m 2], which is proportional to the third moment

the effective radius 7. [m], which is proportional to the ratio between the third moment and the the second moment

the equivalent area radius r, [m], which is equivalent to r. for droplets

the total number of liquid droplets per unit volume Njjq [m—3]

12
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Those quantities are then normalized by N [m~*] which can also be expressed as a function of D,, using the moments

of the distribution (proportional to the ratio between the third moment to the fifth power and the fourth moment to the fourth

Z LWC Ny
power). The LUT ends up to be composed of N—S,N&g, Ny Nila?’
In(au:
liquid one is used in two steps of the algorithm with the ratio 112532"*)) from the state vector values. This ratio is used to
D{LVg i

retrieve the corresponding value in LUT, by interpolation. First, at each iteration, to predict In Zgyq, In Bewa (via Inr, and the

rq and r. as a function of D,,,. As with ice LUT, the

fast multiple-scattering model of Hogan 2006) and the Jacobian terms with the forward models. Then with the final state vector,
the ratio m permits to obtain LWC, 7. jiq and Nj;q (box 9 of Fig. 1).

As explained in Sect. 2.1.1, two LUTs are available to retrieve ice properties. They are both implemented in VarPy-mix to
retrieve the ice part of the mixed-phase. Besides, they are defined in terms of the mean volume-weighted melted-equivalent di-
ameter, which makes them very similar from the liquid LUT for small radius. This ensures scientific consistency and algorithm

flexibility.
2.2.3 Jacobians

The Jacobian depends on the state vector composition and is different between VarPy-ice and VarPy-mix. The structure of the

Jacobian J for VarPy-mix is shown by Eq. (16).

9Bo 9Bo 9Bo 9Bo 9Bo 9Bo 9Bo 9Bo 9Bo 9Bo
8Né“’i’0 8N6:i,mi 8a1n(s) abln(s) 8&1‘70 a(){i,ni 8N6‘7l,0 8N6*,l,nl 80&[70 a&l’nl
OBy 9B By By OBy OB OB B B OB
J= aNg,iVO BNg%mi 8a1n(s) 8b1n(s) Bai,o aai,ni GNS’Z’O 8Ng,l,nl 8041,0 aal,nl (16)
- 070 07y 07y 07y 07y 07y 070 07y 07y 07y
8Ng,i10 BN(’)“’i’mi 8a1n(s) 6b1n(s) 8062'70 6041-,% 8N57170 8N€;,l,nl 80{[70 6041,7”
02, 97 074 07, 02, 97 02, 94 02, 97
BNO*»ivO 6N5’i,mi dai(sy  Obim(s) O 9t n; 8N(’)K,Z,O 6N5,l,nz dai 0 o,

For better readability, the indices fwq of Z and 3 are not displayed, the ;. and jiq indices of N and « are replaced respectively
by ; and ; indices and the natural logarithm of Z, 3, N§ and a are omitted. As for the state vector, we can divide the Jacobian
in two parts: the derivatives of In Z and In 8 with respect to In N(iice, a1n(s)s bin(s) and In ajce for the ice part (blue background

color on Eq. (16)) and the derivatives of InZ and In 8 with respect to In Ny, and In ay;q for the liquid part (red background

liq
color). For the mixed-phase both liquid and ice parts are used. However, each part is retrieved with only one instrument.

Indeed, the radar is not used to retrieve the supercooled water neither in pure liquid clouds nor in mixed-phase clouds, therefore

In(Z, In(Z,
i n(* J) and Oln(Z;) are zero for any j and k. The lidar is used to retrieve ice clouds properties but not the ice part of
aln(NO,liq,k) O0ln(aiiq k)

On(B;) . On(B))
OIn(N e 1) OIn(ace,r)

the mixed-phase. Then,

are zero for any j and k corresponding to mixed-phase gates.
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2.3 Cloud phase classification

Ice particles and liquid droplets are processed differently, meaning that the hydrometeors identification is an important input
of the algorithm and more significantly regarding the mixed-phase. The retrieval of clouds properties requires to distinguish
the different hydrometeors detected by the instruments - here the radar and the lidar. Therefore, according to the sensitivity
of each instrument, a hydrometeor classification is established for each instrument. Lidar classification distinguishes aerosols
and cloud phases, while radar classification identifies precipitations and clouds. Consequently, combining the lidar and radar
classifications results in a more detailed cloud phase classification. These three classifications are additional inputs to the
algorithm (box 3 of Fig. 1).

DARDAR-MASK v2.23 (Delanog and Hogan, 2010) is a target categorisation made by the combination of the 2B-GEOPROF
CloudSat radar mask, the CALIPSO vertical lidar feature mask CAL-LID-L2-VFM and CALIPSO L1 measurements with a
multi-threshold decision tree (Ceccaldi et al., 2013; Cazenave et al., 2019). VarPy algorithms use it in order to select the gates to
process and how to process them. Table 4 shows the eighteen classes of the DARDAR-MASK v2.23 classification. The classes
are not all processed. Currently, the algorithm process the “ice cloud”, the “spherical or 2D ice”, the “supercooled water”, the
“supercooled water and ice”, the “highly concentrated crystals”, the “top of the convective tower” and the “multiple scattering
due to supercooled water” classes. They are highlighted in bold in the Table 4. For VarPy-ice, these classes form a single group
to be processed. On the other hand, two groups of classes have been defined for VarPy-mix. Table 5 presents the composition

ELINT3 LLINT3

of these groups. The group called “ice” is composed of the following classes: “ice clouds”, “spherical or 2D ice”, “supercooled
water and ice”, “highly concentrated crystals” and “top of convective towers”. The “supercooled water”, “supercooled water
and ice” and “multiple scattering” classes define the “liquid” group. This distinction is necessary to process the different phases
of the clouds separately. Nevertheless the “supercooled water and ice” class, called hereafter “mixed-phase”, has the particular-
ity to be processed in both the ice and liquid groups. In the current versions of VarPy, an intermediate classification is created
with these groups, called the processed cloud phase classification. For the case used for this paper, the processed cloud phase
classification is presented in Sect. 3 in Fig. 2 (c).

Supercooled water layers are detected and identified using the lidar signal. In order to distinguish between classes “super-
cooled water” an “supercooled water and ice”, the radar signal is used. On the one hand, if the radar detects ice, the cloud phase
classification identifies the area as “supercooled water and ice”. On the other hand, where the radar does not detect particles
(no radar signal) and the lidar backscatter is strong, it is categorized as “supercooled water” and the following gates are usually
“multiple scattering due to supercooled water”. For these gates, retrievals are based only on lidar measurements and a priori
values.

To minimize misclassification, some adaptations of the cloud phase classification have been implemented. The first step
is to avoid isolated gates that bias the retrieval. A method has been created to erode isolated supercooled water and mixed-
phase gates. For supercooled water and multiple scattering phases, these gates are replaced by clear sky in the cloud phase
classification and the same correction is made for the lidar classification. On the other hand for the mixed-phase, only the

cloud phase classification is modified and the gates are replaced by ice gates. Afterwards, the next step is to correct some
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Table 4. DARDAR-MASK v2.23 Classes. The phases currently processed in VarPy-mix are those indicated in bold.

