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This article presents a novel methodology dedicated to retrieving the optical and
microphysical properties of ice and liquid water clouds simultaneously. An optimal
estimation method is used to retrieve the ice water path of one ice-cloud layer and the
optical thickness and droplet effective radius of up to two liquid-water cloud layers, along
with rigorous uncertainties. In order to perform the retrievals, radiometric measurements
in five channels ranging from the visible to the thermal infrared are utilized. The position
of cloud layers is currently provided by lidar information, which narrows the retrievals
to its track. In the first part of this article, theoretical information content analyses are
performed under different atmospheric conditions, over an oceanic surface. This type of
analysis quantifies prior to the retrievals the amount of information that should be available
regarding each parameter to be retrieved and helps to identify which set of channels provides
this information. It is observed that strong information can be expected for retrieving each
parameter in double-layer cases, while yet stronger limitations appear in triple-layer cases.
In the second part of this article, our methodology is applied to a case study. In agreement
with a priori expectations, accurate retrievals of ice and liquid cloud properties are obtained.
These results are later compared with the products of a single-layer retrieval method, Cloud-
Aerosol Lidar with Orthogonal Polarization (CALIOP) operational products and in situ
estimates. We show that a much better consistency with the latter two is found when
retrieving the properties of each layer simultaneously. However, further statistical analyses
and comparisons with various operational products should be undertaken for validation of
the methodology. Such results will be presented in the second part of this study.
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1. Introduction

The study of cloud properties and processes has become over the
last decades one of the principal concerns of the climate research
community (McClatchey et al., 1986). The Intergovernmental
Panel on Climate Change (IPCC) highlights, in its most recent
report (Forster et al., 2007), that the impact of clouds on the
Earth–atmosphere radiation balance is still far from being well
understood. More specifically, this report shows that a large part
of the uncertainty attached to global climate model estimates
is related to difficulties in constraining the cloud albedo. It is
now widely recognized that, because of their high temporal and
spatial coverage, ice clouds play a considerable role in regulation
of the Earth’s radiation budget (Liou, 1986; Stephens et al.,
1990; Lohmann and Roeckner, 1995; Lynch et al., 2002; Baran,

2012). The study of this cloud type, however, remains particularly
challenging, due to the important variability of its geometrical,
radiative and microphysical properties (Baran, 2009). Ice clouds
may therefore be the cause of strong uncertainties in global climate
model simulations if their properties are not properly constrained
(Zhang et al., 1999; Fusina et al., 2007; Sanderson et al., 2008).
It consequently appears necessary to develop methodologies that
are not only able to retrieve the properties of liquid and/or ice
clouds but can also associate rigorous uncertainties with these
retrievals.

The recent A-Train mission has been particularly helpful for
reaching a deeper understanding of the Earth and its atmosphere.
Numerous algorithms have consequently been developed in order
to take advantage of the large variety of active and passive
measurements and various operational cloud products have been
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made available (e.g. King et al., 1998; Vaughan et al., 2009; Winker
et al., 2010; Garnier et al., 2012, 2013). The emergence of such
possibilities of synergism was a notable factor in the resurgence
of algorithms based on variational methods, such as optimal
estimation (e.g. Watts et al., 1998, 2011; Delanoë and Hogan,
2008, 2010; Austin et al., 2009; Deng et al., 2010). Such methods
indeed prove to be particularly efficient for dealing with large
quantities of measurements, in order to retrieve different kinds of
cloud parameters. They also possess the advantage of providing
realistic errors along with the retrieved parameters and offer a
wide choice of tools for error and information content analysis
(Rodgers, 1996, 2000).

Most of the current retrieval algorithms prove to be satisfactory
for retrieving ice or liquid cloud properties separately. Many
of them, however, lack the ability to take into account the
possibility of overlapping between these two cloud types, or do
not attempt simultaneous retrievals of their properties and/or
errors. The occurrence of overlapped ice and liquid water
clouds is nevertheless non-negligible (Tian and Curry, 1989;
Wind et al., 2010) and the omission of one of these two layers
in a retrieval algorithm can have strong consequences: Chang
and Li (2005) demonstrated that the single-layer assumption
can introduce biases in cloud property retrievals and that these
biases could be removed when retrieving the properties of each
layer simultaneously. Davis et al. (2009) also showed that the
presence of ice clouds can significantly bias the retrievals of
liquid cloud properties in the MODIS algorithm (collection
5) (King et al., 1998). Watts et al. (2011) confirmed that the
simultaneous retrieval of liquid cloud properties can improve
retrievals of ice-cloud properties significantly. More recently, a
study by Sourdeval et al. (2013) also demonstrated that the quality
of retrievals of cirrus microphysical and optical properties can be
strongly impacted by under-constrained properties of underlying
liquid water clouds.

Following the results established in the aforementioned studies,
this article presents a novel methodology dedicated to performing
simultaneous retrievals of ice and liquid water cloud properties
from radiometric passive measurements. Such a methodology
is believed to provide a more coherent description of the
atmospheric column than single-layer methodologies taken
separately and to offer more rigorous uncertainties attached
to the properties of each layer. Simultaneous retrievals of the
ice water path (i.e. the column-integrated ice water content
(IWC)) of one ice-cloud layer and the optical thickness and
droplet effective radius of up to two liquid cloud layers will be
attempted. In order to perform the retrievals, five radiometric
channels ranging from the visible to the thermal infrared will
be used. Cooper et al. (2007) showed that such a five-channel
retrieval methodology proves to be more accurate for the study
of ice clouds, as it combines the advantages of the two commonly
used split-window (Inoue, 1985) and bispectral (Nakajima and
King, 1990) approaches (respectively more sensitive to optically
thin and thick ice clouds). The visible and near-infrared (NIR)
channels will additionally provide necessary information for the
retrieval of liquid water cloud optical thickness and droplet
effective radius. The ice-cloud optical properties used in this
study are obtained from a parametrization by Baran et al. (2011b,
2014), which possesses the advantage of providing the scattering
and absorption properties of cirrus as a function of the IWC
and in-cloud temperature only. The position of cloud layers
is provided by additional lidar information, which currently
constrains our retrievals to its ground track. Our retrieval
methodology is based on an optimal estimation scheme and
follows the method presented by Sourdeval et al. (2013) for
single-layer retrievals of ice-cloud properties. The present study,
however, extends this previous work by obtaining simultaneous
retrievals of cloud properties in the presence of multilayer cloud
systems. Additionally, this article also aims to perform a thorough
theoretical information content analysis in order to understand,
in different multilayer configurations, the sensitivity of each

measurement channel to each parameter to be retrieved. This
type of analysis, such as previously performed by L’Ecuyer et al.
(2006) and Cooper et al. (2006) for liquid and ice water clouds,
respectively, helps considerably in comprehending how the
information is used in our approach and therefore in quantifying
its capabilities and limitations through the use of degrees
of freedom.

The article is organized as follows: section 2 briefly describes the
methodology behind the retrievals and the information content
analyses. This section provides a full description of the state
and measurement vectors, as well as the assumptions that have
been made regarding the a priori values of the state vector, the
forward model and the measurement accuracy. In section 3,
the results of several theoretical information content analyses
are presented. These analyses are performed prior to the actual
retrievals, in order to estimate the amount of information that
is to be expected from each element of the state vector and
to understand which set of channels provides the information.
In section 4, a case study is presented and analysed. This case
study corresponds to a small area that contains each cloud
configuration treatable by the methodology (single, double or
triple layer). Our method is applied to space-borne radiometric
measurements from the A-Train in order to retrieve the properties
of each cloud layer simultaneously. These retrievals are later
compared with the results of the single-layer methodology by
Sourdeval et al. (2013), Cloud-Aerosol Lidar with Orthogonal
Polarization (CALIOP) operational products and in situ
estimates.

2. Description of the multilayer methodology

This section presents the method utilized in this study to retrieve
the microphysical and optical properties of ice and liquid water
clouds. Our approach (hereafter referred to as multilayer or ML)
uses an optimal estimation scheme, which is a variational method
based on a Bayesian approach to inverse problems. The optimal
estimation is, nowadays, widely used in retrieval methods and
a full description of its theory can be found in Rodgers (2000).
The following paragraphs aim to detail the parameters that are
necessary for a good understanding of our study and to describe
briefly how we have applied optimal estimation. We remind
the reader that the ML approach is based on a modification
to the retrieval methodology presented by Sourdeval et al.
(2013, hereinafter referred to as S13). Complementary details
can therefore be found in the latter.

2.1. The optimal estimation scheme

Measurements (defined by the vector y) can generally be
related to the parameters to be retrieved (contained in the
state vector x) through the forward model (denoted F). This
relationship is expressed by Eq. (1), where the vector ϵ
represents the uncertainties that are attached to the measurements
(i.e. instrumental accuracy) and to the forward model (i.e.
approximations in the radiative transfer model):

y = F(x) + ϵ. (1)

Any inverse problem thus aims to retrieve the parameters x by
using the information provided by the measurements y, while
taking into account the errors included in ϵ.

The optimal estimation uses Gaussian probability density
functions (PDFs) in order to relate, through the Bayes theorem,
the measurement space to the state space. The PDFs represent
the distribution of possible values taken by the measurement
or state vectors in their respective space. Since the PDFs
follow a Gaussian distribution, their widths can be described
by variance–covariance matrices, the diagonal elements of which
correspond to the variances attributed to each element of the
state or measurement vectors. The matrices Sx and Sϵ respectively
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describe the errors attached to the state vector and to the
measurements and forward model simulations. More details on
these matrices and their calculation will be provided later in this
section.

The quality of the retrievals can be quantified by the cost
function, φ, defined as

φ = [y − F(x)]TSϵ
−1[y − F(x)]

+ [x − xa]TSa
−1[x − xa]. (2)

In Eq. (2), xa represents the a priori value of the state vector (before
knowledge of the measurements) and Sa its variance–covariance
matrix. It can be understood from Eq. (2) that, if the retrieval
parameters are not too constrained by a priori assumptions
(i.e. if the PDF attributed to xa is not too narrow), the cost
function will provide an estimate of the coherence between the
measurements and the forward model (with respect to their
respective accuracy). Marks and Rodgers (1993) showed that a
good convergence can be obtained when the value of the cost
function is lower than the size of the measurement vector. The
cost function therefore appears to be an extremely useful tool for
testing the quality of the retrievals. Finally, in order to find the
best estimate of the state vector (i.e. the one that will minimize the
cost function), a Levenberg–Marquardt minimization scheme is
utilized (Marquardt, 1963).

Once the best estimate of the state vector x̂ has been identified,
the final variance–covariance matrix Ŝx (the diagonal elements
of which contain the retrieval uncertainties) can be calculated as
follows:

Ŝx = (KTS−1
ϵ K + S−1

a )−1. (3)

The term K in Eq. (3) represents the kernel (or Jacobian) matrix,
which describes the sensitivity of the forward model to each
parameter to be retrieved:

K = ∂F(x)

∂x
. (4)

2.2. Measurements and retrieved parameters

This study uses the measurements of radiometric instruments
in order to retrieve the properties of one ice cloud and up to
two liquid cloud layers. Because of the sensitivity of passive
measurements to properties that are integrated over the cloud
geometrical thickness, our retrievals are concerned with the ice
water path (IWP) of the upper ice layer and the optical thickness
(τ ) and a vertical average of the droplet effective radius (reff ) of
the two liquid layers.