Number Class
-2 Presence of liquid unknown
-1 Surface and subsurface
0 Clear sky
1 Ice clouds
2 Spherical or 2D ice
3 Supercooled water
4 Supercooled water and ice
5 Cold rain
6 Aerosol
7 Warm rain
8 Stratospheric clouds
9 Highly concentrated ice particles
10 Top of convective towers
11 Liquid clouds
12 Warm rain and liquid clouds
13 Cold rain and liquid clouds
14 Rain maybe mixed with liquid
15 Multiple scattering due to supercooled water

Table 5. Cloud phases processed by VarPy-ice and VarPy-mix. Single group for VarPy-ice and two groups (ice and liquid) for VarPy-mix.

Number Class VarPy-ice VarPy-mix
Group “ice”  Group “liquid”
1 Ice clouds v v
2 Spherical or 2D ice v v
3 Supercooled water v
4 Supercooled water and ice v v v
9 Highly concentrated ice particles v v
10 Top of convective towers v v
15 Multiple scattering due %

to supercooled water

misclassification of the mixed-phase. A strong lidar backscatter signal (8532 > 2.107°> m~!.sr~!; Delanoé and Hogan, 2010)

can be a detection of warm water, top of convective tower, highly concentrated ice particles or supercooled water. For CALIOP,
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DARDAR-MASK uses a decision tree to classify mixed-phase and differentiates it from highly concentrated ice particles, for
a temperature range from —40 °C to 0 °C (Ceccaldi et al., 2013). In some cases, highly concentrated ice particles areas are
incorrectly classified as mixed-phase and need to be corrected for VarPy. These gates are then replaced by highly concentrated

ice particles in the cloud phase classification.
2.4 Summary of the methodology

In this subsection, we summarize the key aspects of our method:

1. The radar reflectivity and the lidar backscatter measurements are used as inputs to the algorithm. In addition, they provide
a cloud phase classification. This information is essential, as supercooled droplets and ice particles are not processed in
the same way in our approach. We improve, correct and extend the classification to supercooled water (pure or in mixed-

phase).

2. The state vector is composed of variables linked to both the measurements and the microphysical properties to be re-
trieved. We propose a state vector structure that allows us to simultaneously retrieves both ice particle and supercooled

water droplet properties, either pure or in mixed-phase.
3. We assume that the lidar ratio of liquid water is constant with a value of 18.6 sr.

4. Based on the radar and lidar sensitivity, the ice part of the mixed-phase are retrieved with the radar signal and the liquid
part with the lidar signal. Consequently, this influences the Jacobian structure, which is calculated by the radar and lidar

forwards models.

5. The parameterization (errors, a priori, first guess, LUT, smoothing parameters, etc.) to retrieve ice microphysical prop-
erties comes from the VarPy-ice version. For supercooled water properties, a new parametrization is applied and a new

LUT is created based on a log-normal distribution.

3 Example of retrieval and comparison with collocated in sifu measurements

During the Arctic Study of Tropospheric Aerosol, Cloud and Radiation (ASTAR, Gayet et al., 2009; Ehrlich et al., 2009)
campaign, four legs coming from the same flight were performed on the 7% of April 2007 over the ocean near Svalbard
archipelago. The case presented in this study is one of the rare CloudSat-CALIPSO transect with collocated airborne in situ
measurements of mixed-phase clouds. The in situ data from three probes is compared in this study to VarPy-mix retrievals.
This comparison is possible because cloud detection as well as phase identification between DARDAR-MASK and in situ
observations are in overall good agreement. Indeed, Mioche and Jourdan (2018) shows that 91 % of clear sky events and 86
% of the cloudy gates of DARDAR-MASK match with the Polar Nephelometer in sifu probe from samples collected during
the ASTAR 2007 and POLARCAT 2008 (see the Special Issue on POLARCAT in Atmos. Chem. Phys.) campaigns. The Polar
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Figure 2. Selected profiles of CALIPSO attenuated backscatter (a), CloudSat reflectivity (b), processed cloud phase classification (c) and

instrument synergy (d). The trajectory and direction of Polar-2 are shown by respectively magenta line and arrow.

Nephelometer can also be used to estimate the cloud phase observed (ice, liquid water and mixed-phase) thanks to thresholds
on the asymmetry parameter g (Jourdan et al., 2010). Using the Polar Nephelometer as a reference, Mioche and Jourdan (2018)
shows that 61 % of DARDAR-MASK classification corresponding to ice phase match with Polar Nephelometer data, 67 %
for liquid phase while 24 % for mixed-phase. This identification difference may be due to the temporal and spatial difference

between satellite and in sifu observations, or to the detection limit of supercooled water by lidar due to attenuation.
3.1 Remote sensing and in situ measurements

For this comparison, the radar and lidar measurements and the classifications come from the DARDAR-MASK v2.23 product
(Cazenave et al., 2019). The selected latitude range is shown in Fig. 2 panels, which present the profiles of the lidar backscatter
measurements (a), the radar reflectivity (b), the processed cloud phase classification (c) and the instrument flag to know which
instrument is used for the retrieval (d). The strong lidar backscatter signal at the top of the cloud means that there is a large
amount of small particles like supercooled water droplets. As the radar also detects particles in this part of the cloud this
means that there are also ice particles. The processed cloud phase classification then shows the presence of an ice cloud with
mixed-phase layer at the top. As presented in Fig. 2 (d), the mixed-phase is retrieved with both radar and lidar and the ice cloud
below is mainly retrieved with radar only, as the lidar is strongly attenuated and extinguished due to the supercooled water
of the mixed-phase. As a result, note that the base of the supercooled liquid layer within the mixed-phased cloud cannot be
determined unequivocally.

The three in situ instruments onboard the Polar-2 aircraft were the Cloud Particle Imager (CPI; Lawson et al., 1998), the
Forward Scattering Spectrometer Probe (FSSP-100; Dye and Baumgardner, 1984; Gayet et al., 2007) and the Polar Neph-
elometer (PN; Gayet et al., 1997). As the aircraft was not flying exactly along the satellites trajectory, nor at the same time, the

collocation is quite challenging. Among the four legs, the third one is temporarily the closest to the satellites overpass with less
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Figure 3. CPI, FSSP and PN range sensitivities.

than ten minutes delay (shown on the top x axis of Fig. 2). We focus this study on this leg to compare VarPy-mix retrievals to
the in situ measurements. The altitude of the aircraft is shown by the magenta line in Fig. 2, where each point corresponds to a
30 second averaged probe measurements and the magenta arrow indicates the direction of the flight. As the aircraft flew above
the cloud before going inside the cloud and passing through the mixed-phase layer twice, we have then a vertical description
of the cloud and the comparison with VarPy-mix retrieval is more complete.

The size range sensitivity of each probe is presented in Fig. 3. We assume here that the CPI provides information on ice
particles, while the FSSP provides information on liquid water. We cannot exclude that the FSSP also detects secondary ice
particles (Costa et al., 2017) or could be more likely contaminated by ice crystal shattered on the instrument tips. However,
Costa et al. (2017) showed that secondary ice particles are not frequent in Arctic mixed-phase clouds. The temperature range at
which cloud were probe (between —21 °C and —14 °C) does not point towards possible secondary ice production mechanisms
(above —10 °C). Additionally, Febvre et al. (2012) showed that when ice crystals are measured by the FSSP, the asymmetry
parameter measured by the PN decreases compared to what would be expected for water droplets only. In our case study, the
asymmetry parameter g is mostly greater than 0.84 in the upper cloud layer which is indicative of a layer composed quasi-
exclusively of water droplets. Consequently, we are quite confident that the presence of small ice crystals does not significantly
impact the results.

For this study, we derive the ice cloud extinction acpy, the ice water content IWCcpy, the ice effective radius 7. cpr and the
ice number concentration Ncp; from the CPI. The mass-size relationship to calculate the ice particle properties is given by
Equation 17 (model B for 0.2 kg.m~2 in Leinonen and Szyrmer, 2015). It corresponds to moderate riming and gives the best

agreement over the whole flight.
m = 0.033 x D9 (17)

The liquid cloud extinction agssp, liquid water content LWCpssp, the liquid effective radius 7. gssp and the liquid number
concentration Nggsp are provided by the FSSP. By summing extinctions, water contents and concentrations from both instru-
ments, the total extinction acprrgssp, the total water content TWCcprpssp and the total number concentration Nepripssp can be
obtained. In addition, the PN provides the total extinction apy. These in situ measurements are shown in the next subsection in
Fig. 4,5, 6 and 7, and are detailed in the comparison in Sect. 3.3. The uncertainties of all measurements are presented in Table

6 (Mioche et al., 2017).
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Table 6. Uncertainties of cloud properties derived from CPI, FFSP and PN probes from Mioche et al. (2017).

Properties CPI FSSP PN
Extinction o 5% 35% 25%
Water Content IWC or LWC) 60% 20 % -
Number concentration N 50% 10 % -
Asymmetry parameter g - - 4%

3.2 VarPy-mix retrievals

The cloud phase classification has been adapted by eroding isolated supercooled gates. In this study, we chose to retrieve ice
properties with the HC LUT. This implies that Ag¢c, Brc and v values are used for the a priori and first guess values
of In(Ng ;e

o. Fielding et al. (2014, 2015) set this value to ¢ = 0.3 £ 0.1 and Frisch et al. (1995) at 0 = 0.35. We chose here to set the

). For the liquid LUT, the only parameter of the size distribution that can vary is the geometric standard deviation

geometric standard deviation to o = 0.3.

First, the liquid and ice extinctions retrieved by VarPy-mix are shown by curtain in Fig. 4 (a) and (b), and are used to access
more liquid and ice properties via LUTs. Figures 5 (a) and (b) show the LWC and IWC, Fig. 6 (a) and (b) show 7. jiq and 7 jcc
and Fig. 7 (a) and (b) show Nj;q and N;... For each microphysical properties, the ice and liquid parts are retrieved, according
to the classification. For the ice cloud between 0.5 and 1 km, only the ice properties are available. Ice and liquid properties are
both retrieved for the mixed-phase gates.

Table 7 presents the mean values in all selected pixels of all retrieved properties. These values allow us to observe trends
for each variable. The extinction of liquid droplets is stronger than ice particles by a factor of 7. The same trends is observed
between LWC and IWC with average values 30 % larger for LWC. The ice particles are larger than liquid droplets by a factor
of 5 for the mean values. The liquid number concentration is much higher than ice number concentration by a factor 103. All
retrieved variables can be compared with in situ measurements. For extinction, water content and concentration, it is possible
to sum the ice and liquid variables to obtain the total extinction oy (curtain in Fig. 4 (c)), the total water content TWC (curtain

in Fig. 5 (¢)) and the total number concentration Ny (curtain in Fig. 7 (c)).
3.3 Comparison

The retrieved total extinction of the mixed-phase layer is higher than the ice layer due to the presence of supercooled droplets.
The extinctions from the CPI and FSSP have been summed in order to compare it to the total extinction of VarPy-mix and
the one from the PN. These results are presented in Fig. 4 (c) by the dots and share the same colorscale as VarPy-mix curtain.
Above the cloud, where it is clear sky for VarPy-mix (coming from radar and lidar measurements and classifications), the PN

detects no particle and CPI+FSSP total extinction is very low (10~ m~! for the FSSP). Inside the cloud, we can observe the
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Figure 4. The panels (a) to (c) represent the liquid (a), ice (b) and total (c) extinctions from VarPy-mix retrievals (curtain) and in situ probes
(dots) regarding the latitude and the height. The panels (d) to (f) represent the liquid (d), ice (e) and total (f) extinctions from VarPy-mix
retrievals and in sifu probes regarding the latitude. The error bars of in situ measurements (uncertainties from Table 6) are displayed in panels

(d) to (f). The yellow and purple shading represents the latitude range where mixed-phase retrievals are compared with in situ.

same trend between VarPy-mix retrieval and probe results, which is mainly different between ice only area and the mixed-phase
layer.

In order to provide a more detailed comparison, we keep only the gates from VarPy-mix that are closest to the in situ
measurements. Figure 4 (f) displays by dots and lines the total extinction from the probes and from VarPy-mix. The points
corresponding to the mixed-phase layer are highlighted on all figures by yellow and purple vertical shading and the others
correspond to the ice cloud. Between 77.52 and 77.64° N in Fig. 4 (f), there is no data for VarPy-mix because these points
corresponds to ground clutter (ocean) area for the radar. The extinction for mixed-phase is higher than for the ice cloud, and
this trend is observed for all results. In general, VarPy-mix total extinction is lower than total extinction from probes, especially
in regions where cloud phase classification is defined as ice. In these regions the FSSP detects liquid droplets while CALIOP
signal cannot be used because of the attenuation (extinguished). This can explain why cy,py is lower than acprirssp.

In mixed-phase layer, IWC and LWC are both retrieved by VarPy-mix and can be compared to in situ data, respectively from
the CPI and the FSSP. The TWC is also used in this comparison. The results are shown in all panels of Fig. 5. In both regions
of mixed-phase measurements, the LWC retrieved by VarPy-mix is between 2 x 1072 and 2 x 10~ g.m~? and agree well with

the FSSP. Regarding the IWC, both CPI and VarPy-mix retrieve similar trends in these regions. In the region below, due to the
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Figure 6. As Fig. 4 for 7¢ 1iq and 7¢ ice.

extinction of the lidar signal, only ice properties are retrieved by VarPy but the FSSP detects also liquid in this region which

impacts the comparison of the TWC. For that reason, we only compare in this region the IWC retrieved by VarPy-mix to the
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Table 7. Mean values of retrieved properties.
Properties Mean
ice 1.03x 10 m™*
Qg 728 x 1073 m™!
- -1
Qo 4.91x 107 m

IWC 5.32x 1072 g.m™®
LWC 6.89 x 1072 g.m™3
TWC 8.99x 1072 g.m™3

Te,ice 75.2 um
Te,lig 13.5 ym
Nice 2.01 x 107 % cm™?
Nigq 3.73x 10" cm ™
Nt 1.99 x 10" em ™3

440 IWC from CPI, which are close to each other (40 % mean percent error). The region between 77.52 and 77.64° N cannot be

compared, for the same reason as for the extinction.

22



445

450

455

Table 8. Mean absolute error and mean percent error regarding in situ for each property.