Despite the great interest in the optimal estimation method,
one of its limitations is the necessity for the PDFs to follow a
Gaussian distribution. Such behaviour is generally acceptable for
describing radiometric measurements (Legrand et al., 2000), but it
remains necessary to verify that this hypothesis is also satisfactory
for each component of the state vector. This fact is particularly
important for the description of a realistic a priori knowledge
of the state vector, which is crucial in the case of information
content analyses. In this respect, a statistical climatology over two
months of raDAR/liDAR (DARDAR) (Delanoë and Hogan, 2010)
and Moderate-resolution Imaging Spectroradiometer (MODIS:
collection 5, King et al. (1998)) operational products has been
used to determine the distribution of IWP, reff and τ , respectively,
in northern midlatitude areas (in agreement with the case study
discussed in section 4). It should be noted that only single-
layer cases have been filtered out, in order to avoid any bias
due to multilayer retrievals. Normality tests have shown (not
detailed here for reasons of brevity) that the PDFs of each
operational product tend to follow a log-normal law and therefore
that the logarithm of each parameter is perfectly adapted for

optimal estimation. The state vector used in this study thus
corresponds to

x =

⎛

⎜⎜⎜⎜⎝

ln(IWP)
ln(τlow )

ln(reff low )
ln(τmid )

ln(reffmid )

⎞

⎟⎟⎟⎟⎠
, (5)

where the indexes ‘low’ and ‘mid’ indicate that the corresponding
liquid water cloud is situated in the lower or middle part of the
troposphere, respectively. More details on this distinction will be
given in section 2.3.5. The a priori values of each parameter have
been obtained from the PDFs extracted from the aforementioned
statistical climatology. The following a priori values have been
assumed: ln(IWP)a has been set to 3.378 with an attached variance
of 2.051, ln(τ )a = 2.150 with a variance of 0.833 and ln(reff )a =
2.568 with a variance of 0.372. Identical a priori assumptions are
made for liquid clouds situated in the lower or middle part of the
troposphere.

In order to perform the retrievals, the measurements from
the Infrared Imaging Radiometer (IIR) on board Cloud-Aerosol
Lidar and Infrared Pathfinder Satellite Observations (CALIPSO:
Corlay et al., 2000; Sourdeval et al., 2012) are chosen for
the thermal infrared channels (centred at 8.65, 10.60 and
12.05 µm) and those from the MODerate resolution Imaging
Spectroradiometer (MODIS) on board Aqua (Xiong et al.,
2009) for the visible and near-infrared channels (centred at
0.85 and 2.13 µm, respectively). The choice of IIR over MODIS
for providing the thermal infrared measurements is made for
reasons of consistency with the authors’ previous study, but also
due to the current need for lidar information for positioning
cloud layers. As this methodology was developed primarily for
the study of ice clouds, the nearly perfect collocation between
CALIOP and IIR measurements is a strong asset and have been
preferred to a better collocation with the NIR and visible channels.
Similar retrievals using collocated MODIS infrared channels have
nevertheless been performed over a few case studies and did
not show strong dissimilarities (not shown here for reasons of
brevity). The MODIS measurements utilized for the retrievals
have been collocated under the track of CALIOP, thanks to the
use of the CALIOP-Track (CALTRACK) reanalysis provided by
the ICARE data centre (Pascal and Manley, 2009a 2009b). We
expect this configuration to be acceptable for the retrieval of ice
and liquid cloud properties (Nakajima and King, 1990; Cooper
et al., 2007). The measurement vector is therefore expressed as

y =

⎛

⎜⎜⎜⎜⎝

RIIR
8.6

RIIR
10.6

RIIR
12.0

RMODIS
0.85

RMODIS
2.13

⎞

⎟⎟⎟⎟⎠
, (6)

where RIIR
8.6 , RIIR

10.6 and RIIR
12.0 are the IIR radiances measured in

its 8.65, 10.60, and 12.05 µm channels, respectively, and RMODIS
0.85

and RMODIS
2.13 are the MODIS reflectances measured in its 0.85 and

2.13 µm channels, respectively.

2.3. Configuration of the forward model and uncertainties

This section presents the configuration of the forward model
used in our retrieval methodology. A rigorous attribution of
errors to each non-retrieved parameter used in the forward model
is absolutely necessary for a thorough calibration of the optimal
estimation method. The measurement error variance–covariance
matrix is defined as

Sϵ = Sy + Sf , (7)
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with Sy the matrix representative of the instrumental accuracy
and Sf the matrix containing the uncertainties attached to each
non-retrieved parameter used in the forward model. Since the
radiometric measurements used in y are considered uncorrelated,
the matrix Sy is diagonal in this study. However, covariances
between the measurement channels are introduced in Sf as
follows (e.g. Watts et al., 1998):

Sf = Kb
TSbKb. (8)

The matrix Kb represents the sensitivity of the forward model to
each of its non-retrieved parameters:

K = ∂F(xb)

∂xb
, (9)

with xb the vector containing each non-retrieved parameter
used in the forward model. The variances attached to these
parameters represent the diagonal elements of Sb. However, due
to the difficulty in estimating accurate correlations between the
elements of xb, the non-diagonal elements of Sb are neglected
in this study. The mean value and variance attributed to each
element of xb are given explicitly in the following subsections.

2.3.1. Measurements

In term of brightness temperatures, the measurements of IIR are
considered to be precise within a range of 1 K (at 210 K) in each
channel (Corlay et al., 2000). This maximum is therefore taken
to calculate the uncertainties attached to the infrared radiances
contained in the measurement vector.

The uncertainties in the two MODIS channels are within a few
per cent (Esposito et al., 2004; Xiong and Barnes, 2006). However,
an overestimation of this uncertainty may be necessary, due to the
use of the CALTRACK products, which consider an average over
several MODIS pixels to obtain a pixel size of 1 km (similar to the
resolution of IIR). A possible difference between IIR and MODIS
observations may also be expected, as their measurements remain
non-synchronized. A relative uncertainty of 3% in the MODIS
reflectances at 0.85 and 2.13 µm thus appears reasonable.

2.3.2. Radiative transfer models

Two radiative transfer models are used in this study. The infrared
measurements are computed using the FASt Discrete Ordinates
Method (FASDOM) radiative transfer code, which was specificaly
developed by Dubuisson et al. (2005) to simulate radiances in IIR
spectral channels. This approach takes into account the gaseous
absorption of H2O, O3, CO2, NO2 and CH4 using a correlated-k
distribution method (Lacis and Oinas, 1991) and is within 0.6%
of line-by-line calculations of the radiances in each channel. The
visible and near-infrared measurements are computed using an
adding–doubling method (de Haan et al., 1987). The gaseous
absorption is also taken into account by applying the correlated-k
distribution method, with the use of coefficients precisely pre-
calculated to fit MODIS channels (Kratz, 1995; Baum et al., 2000).
The precision of these coefficients in term of reflectance is not
indicated and no comparison with a line-by-line method could be
found prior to this study. However, after decreasing the number
of coefficients used in the correlated-k method, the configuration
used in this study seems to provide reflectances with an accuracy
of 2% for the 0.85 and 2.13 µm channels.

2.3.3. Atmospheric profiles

The two aforementioned radiative transfer models are based on a
plane-parallel assumption, so the atmosphere is vertically divided
into 1 km thick homogeneous layers in clear areas and subdivided
into 100 m homogeneous layers in cloudy areas.

The temperature and gaseous profiles (O2 and H2O) are
provided by the reanalysis of the Geostationary Operational
Environmental Satellite 5 (GOES-5) data assimilation system
(Rienecker et al., 2008), available in CALIOP products. The
precision of these profiles is, however, not provided in these
operational data and the precision of the products from
AIRS/AMSU-A/HSB EOS (Parkinson and Greenstone, 2000)
utilized for GOES-5 reanalysis is consequently used to provide
uncertainties. Thus, for each 1 km layer, accuracies of 1 K and
10% are considered for the temperature and the relative humidity,
respectively, and an accuracy of 10% is taken in the case of the
ozone column.

2.3.4. Surface properties

The surface encountered during the case study is purely oceanic.
The choice of an oceanic surface has also been made for
the information content analysis. Therefore, oceanic surface
emissivities calibrated for IIR channels have been used (Wilber
et al., 1999). They respectively are 0.9838, 0.9903 and 0.9857 for the
channels centred at 8.65, 10.60 and 12.05 µm, with an associated
uncertainty of 1%. The oceanic surface albedos retrieved by
MODIS in its channels centred at 0.85 and 2.13 are 0.044
and 0.022, respectively, with, however, no uncertainties clearly
attributed (Sun-Mack et al., 2004). Uncertainties are therefore
associated by considering that the ocean surface albedo can reach
a maximum value of 0.1 in both channels. This hypothesis appears
acceptable, as the error on surface albedo becomes negligible in
the presence of liquid clouds. Finally, the sea-surface temperatures
are extracted from reanalysis of the European Centre for Medium-
Range Weather Forecasts (ECMWF) along the track of CALIPSO,
with an attached uncertainty of 1 K.

2.3.5. Clouds

The ML approach is configured to incorporate up to three
cloud layers: one ice cloud and two liquid water clouds. The
information necessary to position the layers is provided directly
by CALIOP products (Vaughan et al., 2009). Only layers detected
by the lidar at 5 and 20 km averaged horizontal resolution are
utilized in this study. The differentiation between cloud layers is
made using the ‘feature-classification flag’ provided in CALIOP
operational products (Liu et al., 2005). A first distinction is
thus made between ice and liquid-water cloud layers and then
between liquid clouds qualified as low (e.g. stratus, cumulus
or stratocumulus) or mid (e.g. altocumulus, altostratus). In the
presence of multiple ice-cloud layers and if these layers possess the
exact same characteristics and are observed at the same resolution,
then the top of the highest layer and the base of the lowest layer
are respectively taken to form the final ice-cloud layer utilized in
the methodology. Vaughan et al. (2009) estimate the accuracy of
the altitude of cloud layers determined by CALIOP to be better
than 30 m between the surface and 8.2 km and better than 60 m
between 8.2 and 20.2 km. However, as the minimal size of an
atmospheric layer is 100 m in our methodology, this value is
taken as accuracy in cloud positioning. A future version of the
algorithm could make use of enhanced cloud profiles obtained
from combined lidar–radar products (e.g. Delanoë and Hogan,
2010) in order to avoid possible problems of missing layers in the
presence of optically thick clouds. However, the CALIOP cloud
detection product used here seems perfectly adapted for treating
the scenes of thin clouds observed in the case study presented in
section 4.

Liquid clouds
The liquid-water cloud properties and phase functions are

provided by the Lorenz–Mie theory for spherical particles (van de
Hulst, 1957), where the droplet size distribution is described
by a two-parameter gamma standard law (Hansen, 1971). No
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additional error is attributed to the computation of liquid cloud
optical properties.