Mean values

Properties for VarPy-mix Mean values Mean absolute Mean percent
selected gates for in situ error error
Qlice 81x107*m™! 6.8x107*m™! 7.2x107*m™! 398 %
Qg 6.7x1073>m™! 3.3x1073m™! 43%x1073m™! 39 %
4ot (CPI+FSSP)  4.2x 103 m™! 41%x103m™? 3.4x103m™! 50 %
aior (PN) 42x1073m™! 6.2x103m™?! 42x1073m™! 56 %
wWC 29x1072gm™> 34x1072gm™ 50x102gm™3 75 %
LWC 26x1072gm™3 52x107%2gm™2 14x102gm~3 49 %
TWC 3.0x1072gm™® 6.0x102gm™® 47x102gm™? 39 %
Te,ice 69.7 ym 177.5 ym 128.2 ym 54 %
Te,lig 12.2 ym 5.56 um 6.40 ym 122 %
Nice 340x1072cm™®  2.02x1072cm™® 3.24x107%cm™® 280 %
Niig 1.73x 10 em™  259x10'em™  6.10 x 10'cm™? 7%
Neot 8.69 cm™? 3.59 x 10* cm™3 4.51 x 10*cm™3 89 %

The same comparison between VarPy-mix retrievals and in situ measurements can be done for effective radii and concen-
trations, and is illustrated in all panels of Fig. 6 and 7 respectively. We can see on panel (a) and (c) of Fig. 6 that the liquid
effective radius retrieved by VarPy-mix is higher than that from the FSSP. On the other hand, the ice effective radius from
VarPy-mix is very close to the CPI effective radius in the mixed-phase layer indicated by the yellow shading (panels (b) and
(e)). However, the values retrieved by VarPy-mix is much lower for the mixed-phase region indicated by the purple shading.
In this region, the CPI gives ice effective radius between 200 and 600 um while VarPy-mix retrieves values around 70 um.
This difference may be due to the different mass-size relationships applied. Regarding the concentrations (Fig. 7), VarPy-mix
retrieved less concentrated liquid particles than the FSSP and follow the same trend. For ice number concentration, the values
are lower for VarPy-mix in the mixed-phase layer indicated by the yellow shading and higher in the one indicated by purple
shading. On panel (f) of Fig. 7, the same trend as for the total extinction is obtain with higher values in the mixed-phase layer
and very low values below it. The explanations are the same as for extinction.

For all variables, the mean absolute error (the mean of the absolute difference between each value of VarPy-mix and in situ)
and the mean percent error regarding in situ (the mean of the absolute difference between each value of VarPy-mix and in
situ divided by in situ value and expressed as a percentage) are calculated and are presented in Table 8. The liquid extinction
retrieved by VarPy-mix differs from in situ by 39 %, which is similar to in sifu uncertainties (35 %), and is the closest to the
in situ measurements. On the contrary, the mean percent error of ice extinction is 398 %. This can be explained by the large
difference around 77.75° N, shown by the purple shading. The uncertainties of in situ probes (Table 6) also need to be taken

into account.
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The comparison between VarPy-mix retrieval and the in situ measurements is limited for many reasons. First the collocation
in space is not perfect which can lead to biases and restrain this study to one case. The Polar 2 aircraft flew almost exactly under
CloudSat and CALIPSO trajectory during the third leg by crossing it around 77.6° N. If we do not consider the measurement
points above the clouds, the maximum spatial shifts are 1.68 km around 77.44° N and 1.34 km around 77.78° N. The temporal
shift is also the best for the third leg with less than ten minutes between the two platforms. Nevertheless, the sampling volumes
of the probes are much smaller than those of the remote sensing instruments. Moreover, the vertical (60 m) and horizontal (1.4
km) resolutions of VarPy-mix products are larger than the probe sampling volume.

Another source of bias comes from the partial synergy of the VarPy-mix version in the mixed-phase. Indeed, the retrieval
relies more strongly on the a priori values than when both instruments are used to retrieve ice clouds properties (Delanoé et al.,
2013). In addition, the ice cloud is mainly retrieved with radar only and therefore with a priori values, which are temperature

dependent. Furthermore, the main advantage of VarPy is the ability to retrieve full cloud profiles.

4 Summary and discussion

In this paper, we propose a method to retrieve microphysical properties of ice, supercooled and mixed-phase clouds simulta-
neously, called VarPy-mix. This variational method can use radar reflectivity at 35 or 95 GHz and lidar backscatter at 532 nm
from spaceborne or satellite platform to get vertical profiles of extinctions, ice and liquid water contents, effective radii and
number concentrations. Radar and lidar have different sensitivities to hydrometeors, due to their wavelength and therefore this
difference is used to retrieve the mixed-phase. On the one hand, the lidar is very sensitive to small and highly concentrated
particles such as liquid droplets. On the other hand, the radar is sensitive to the particle size meaning that the signal is stronger
for ice particles than for liquid droplets. Consequently, the ice clouds are retrieved with both instruments while the mixed-phase
retrieval is divided in two parts: the ice particles are retrieved with the radar signal and the supercooled water with the lidar
signal. Therefore, the retrieval relies strongly on a priori and errors values.

VarPy-mix is based on the algorithm VarCloud (Delanoé and Hogan, 2008) that retrieves ice cloud properties with radar,
lidar and radiometric data. The variational method is the same, but the structure of the algorithm has been adapted to deal with
supercooled water and mixed-phase clouds. The main modification comes from the state vector composition, which is divided
into two parts, allowing ice and liquid to be processed separately as required. All matrices related to the state vector have been
adapted to it. Moreover, a new look up table dedicated to liquid properties has been created. Based on a log-normal droplet size
distribution, it is used to retrieve supercooled water clouds and the liquid part of the mixed-phase. For the ice clouds and the
ice part of mixed-phase clouds, two look up tables are implemented: one is using the T-matrix and the mass-size relationship
from Heymsfield et al. (2010) and the second one is a combination of Brown and Francis (1995) and Mitchell (1996) mass-size
relationships. It is important to know the phase of the cloud in order to process each gate appropriately. For this, an intermediate
classification has been implemented. It distinguishes between ice clouds, supercooled water and the mixed-phase. Adaptations

have been made on this classification to improve the retrieval (reduce biases) and be consistent with the measurements.
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The retrieved properties can be divided into two parts, with ice properties on one side and those of the liquid on the other.

The results are vertical profiles of:

- ice and liquid extinctions, ajc. and ayiq [m~1], which can be used to estimate total extinction oo ;

ice and liquid water contents, IWC and LWC [kg.m 3], which can be used to estimate total water content TWC ;

ice and liquid number concentrations, Nic. and NVjjq [m 3], which can be used to estimate total number concentration
Niot ;

and ice and liquid effective radius, ¢ jce and r¢ jiq [m].

The case presented in this study is a mixed-phase layer on top of ice boundary layer cloud, at high latitudes. Therefore, ice
and liquid properties are retrieved on top of cloud and then ice properties for the ice cloud below. By comparing with in situ
measurements from the ASTAR campaign, we can see that the cloud microphysical properties retrieved with VarPy-mix follow
similar trends as in sifu measurements and that the retrieval produces correct results.

However, this comparison shows some limitations. First, the lower part of the cloud is missing which compromises part of
the comparison. In fact, the lidar is attenuated by the liquid droplets of the mixed-phase layer and extinguished after it. The
radar does not detect down to the ocean because of the clutter and therefore cannot see the cloud base. Then, the spatial and
temporal shifts between the aircraft and the satellites need to be taken into account, which are respectively less than 1.7 km and
10 min for the chosen case. Moreover, the sampling volume is not the same between in situ probes and CloudSat-CALIPSO
(60 m vertical resolution). This makes it difficult to compare precisely a VarPy-mix gate to an in situ measurement. Finally,
the ice cloud retrieval is mainly done with radar signal only and each part of the mixed-phase is also retrieved with single
instrument. The retrieval in this case relies strongly on a priori values and the look up table, which includes some bias in the
comparison with in situ. A fully synergistic retrieval would be much more reliable, with both instruments retrieving each part
of the mixed-phase. Another possible improvement would be to optimize the a priori and first guess values for liquid with in
situ statistics. Moreover, this study focuses on only one case of mixed-phase at high latitude, above the ocean, which does not
allow to know how the algorithm would retrieve globally the mixed-phase and the supercooled water.

In this study, VarPy-mix is used to retrieve clouds properties with CloudSat and CALIPSO data. Nevertheless, it can also
be apply to observations from other platforms. The french RALI airborne platform with the RASTA radar (95 GHz) and LNG
lidar (multi-wavelength, 355, 532 and 1064 nm, and High Spectral Resolution - HSR - at 355 nm) offers more possibilities for
comparison with in situ measurements. During the RALI-THINICE campaign that took place in August 2022 near the Svalbard
archipelago, the ATR42 from SAFIRE flown over and inside several mixed-phase cases, with RALI and in situ probes. VarPy-
mix will be applied on RALI data and some comparison with in situ can be done to evaluate, validate and improve VarPy-mix
parameterization. The same can be applied on other campaigns like HALO-(AC)?3, which took place in March and April 2022
in the Arctic near the Svalbard archipelago. During this campaign, the HALO platform, consisting of the radar MIRA (35
GHz) and the lidar WALES (532, 1064 nm and HSR at 532 nm) flew over mixed-phase clouds. Some collocation with aircraft

performing in situ measurements was conducted during this campaign. More information on both campaigns can be found
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525 in their website (RALI-THINICE, HALO-AC3). In addition, VarPy-mix can use data from the EarthCARE satellite platform,
which is planned for launch in 2024 and includes Cloud Profiling Radar (CPR) at 94 GHz and ATmospheric LIDar (ATLID)
at 355 nm with HSR.

Data availability. DARDAR-MASK v2.23 products are publicly available on the AERIS/ICARE website (http://www.icare.univ-lillel.fr/,
last access: 1 December 2023).

530 Author contributions. CA developed the methodology, the new parameterization and implemented the new version of the algorithm, with
support from JD, SG and FE. In situ data were provided by OJ, FT and GM and satellite data were provided by the AERIS/ICARE Data and
Services Center. CA, JD and SG worked on defining the paper structure and content. CA wrote the paper with contributions from JD, SG,
FE, OJ and FT.

Competing interests. The authors declare that they have no conflict of interest.

535 Acknowledgements.

26



540

545

550

555

560

565

570

References

Atlas, D.: THE ESTIMATION OF CLOUD PARAMETERS BY RADAR, Journal of the Atmospheric Sciences, 11, 309-317,
https://doi.org/10.1175/1520-0469(1954)011<0309: TEOCPB>2.0.CO;2, publisher: American Meteorological Society Section: Journal of
the Atmospheric Sciences, 1954.

Bergeron, T.: On the physics of clouds and precipitation., Proces Verbaux de 1‘Association de Meteorologie, Paris. Int. Union of Geodesy
and Geophys., pp. pp. 156-178, 1935.

Brown, P. R. A. and Francis, P. N.: Improved Measurements of the Ice Water Content in Cirrus Using a Total-Water Probe, Journal of
Atmospheric and Oceanic Technology, 12, 410-414, https://doi.org/10.1175/1520-0426(1995)012<0410:IMOTIW>2.0.CO;2, publisher:
American Meteorological Society Section: Journal of Atmospheric and Oceanic Technology, 1995.

Cazenave, Q.: Development and evaluation of multisensor methods for EarthCare mission based on A-Train and airborne measurements,
PhD Thesis, 2019.

Cazenave, Q., Ceccaldi, M., Delanog, J., Pelon, J., GroB3, S., and Heymsfield, A.: Evolution of DARDAR-CLOUD ice cloud re-
trievals: new parameters and impacts on the retrieved microphysical properties, Atmospheric Measurement Techniques, 12, 2819-2835,
https://doi.org/10.5194/amt-12-2819-2019, publisher: Copernicus GmbH, 2019.

Ceccaldi, M.: Combinaison de mesures actives et passives pour 1’étude des nuages dans le cadre de la préparation a la mission EarthCARE,
Ph.D. thesis, 2014.

Ceccaldi, M., Delanoé, J., Hogan, R. J., Pounder, N. L., Protat, A., and Pelon, J.: From CloudSat-CALIPSO to EarthCare: Evolution of the
DARDAR cloud classification and its comparison to airborne radar-lidar observations, Journal of Geophysical Research: Atmospheres,
118, 7962-7981, https://doi.org/https://doi.org/10.1002/jgrd.50579, 2013.

Choi, Y.-S., Lindzen, R. S., Ho, C.-H., and Kim, J.: Space observations of cold-cloud phase change, Proceedings of the National Academy
of Sciences, 107, 11 211-11 216, https://doi.org/10.1073/pnas.1006241107, publisher: Proceedings of the National Academy of Sciences,
2010.

Costa, A., Meyer, J., Afchine, A., Luebke, A., Glnther, G., Dorsey, J. R., Gallagher, M. W., Ehrlich, A., Wendisch, M., Baumgardner, D.,
Wex, H., and Kriamer, M.: Classification of Arctic, midlatitude and tropical clouds in the mixed-phase temperature regime, Atmospheric
Chemistry and Physics, 17, 12219-12 238, https://doi.org/10.5194/acp-17-12219-2017, 2017.

Delanog, J.: DARDAR CLOUD - Brown and Francis mass-size relationship., https://doi.org/https://doi.org/10.25326/450, 2023a.

Delanog, J.: DARDAR CLOUD - Heymfield’s composite mass-size relationship., https://doi.org/https://doi.org/10.25326/449, 2023b.

Delanog, J. and Hogan, R. J.: A variational scheme for retrieving ice cloud properties from combined radar, lidar, and infrared radiometer,
Journal of Geophysical Research, 113, D07 204, https://doi.org/10.1029/2007JD009000, 2008.

Delanog, J. and Hogan, R. J.: Combined CloudSat-CALIPSO-MODIS retrievals of the properties of ice clouds, Journal of Geophysical
Research: Atmospheres, 115, https://doi.org/https://doi.org/10.1029/2009JD012346, 2010.