Ice clouds
For retrievals of ice-cloud properties, we require the single-

scattering properties of ice crystals. In this article, these properties
are based on the ensemble model developed by Baran and
Labonnote (2007). The ensemble model consists of six elements,
the first of which is assumed to be the hexagonal ice column
with an aspect ratio (i.e. the ratio of length to diameter) of unity.
The second element is the six-branched bullet–rosette; thereafter,
hexagonal monomers are arbitrarily attached until, at the largest
size, a spatial ten-element hexagonal aggregate is constructed. To
predict the bulk single-scattering properties, the individual ice
crystal total optical properties (i.e. the extinction coefficient σext,
the single-scattering albedo ϖ0 and the asymmetry parameter g)
are integrated over the Field et al. (2007) moment estimation
parametrization, hereinafter referred to as F07.

The F07 parametrization predicts any moment of the particle
size distribution (PSD) from a polynomial fit to the second
moment and in-cloud temperature. The parametrization is based
on 10 000 in situ measured PSDs obtained primarily in midlatitude
cirrus and with some data coming from tropical cirrus; the
observations were collected between the temperatures of 0 and
−60 ◦C. To avoid the problem of skewing the small ice-crystal
part of the PSD artificially, due to ice-crystal shattering (Korolev
et al., 2011), F07 ignored ice crystals of size less than 100 µm.
To represent the small ice-crystal population, F07 assumed an
exponential extrapolation from a size of 100 µm down to a
smaller ice-crystal size. Therefore, from F07, the original PSD can
be estimated given values for IWC (i.e. second moment, since
the mass is proportional to D2 for the ensemble model) and in-
cloud temperature. In this article, a database comprising 20 662
IWC and in-cloud estimates and measurements, respectively,
is used to generate the single-scattering properties. The IWC
and in-cloud temperature values contained in the database vary
between about 10−5 g m−3 and about 3.0 g m−3 and from about
0 to −80 ◦C, respectively. The database has previously been
described by Baran et al. (2011a, 2014) and so a description will
not be repeated here. Uncertainties have been attached to each
optical property obtained from this parametrization, following
the accuracy described by Baran et al. (2014) (i.e. 10, 1 and 1%
for σext, ϖ0 and g, respectively: Baran et al., 2014).

In order to describe the scattering processes, the direct use of
the phase function calculated from the aforementioned ensemble
model in each IWC and in-cloud temperature configuration
appears to be too computationally expensive for this study.
Instead, the analytic phase function developed by Baran et al.
(2001) has been utilized. The analytic phase function is a
parametrization of the Henyey–Greenstein phase function but
based on a piecewise linear polynomial fit to the experimentally
determined Volkovitskiy et al. (1980) phase function. Therefore,
for any value of g at any wavelength, the analytic phase function
can be generated. The analytic phase function is completely
featureless and flat at scattering angles greater than about 90◦.
This phase function has been shown to predict successfully
the solar, infrared, and far-infrared radiative properties of cirrus
(Baran et al., 2001, 2003, 2014; Baran and Francis, 2004; Cox et al.,
2010). An error is nevertheless attributed to this approximation,
by comparing the value of the forward model obtained using the
analytical phase function with the value that would be obtained
using the phase function of the ensemble model (tabulated
for several IWCs). The difference between these two values
corresponds to the uncertainty attributed to the phase function.

2.4. Information content theory

The optimal estimation method has the advantage of being
compatible with information content theory. This concept,
introduced by Shannon and Weaver (1949), allows us to reach

knowledge of the information contained in a set of measurements
on each parameter to be retrieved. A theoretical information
content analysis (i.e. before the retrievals) therefore allows us
to quantify a priori the amount of information that should be
expected on the parameters to retrieve and to understand which
measurement channels have provided useful information and
which were redundant. For these reasons, information content
analysis has become more and more utilized. We can, for instance,
cite the works of L’Ecuyer et al. (2006) and Cooper et al.
(2006), who studied with precision the quantity of information
contained in MODIS channels on liquid and ice-cloud properties,
respectively. The latter, for instance, helped Cooper et al. (2007)
to determine an optimal set of MODIS channels for the study of
cirrus, which inspired the measurement vector used in this study.
Like the optimal estimation method, information content theory
has already been widely described in the literature and this section
therefore only aims to present the formalism used in this article.

Shannon and Weaver (1949) developed information theory by
setting an analogy between the information carried by a signal
and the entropy of its PDF. Later, Rodgers (2000) applied this
formalism to the optimal estimation method and showed that
this entropy can be used to describe the number of independent
states contained in a given state or measurement space. As a
consequence, it can for instance be understood that the difference
between the entropy of the a priori space and the entropy
of the best-estimate space will inform directly the amount
of information provided by the measurements. This quantity
represents the information content of the state space, denoted Hs.
Similarly, degrees of freedom (DOFs) for a signal can be defined
to represent the number of independent pieces of information
(related to the parameters to be retrieved) carried out by the
measurements. Rodgers (1996) showed that the information
content and DOFs can be calculated directly from the kernel
matrix K and the variance–covariance matrices. Additionally, he
showed that both quantities can be related to the total state and/or
measurement vector (in this case we will hereafter talk of total
DOFs or Hs), but also to each of their components separately
(hereafter referred to as partial DOFs or Hs). More details on
how the total and partial information contents or DOFs can be
calculated from the entropy are not explicitly given in this section,
but can be found in the aforementioned studies or in Appendix
A of the article by S13. For reasons of brevity, this section only
presents how the total and partial DOFs can be calculated more
directly from the averaging kernel matrix, denoted A. Rodgers
(2000) showed that this matrix describes the sensitivity of the best
estimate of the state vector x̂ to the true value x as follows:

A = ∂ x̂

∂x
= GK, (10)

where G is the retrieval gain matrix, given by

G = ŜxKTS−1
ϵ . (11)