Delanog, J., Protat, A., Jourdan, O., Pelon, J., Papazzoni, M., Dupuy, R., Gayet, J.-F., and Jouan, C.: Comparison of airborne in-situ, airborne
radar-lidar, and spaceborne radar-lidar retrievals of polar ice cloud properties sampled during the POLARCAT campaign, Journal of
Atmospheric and Oceanic Technology, 30, 57-73, https://doi.org/10.1175/JTECH-D-11-00200.1, publisher: American Meteorological
Society, 2013.

Delanog, J. M. E., Heymsfield, A. J., Protat, A., Bansemer, A., and Hogan, R. J.: Normalized particle size distribution for remote sensing

application, Journal of Geophysical Research: Atmospheres, 119, 4204-4227, https://doi.org/10.1002/2013JD020700, 2014.

27



575

580

585

590

595

600

605

Deng, M., Mace, G. G., Wang, Z., and Okamoto, H.: Tropical Composition, Cloud and Climate Coupling Experiment validation
for cirrus cloud profiling retrieval using CloudSat radar and CALIPSO lidar, Journal of Geophysical Research: Atmospheres, 115,
https://doi.org/10.1029/2009JD013104, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2009JD013104, 2010.

Donovan, D. P. and van Lammeren, A. C. a. P.: Cloud effective particle size and water content profile retrievals using com-
bined lidar and radar observations: 1. Theory and examples, Journal of Geophysical Research: Atmospheres, 106, 27 425-27 448,
https://doi.org/10.1029/2001JD900243, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2001JD900243, 2001.

Dye, J. E. and Baumgardner, D.: Evaluation of the Forward Scattering Spectrometer Probe. Part I: Electronic and Optical Studies, Journal
of Atmospheric and Oceanic Technology, 1, 329-344, https://doi.org/10.1175/1520-0426(1984)001<0329:EOTFSS>2.0.CO;2, publisher:
American Meteorological Society Section: Journal of Atmospheric and Oceanic Technology, 1984.

Ehrlich, A., Wendisch, M., Bierwirth, E., Gayet, J.-F., Mioche, G., Lampert, A., and Mayer, B.: Evidence of ice crystals at cloud top of
Arctic boundary-layer mixed-phase clouds derived from airborne remote sensing, Atmospheric Chemistry and Physics, 9, 9401-9416,
https://doi.org/10.5194/acp-9-9401-2009, publisher: Copernicus GmbH, 2009.

Febvre, G., Gayet, J.-F., Shcherbakov, V., Gourbeyre, C., and Jourdan, O.: Some effects of ice crystals on the FSSP measurements in mixed
phase clouds, Atmospheric Chemistry and Physics, 12, 8963-8977, https://doi.org/10.5194/acp-12-8963-2012, 2012.

Field, P. R., Lawson, R. P., Brown, P. R. A., Lloyd, G., Westbrook, C., Moisseev, D., Miltenberger, A., Nenes, A., Blyth, A., Choular-
ton, T., Connolly, P., Buehl, J., Crosier, J., Cui, Z., Dearden, C., DeMott, P, Flossmann, A., Heymsfield, A., Huang, Y., Kalesse, H.,
Kanji, Z. A., Korolev, A., Kirchgaessner, A., Lasher-Trapp, S., Leisner, T., McFarquhar, G., Phillips, V., Stith, J., and Sullivan, S.:
Secondary Ice Production: Current State of the Science and Recommendations for the Future, Meteorological Monographs, 58, 7.1-
7.20, https://doi.org/10.1175/AMSMONOGRAPHS-D-16-0014.1, publisher: American Meteorological Society Section: Meteorological
Monographs, 2017.

Fielding, M. D., Chiu, J. C., Hogan, R. J., and Feingold, G.: A novel ensemble method for retrieving properties of warm cloud in
3-D using ground-based scanning radar and zenith radiances, Journal of Geophysical Research: Atmospheres, 119, 10,912-10,930,
https://doi.org/10.1002/2014JD021742, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/2014JD021742, 2014.

Fielding, M. D., Chiu, J. C., Hogan, R. J., Feingold, G., Eloranta, E., O’Connor, E. J., and Cadeddu, M. P.: Joint retrievals of cloud and
drizzle in marine boundary layer clouds using ground-based radar, lidar and zenith radiances, Atmospheric Measurement Techniques, 8,
2663-2683, https://doi.org/10.5194/amt-8-2663-2015, 2015.

Findeisen, W.: Kolloid-meteorologische Vorgange bei Neiderschlags-bildung., Meteorologische Zeitschrift, pp. 121-133, 1938.

Frisch, A. S., Fairall, C. W., and Snider, J. B.: Measurement of Stratus Cloud and Drizzle Parameters in ASTEX with a Ka-Band
Doppler Radar and a Microwave Radiometer, Journal of the Atmospheric Sciences, 52, 2788-2799, https://doi.org/10.1175/1520-
0469(1995)052<2788:MOSCAD>2.0.CO;2, publisher: American Meteorological Society Section: Journal of the Atmospheric Sciences,
1995.

Gayet, J. F, Crépel, O., Fournol, J. F., and Oshchepkov, S.: A new airborne polar Nephelometer for the measurements of optical and
microphysical cloud properties. Part I: Theoretical design, Annales Geophysicae, 15, 451-459, https://doi.org/10.1007/s00585-997-0451-
1, publisher: Copernicus GmbH, 1997.

Gayet, J.-F., Stachlewska, I. S., Jourdan, O., Shcherbakov, V., Schwarzenboeck, A., and Neuber, R.: Microphysical and optical properties
of precipitating drizzle and ice particles obtained from alternated lidar and in situ measurements, Annales Geophysicae, 25, 1487-1497,
https://doi.org/10.5194/angeo-25-1487-2007, publisher: Copernicus GmbH, 2007.

28



610

615

620

625

630

635

640

645

Gayet, J.-F., Mioche, G., Dornbrack, A., Ehrlich, A., Lampert, A., and Wendisch, M.: Microphysical and optical properties of Arctic mixed-
phase clouds. The 9 April 2007 case study., Atmospheric Chemistry and Physics, 9, 6581-6595, https://doi.org/10.5194/acp-9-6581-2009,
publisher: Copernicus GmbH, 2009.

Hallett, J. and Mossop, S. C.: Production of secondary ice particles during the riming process, Nature, 249, 26-28,
https://doi.org/10.1038/249026a0, number: 5452 Publisher: Nature Publishing Group, 1974.

HALO-AC3: ArctiC Amplification: Climate relevant Atmospheric and surfaCe processes and feedback mechanisms, Access date:
29/02/2024, https://halo-ac3.de/, 2022.

Heymsfield, A. J., Schmitt, C., Bansemer, A., and Twohy, C. H.: Improved Representation of Ice Particle Masses Based on Observations
in Natural Clouds, Journal of the Atmospheric Sciences, 67, 3303-3318, https://doi.org/10.1175/2010JAS3507.1, publisher: American
Meteorological Society Section: Journal of the Atmospheric Sciences, 2010.

Hobbs, P. V., Chang, S., and Locatelli, J. D.: The dimensions and aggregation of ice crystals in natural clouds, Journal of Geophysical
Research, 79, 2199-2206, https://doi.org/10.1029/JC079i015p02199, 1974.

Hogan, R. J.: Fast approximate calculation of multiply scattered lidar returns, Applied Optics, 45, 5984,
https://doi.org/10.1364/A0.45.005984, 2006.

Hogan, R. J.: A Variational Scheme for Retrieving Rainfall Rate and Hail Reflectivity Fraction from Polarization Radar, Journal of Applied
Meteorology and Climatology, 46, 1544—1564, https://doi.org/10.1175/JAM?2550.1, publisher: American Meteorological Society Section:
Journal of Applied Meteorology and Climatology, 2007.

Hogan, R. J., Illingworth, A. J., O’Connor, E. J., and PoiaresBaptista, J. P. V.: Characteristics of mixed-phase clouds. II: A climatology from
ground-based lidar, Quarterly Journal of the Royal Meteorological Society, 129, 2117-2134, https://doi.org/10.1256/qj.01.209, 2003.

Hogan, R. J., Brooks, M. E., Illingworth, A. J., Donovan, D. P, Tinel, C., Bouniol, D., and Baptista, J. P. V. P.: Independent Evaluation of the
Ability of Spaceborne Radar and Lidar to Retrieve the Microphysical and Radiative Properties of Ice Clouds, Journal of Atmospheric and
Oceanic Technology, 23, 211-227, https://doi.org/10.1175/JTECH1837.1, publisher: American Meteorological Society Section: Journal
of Atmospheric and Oceanic Technology, 2006.

Ilingworth, A. J., Barker, H. W., Beljaars, A., Ceccaldi, M., Chepfer, H., Clerbaux, N., Cole, J., Delanog, J., Domenech, C., Donovan, D. P,
Fukuda, S., Hirakata, M., Hogan, R. J., Huenerbein, A., Kollias, P., Kubota, T., Nakajima, T., Nakajima, T. Y., Nishizawa, T., Ohno, Y.,
Okamoto, H., Oki, R., Sato, K., Satoh, M., Shephard, M. W., Velazquez-Blazquez, A., Wandinger, U., Wehr, T., and Zadelhoff, G.-J. v.:
The EarthCARE Satellite: The Next Step Forward in Global Measurements of Clouds, Aerosols, Precipitation, and Radiation, Bulletin of
the American Meteorological Society, 96, 1311-1332, https://doi.org/10.1175/BAMS-D-12-00227.1, publisher: American Meteorological
Society Section: Bulletin of the American Meteorological Society, 2015.

Intrieri, J. M., Stephens, G. L., Eberhard, W. L., and Uttal, T.. A Method for Determining Cirrus Cloud Particle Sizes Using Lidar
and Radar Backscatter Technique, Journal of Applied Meteorology and Climatology, 32, 1074-1082, https://doi.org/10.1175/1520-
0450(1993)032<1074:AMFDCC>2.0.CO;2, publisher: American Meteorological Society Section: Journal of Applied Meteorology and
Climatology, 1993.

IPCC: Climate Change 2022: Impacts, Adaptation and Vulnerability. Contribution of Working Group II to the Sixth Assessment Report of
the Intergovernmental Panel on Climate Change [H.-O. Portner, D.C. Roberts, M. Tignor, E.S. Poloczanska, K. Mintenbeck, A. Alegria,
M. Craig, S. Langsdorf, S. Loschke, V. Moller, A. Okem, B. Rama (eds.)], p. 3056, https://doi.org/10.1017/9781009325844, iPCC, 2022:
Climate Change 2022: Impacts, Adaptation and Vulnerability. Contribution of Working Group II to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change [H.-O. Portner, D.C. Roberts, M. Tignor, E.S. Poloczanska, K. Mintenbeck, A. Alegria,

29



650

655

660

665

670

675

680

M. Craig, S. Langsdorf, S. Loschke, V. Moller, A. Okem, B. Rama (eds.)]. Cambridge University Press. Cambridge University Press,
Cambridge, UK and New York, NY, USA, 3056 pp., doi: 10.1017/9781009325844, 2022.

Jourdan, O., Mioche, G., Garrett, T. J., Schwarzenbock, A., Vidot, J., Xie, Y., Shcherbakov, V., Yang, P., and Gayet, J.-F.: Cou-
pling of the microphysical and optical properties of an Arctic nimbostratus cloud during the ASTAR 2004 experiment: Implications
for light-scattering modeling, Journal of Geophysical Research: Atmospheres, 115, https://doi.org/10.1029/2010JD014016, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/2010JD014016, 2010.

Kanji, Z. A., Ladino, L. A., Wex, H., Boose, Y., Burkert-Kohn, M., Cziczo, D. J., and Krdmer, M.: Overview of Ice Nucleating Particles, Me-
teorological Monographs, 58, 1.1-1.33, https://doi.org/10.1175/AMSMONOGRAPHS-D-16-0006.1, publisher: American Meteorological
Society Section: Meteorological Monographs, 2017.

King, M. D., Platnick, S., Menzel, W. P., Ackerman, S. A., and Hubanks, P. A.: Spatial and Temporal Distribution of Clouds Ob-
served by MODIS Onboard the Terra and Aqua Satellites, IEEE Transactions on Geoscience and Remote Sensing, 51, 3826-3852,
https://doi.org/10.1109/TGRS.2012.2227333, conference Name: IEEE Transactions on Geoscience and Remote Sensing, 2013.

Korolev, A., Mcfarquhar, G., Field, P., Franklin, C., Lawson, P., Wang, Z., Williams, E., Abel, S., Axisa, D., Borrmann, S., Crosier, J.,
Fugal, J., Kramer, M., Lohmann, U., Schlenczek, O., and Wendisch, M.: Mixed-Phase Clouds: Progress and Challenges, Meteorological
Monographs, 58, 5.1-5.50, https://doi.org/10.1175/AMSMONOGRAPHS-D-17-0001.1, 2017.

Lawson, R. P., Heymsfield, A. J., Aulenbach, S. M., and Jensen, T. L.: Shapes, sizes and light scattering properties of ice crystals in cirrus
and a persistent contrail during SUCCESS, Geophysical Research Letters, 25, 1331-1334, https://doi.org/10.1029/98GL00241, _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1029/98GL00241, 1998.

Leinonen, J. and Szyrmer, W.: Radar signatures of snowflake riming: A modeling study, Earth and Space Science, 2, 346-358,
https://doi.org/10.1002/2015EA000102, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/2015EA000102, 2015.

Mason, S. L., Hogan, R. J., Bozzo, A., and Pounder, N. L.: A unified synergistic retrieval of clouds, aerosols and precipi-
tation from EarthCARE: the ACM-CAP product, preprint, Clouds/Remote Sensing/Data Processing and Information Retrieval,
https://doi.org/10.5194/egusphere-2022-1195, 2022.

Matus, A. V. and L’Ecuyer, T. S.: The role of cloud phase in Earth’s radiation budget, Journal of Geophysical Research: Atmospheres, 122,
2559-2578, https://doi.org/10.1002/2016JD025951, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/2016JD025951, 2017.

Meyers, M. P, DeMott, P. J., and Cotton, W. R.: New Primary Ice-Nucleation Parameterizations in an Explicit Cloud Model, Journal of
Applied Meteorology and Climatology, 31, 708-721, https://doi.org/10.1175/1520-0450(1992)031<0708:NPINPI>2.0.CO;2, publisher:
American Meteorological Society Section: Journal of Applied Meteorology and Climatology, 1992.