In an ideal retrieval situation (i.e. if the measurements carry
enough information to retrieve each parameter), A would tend
towards a unity matrix. Rodgers (2000) demonstrated that the
trace of the averaging kernel matrix corresponds to the total
DOF for the signal in state space. Consequently, one can think
of each diagonal element of A as the partial DOFs attached to
each component of the state vector. Finally, following a method
described by Rodgers (1996), the partial DOFs in the state space
can also be similarly decomposed in the measurement space in
order to understand which set of measurement channels provides
information on each parameter. Such analyses are presented in the
next section, in order to comprehend fully how the information
is used in our retrieval methodology. It should be noted that
the method presented by Rodgers (1996) can only be applied
when Sϵ is diagonal. Due to the complexity of performing a
channel selection analysis in the presence of covariances, these
will be neglected when applying this method in section 3. It
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Figure 1. Total DOF theoretically expected in a double-layer (ice and low liquid)
case, in various (IWP,τlow) configurations. The plain (red), long-dashed (green),
short-dashed (blue) and dotted (black) isolines correspond to DOFs of 1.0, 2.0,
2.90 and 2.95, respectively.

will nevertheless be shown that the partial DOFs obtained from
the channel selection method are very similar to those obtained
directly from the averaging kernel matrix (including covariances).
This means that the impact of non-diagonal elements in Sϵ

is generally small in our methodology and the conclusions of
channel selection analysis are therefore valid.

3. Theoretical information content analysis

In this section, a theoretical information content analysis is
presented. This analysis is performed prior to the retrievals, in
order to comprehend and quantify the amount of information
expected for each parameter to be retrieved. For reasons of clarity,
the DOFs have been preferred to the information content Hs in
the presentation of the results. Since the following analyses mainly
aim at showing the areas of sensitivity of our methodology, the
DOFs are well adapted for presenting such results. Additionally,
this choice is supported by the fact that partial DOFs are perfectly
summable to obtain the total DOF, which is not necessarily
the case for Hs in the presence of correlations between the
measurements or the parameters (Rodgers, 1996). The expected
uncertainties in the retrievals will also be presented, in order to
complete the study. We recall that a partial DOF near 0 shows
an absence of information, whereas a value close to 1 indicates
full information. The signal-to-noise ratio (SNR) is delimited by
a value of 0.5. The value of the total DOF varies between 0 and
the size of the state vector.

This analysis has been performed by calculating the total and
partial DOFs that would be expected in different atmospheric
conditions. We have thus tested the results of our methodology
when applied to different complex cloud configurations: double-
layer ice/liquid low, double-layer ice/liquid mid and triple-layer.
For reasons of brevity, only the results corresponding to the first
and last cases will be presented in this section. These two cases
are, however, representative enough for a global understanding
of the results. In each case, the DOFs have been calculated for
different values of the IWP and τlow. The altitude of cloud layers
is kept constant, and they have been precisely chosen to be
consistent with the known climatology in northern midlatitudes:
the ice-cloud layer has been positioned between 9.0 and 11.0 km
(Sassen et al., 2008) and the low liquid layer between 0.5 and
1.5 km (Marchand et al., 2010). In the triple-layer case, the mid
liquid layer has been positioned between 4.0 and 5.0 km, for
reasons of consistency with the case study presented in section
4. Its optical thickness has been set to 5.0. For each layer, the
effective radius is chosen according to the a priori value described
in section 2.2. Finally, the temperature and gas concentrations
profiles used in this theoretical analysis have been extracted from
the aforementioned case study.

Figure 1 presents the results of the information content analysis
in the double-layer case. Total DOFs have been calculated for
IWPs ranging from 0.1 to 1000 g m−2 and for low cloud optical
thicknesses ranging from 0 to 50. It should be recalled that the
total DOF is expected to be equal to 3.0 at the maximum, which
would indicate full information on the three parameters to be
retrieved (i.e. IWP, τlow, refflow ). From this figure, we can see that
very high –yet not full –information can be expected on these
three parameters. Indeed, the short-dashed (blue) isoline shows
that, for an IWP between about 1.0 and around 20 g m−2 and an
optical thickness higher than about 9.0, the DOF is higher than
2.90, which indicates that high information is available on each
parameter. In contrast, in other (IWP, τlow) configurations, the
DOFs can be lower than 2.0 (cf. long-dashed (green) isoline) or
even 1.0 (cf. plain (red) isoline). The a priori study of the total DOF
is therefore important to understand theoretical expectations
regarding the capacity of our approach to perform optimal
retrievals in different atmospheric situations. However, many
interrogations may arise from this type of study. For instance, we
know from Figure 1 that, under certain conditions, only partial
information can be expected on the parameters to be retrieved,
but how exactly is the information distributed between each of
them and what set of channels provides this information?

In order to answer these questions, an analysis of the partial
DOFs has been performed in an identical cloud configuration.
The results of this study are presented in Figure 2. The first column
(Figure 2(b-a), (c-a) and (d-a)) represents the decomposition of
the total DOFs (e.g. Figure 1) in the state space. Figure 2(b-a),
(c-a) and (d-a) therefore represent what are hereinafter called the
partial DOFs of IWP, τlow and reff low , respectively. As expected,
very strong information can be observed globally for each of
these parameters. Partial DOFs higher than 0.5 are noticed on
IWPs from 0.25 g m−2 and partial DOFs close to 1.0 on IWPs
from 1.0 g m−2 to about 250 g m−2, with no clear dependence
on the value of the low cloud optical thickness. Full information
is also available on τlow (expect for its very small values), until
the IWP reaches around 100 g m−2. Finally, there is also strong
information on the effective radius when the optical thickness of
the low layer is higher than 5 and the IWP of the upper ice layer
is lower than about 60 g m−2.

These figures help to provide an answer to our first question,
i.e. the quantification of the repartition of information between
the parameters to be retrieved. Now, in order to understand which
channels have provided this information, the partial DOFs in the
state space must themselves be decomposed in the measurement
space. In this respect, we have looked, for a given state space
(starting from the a priori), at how much information would
be provided by every channel for each component of the state
vector. The channel providing the highest information content
on any retrieval parameter is called the ‘first contribution’ and its
corresponding partial DOFs in the state space are calculated. This
‘first contribution’ is shown in the second column of Figure 2. The
channel corresponding to this contribution is indicated in Figure
2(a-b) and the information provided by this channel (in terms of
DOFs) for each parameter is shown in Figure 2(b-b), (c-b) and
(d-b). The information provided by this ‘first contribution’ is later
used to reduce the a priori state space (i.e. to narrow the a priori
PDFs) and an identical process is followed until all measurements
have been used. The results of each following contribution are
identically presented in the following columns of Figure 2. As
discussed in the previous section, the non-diagonal elements of
Sϵ are neglected in this channel selection analysis and the sum
of the partial DOFs attributed to each contribution consequently
does not correspond perfectly to the partial DOFs presented in the
first column of Figure 2 (the information is slightly higher, since
the measurements are not correlated). However, these differences
being very small, the conclusions of the channel selection method
can still be considered valid. For a better understanding, we take
the example of an IWP of about 1.0 g m−2 and τlow around 10.0.
In this configuration, it is expected that the highest information
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Figure 2. Partial DOF for (second row) IWP, (third row) τlow and (fourth row) reff low , respectively. The following columns represent the contributions to this partial
DOF (from the strongest to the weakest): in the second column, panel (a-b) indicates the channels providing the highest information (each channel is represented by a
colour code) and subsequent rows (panels (b-b), (c-b) and (d-b)) show the corresponding partial DOF provided by the channels presented in panel (a-b). The third,
fourth, fifth and sixth columns similarly represent the second, third, fourth and fifth contributions, respectively.

would be provided by the visible channel (cf. Figure 2(a-b)) on the
optical thickness (cf. Figure 2(c-b)). In the same configuration,
the second highest contribution would be made by the 2.13 µm
channel (cf. Figure 2(a-c)) on the effective radius (cf. Figure 2(d-
c)). It should be noted that, for an absolutely rigorous analysis
of these figures, each contribution must be analysed according
to its previous ones. In our example, it should therefore be
understood not that the 2.13 µm channel provides information
on the effective radius but rather that the 0.85 and 2.13 µm
channels together provide information on the optical thickness
and effective radius. Finally, the last real contribution would be
made by the 12.05 µm channel (cf. Figure 2(a-d)) on IWP (cf.
Figure 2(b-d)). In this example, the fourth and fifth contributions
are worthless, since none of them can provide partial DOFs greater
than 0.5. We can also see that, for an identical IWP but an optical
thickness around 40.0, the first contribution would be made by
the 2.13 µm channel on the effective radius. For IWPs greater
than about 4 g m−2, the highest information goes to the retrieval
of IWP. The contributing channel, however, varies according to
the value of IWP (cf. Figure 2(a-b)), since the 12.05, 10.60, 8.65
and finally 0.85 µm channels are used from low to high IWPs,
respectively.

The results presented in Figures 1 and 2 are in agreement with
what could be expected from general knowledge of cloud remote
sensing, considering our measurement and state vectors. These
figures, however, possess the great advantage of quantifying the
available information clearly and predicting the areas of sensitivity
of each parameter precisely. We therefore know theoretically
that our set of measurements carries enough information for
retrieving the IWP of an ice-cloud layer and the optical thickness
and droplet effective radius of an underlying liquid cloud layer
simultaneously. This type of knowledge can also be extremely
useful in selecting an optimal set of channels, for instance with
the view of reducing computational costs.

Such information content analyses logically become even
more significant in more complex cases, where the prediction

Figure 3. Similar to Figure 1, for a triple-layer case.

of which parameter receives the information and from which set
of channels becomes difficult. In order to illustrate such a case,
we have chosen to present in the following paragraphs a similar
information content study, but in a triple-layer configuration.
Another advantage of this analysis lies in the fact that the triple-
layer configuration reaches the limits of our retrieval capabilities.
Therefore, this information content analysis should help to expose
and quantify these limits and provide important insights on how
our methodology could be ameliorated. Similarly to our previous
analysis, the total DOF expected in the case of triple (one ice
and two liquid) cloud layers is presented in Figure 3. The total
DOF is now expected to range from 0 to 5, since five parameters
need to be retrieved (IWP, τlow, refflow , τmid, reffmid ). We recall
that the optical thickness of the mid liquid layer has been set to
5.0. It can be observed from Figure 3 that the maximum amount
of information is never approached. The information should be
available at best for four parameters for the retrievals, where the
DOF is greater than 3.5 (black dashed isoline).
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Figure 4. Similar to Figure 2, for a triple-layer case.

In order to understand which parameter will receive this
information, a study of the partial DOFs is performed and shown
in Figure 4. It can be seen from Figure 4(b-a)–(f-a) that the
retrieval of the effective radius of the low layer should be strongly
impacted by the presence of the mid layer and should even be
impossible, since the partial DOF attributed to this parameter is
less than 0.5. The retrieval of the droplet effective radius of the
mid layer should, however, be possible, with possibly consequent
uncertainties, since the information is not complete. Concerning
the other components of the state vector, Figure 4(b-a) shows
strong information on the IWP, with, however, less sensitivity to
small values in comparison with the double-layer case (the SNR is
situated around 1 g m−2, compared with 0.25 g m−2 previously).
The information on the optical thickness of the low layer is also
lesser for its small values, but globally similar to the previous case.
Finally, high values of DOFs are attached to the optical thickness
of the mid layers, but the information is degrading very fast
with increasing IWP. Logically, we notice that the information
on the optical thickness and droplet effective radius of the mid
cloud layer is stronger for low optical thickness of the low cloud
layer. An analysis of the spectral distribution of the information
(i.e. second–fifth columns of Figure 4) offers similar observations
from comparison with the double-layer case, concerning the IWP.
It is observed globally that the information on the optical thickness
of the mid cloud layer is provided by the 0.85 µm channel when
τlow is less than 5 (i.e. less than τmid) and by infrared channels