Miles, N. L., Verlinde, J., and Clothiaux, E. E.: Cloud Droplet Size Distributions in Low-Level Stratiform Clouds, Journal of the Atmospheric
Sciences, 57, 295-311, https://doi.org/10.1175/1520-0469(2000)057<0295:CDSDIL>2.0.CO;2, publisher: American Meteorological So-
ciety Section: Journal of the Atmospheric Sciences, 2000.

Mioche, G. and Jourdan, O.: Spaceborne Remote Sensing and Airborne In Situ Observations of Arctic Mixed-Phase Clouds, in: Mixed-Phase
Clouds, pp. 121-150, Elsevier, ISBN 978-0-12-810549-8, https://doi.org/10.1016/B978-0-12-810549-8.00006-4, 2018.

Mioche, G., Jourdan, O., Delanog, J., Gourbeyre, C., Febvre, G., Dupuy, R., Monier, M., Szczap, F., Schwarzenboeck, A., and Gayet, J.-F.:
Vertical distribution of microphysical properties of Arctic springtime low-level mixed-phase clouds over the Greenland and Norwegian

seas, Atmospheric Chemistry and Physics, 17, 12 845-12 869, https://doi.org/10.5194/acp-17-12845-2017, 2017.

30



685

690

695

700

705

710

715

720

Mitchell, D. L.: Use of Mass- and Area-Dimensional Power Laws for Determining Precipitation Particle Terminal Velocities, Journal of the
Atmospheric Sciences, 53, 1710-1723, https://doi.org/10.1175/1520-0469(1996)053<1710:UOMAAD>2.0.CO;2, publisher: American
Meteorological Society Section: Journal of the Atmospheric Sciences, 1996.

Mitrescu, C., Haynes, J. M., Stephens, G. L., Miller, S. D., Heymsfield, G. M., and McGill, M. J.: Cirrus cloud optical, microphysical, and ra-
diative properties observed during the CRYSTAL-FACE experiment: A lidar-radar retrieval system, Journal of Geophysical Research: At-
mospheres, 110, https://doi.org/10.1029/2004JD005605, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2004JD005605, 2005.

Morrison, H., Pinto, J. O., Curry, J. A., and McFarquhar, G. M.: Sensitivity of modeled arctic mixed-phase stratocumulus to cloud
condensation and ice nuclei over regionally varying surface conditions, Journal of Geophysical Research: Atmospheres, 113,
https://doi.org/10.1029/2007JD008729, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1029/2007JD008729, 2008.

Morrison, H., de Boer, G., Feingold, G., Harrington, J., Shupe, M. D., and Sulia, K.: Resilience of persistent Arctic mixed-phase clouds,
Nature Geoscience, 5, 11-17, https://doi.org/10.1038/ngeo1332, number: 1 Publisher: Nature Publishing Group, 2012.

O’Connor, E. J., lllingworth, A. J., and Hogan, R. J.: A Technique for Autocalibration of Cloud Lidar, Journal of Atmospheric and Oceanic
Technology, 21, 777-786, https://doi.org/10.1175/1520-0426(2004)021<0777:ATFAOC>2.0.CO:;2, publisher: American Meteorological
Society Section: Journal of Atmospheric and Oceanic Technology, 2004.

Pinnick, R. G., Jennings, S. G., Chylek, P., Ham, C., and Grandy, W. T.: Backscatter and extinction in water clouds, Journal of Geophysical
Research, 88, 6787, https://doi.org/10.1029/JC088iC11p06787, 1983.

Pithan, F., Medeiros, B., and Mauritsen, T.: Mixed-phase clouds cause climate model biases in Arctic wintertime temperature inversions,
Climate Dynamics, 43, 289-303, https://doi.org/10.1007/s00382-013-1964-9, 2014.

Platt, C. M. R., Young, S. A., Austin, R. T., Patterson, G. R., Mitchell, D. L., and Miller, S. D.: LIRAD Observations of Tropical Cirrus
Clouds in MCTEX. Part I: Optical Properties and Detection of Small Particles in Cold Cirrus*, Journal of the Atmospheric Sciences, 59,
3145-3162, https://doi.org/10.1175/1520-0469(2002)059<3145:LOOTCC>2.0.CO;2, 2002.

RALI-THINICE: International airborne field campaign dedicated to studying Arctic cyclones, Access date: 29/02/2024, https://ralithinice.
aeris-data.fr/, 2022.

Rodgers, C. D.: Inverse Methods for Atmospheric Sounding: Theory and Practice, vol. 2 of Series on Atmospheric, Oceanic and Planetary
Physics, WORLD SCIENTIFIC, ISBN 978-981-02-2740-1 978-981-281-371-8, https://doi.org/10.1142/3171, 2000.

Shupe, M. D.: Clouds at Arctic Atmospheric Observatories. Part II: Thermodynamic Phase Characteristics, Journal of Applied Meteorology
and Climatology, 50, 645-661, https://doi.org/10.1175/2010JAMC2468.1, publisher: American Meteorological Society Section: Journal
of Applied Meteorology and Climatology, 2011.

Song, N. and Lamb, D.: Experimental Investigations of Ice in Supercooled Clouds. Part 1: System Description and Growth of Ice by Va-
por Deposition, Journal of the Atmospheric Sciences, 51, 91-103, https://doi.org/10.1175/1520-0469(1994)051<0091:EIOIIS>2.0.CO;2,
publisher: American Meteorological Society Section: Journal of the Atmospheric Sciences, 1994.

Stephens, G. L.: Cloud Feedbacks in the Climate System: A Critical Review, Journal of Climate, 18, 237-273, https://doi.org/10.1175/JCLI-
3243.1, publisher: American Meteorological Society Section: Journal of Climate, 2005.

Stephens, G. L., Vane, D. G., Boain, R. J., Mace, G. G., Sassen, K., Wang, Z., Illingworth, A. J., O’connor, E. J., Rossow, W. B., Dur-
den, S. L., Miller, S. D., Austin, R. T., Benedetti, A., and Mitrescu, C.: THE CLOUDSAT MISSION AND THE A-TRAIN: A New
Dimension of Space-Based Observations of Clouds and Precipitation, Bulletin of the American Meteorological Society, 83, 1771-1790,
https://doi.org/10.1175/BAMS-83-12-1771, publisher: American Meteorological Society Section: Bulletin of the American Meteorologi-
cal Society, 2002.

31



Tinel, C., Testud, J., Pelon, J., Hogan, R. J., Protat, A., Delanog, J., and Bouniol, D.: The Retrieval of Ice-Cloud Properties from Cloud
Radar and Lidar Synergy, Journal of Applied Meteorology and Climatology, 44, 860—875, https://doi.org/10.1175/JAM2229.1, publisher:
American Meteorological Society Section: Journal of Applied Meteorology and Climatology, 2005.

725 Wegener, A.: Thermodynamik der Atmosphare., Barth, Leipzig, Poland: J. A., 1911.

Winker, D. M., Pelon, J. R., and McCormick, M. P.: The CALIPSO mission: spaceborne lidar for observation of aerosols and clouds, p. 1,

Hangzhou, China, https://doi.org/10.1117/12.466539, 2003.

32