otherwise. The information on the optical thickness of the low
cloud layer is provided exclusively by the 0.85 µm channel. The
2.13 µm channel contributes to provide all the information on the
droplet effective radius of both liquid layers, but the mid layer has
priority on the information. Overall it seems that, in the case of a
triple layer, only the IWP and the optical thickness of both liquid
layers could be retrieved (depending on the value of IWP), as well
as the effective radius of the mid cloud layer to a lesser extent. In
this configuration, a clear lack of information appears regarding
the effective radius of the low cloud layer. This analysis therefore
clearly helps us to comprehend the limits of our methodology
and provides hints on how it could be improved. For instance,
it could be imagined that the addition of another near-infrared
channel (such as 1.6 µm, which suffers from less attenuation than
the 2.13 µm channel) could help in completing the information
on the state vector. Such an analysis is, however, not presented in
this study, which only aims at evaluating the capabilities of our
five-channel retrieval method.

The current analyses have been based on the degrees of
freedom, which prove to be extremely efficient for describing
the information contained in a set of measurements and a set
of parameters. However, the degrees of freedom may not be
straightforward when seeking to comprehend the actual quality
of the retrievals that should be expected in terms of uncertainties
in the parameters. Therefore, to complete the previous analyses,
Figure 5 presents the uncertainties (in term of standard deviation
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Figure 5. Expected standard deviation of each component of the state vector (contained between 0 and the respective σa), in different (IWP, τlow) configurations for
double-layer (a)–(e) and triple-layer (f)–(j) cases. The plain (red), long-dashed (black), short-dashed (purple) and dotted (green) isolines correspond to expected
relative errors of 100, 50, 25, and 10% for each retrieval parameter.

of the PDF) that should be expected on each component of
the state vector (as they are retrieved by the methodology, i.e.
the logarithm of the cloud properties) in the previous double-
layer (Figure 5(a–e)) and triple-layer (Figure 5(f–j)) examples.
These uncertainties are obtained by reduction of the a priori
standard deviation when using the information provided by the
measurements (i.e. expected from Figures 1 and 3, respectively).
The colour scale thus ranges from 0 (blue, outside the plain
isolines) to the a priori standard deviation on each parameter
(red, inside the dotted isolines). Presenting the errors in terms
of the standard deviation also possesses the advantage that it
corresponds directly to the relative standard deviation in each
cloud property (σln x = σx/x). Therefore, areas corresponding to
expected uncertainties of 100, 50, 25 and 10% in the retrieval of
each of the properties are delimited by red, green, purple and
black isolines, respectively. We note that, in a double-layer case, it
should be possible to retrieve the IWP with an uncertainty better
than 10% between around 16 and 130 g m−2 (cf. Figure 5(a)).
When the IWP is less than about 30 g m−2 and the optical
thickness is between 10 and 25, the retrievals of the liquid-water
cloud properties should also be within 10% (cf. Figure 5(b) and
(c)). Figure 5(f)–(j) shows a global increase in uncertainties in a
triple-layer configuration. The standard deviation in the droplet
effective radius of the low layer is barely reduced from the a priori
and an accuracy of about 20% should be expected for the mid layer
if the IWP is not too high. The reduction of the a priori standard
deviation is more obvious for the three other components of the
state vector, but uncertainties better than 15–25% should not
be expected. This type of study appears to be very useful for
obtaining a first estimation of the expected quality of retrievals.
It should, however, still be kept in mind that these uncertainties
may vary in different atmospheric conditions (e.g. different cloud
altitude or geometrical thickness).

4. Case study

This section presents the first results of retrievals obtained using
the ML methodology within a narrow area. In this respect,
a case study presenting every cloud configuration possibly
treatable by the ML methodology has been selected. This case
study corresponds to a measurement leg of the CIRCLE-2

airborne campaign, which provided remote sensing and in situ
measurements in space and time collocated with the track of
CALIOP. Further details on the CIRCLE-2 campaign and on the
measurement day used in this section (25 May 2007) can be found
in the articles by Mioche et al. (2010) and S13. This case study will
therefore allow comparison of our results with retrievals obtained
from the single-layer (SL) methodology presented by S13 and
with in situ estimates.

Figure 6(a) presents the cloud profile used for the retrievals
(blue, yellow and green indicate the presence of ice, mid and low
cloud layers, respectively). Single-layer cases of ice (e.g. around
44.7–46.0◦ or 50.0–52.0◦ of latitude) or liquid (e.g. 49.2–49.6◦)
clouds can be observed, as well as double ice mid (e.g. 46.0–46.8◦)
and ice low (e.g 47.0–49.2◦) layer cases and a few pixels of triple
layers (around 46.4◦). Figure 6(c)–(g) presents the results of
the retrievals for IWP, τlow, reff low , τmid and reffmid , respectively.
In these figures, the red dots represent the best estimate of the
parameter, while the length of the error bars corresponds to one
standard deviation on each side of the best estimate. Finally,
Figure 6(b) represents the value of the cost function at the end
of the retrievals. The dashed red line illustrates the dimension of
the state vector (i.e. 5.0). It can be noticed that in most areas the
value of the cost function is lower than this limit, which indicates
that the retrievals can be trusted (Marks and Rodgers, 1993). Such
values, however, do not mean that information was available on
all the parameters, but only that the retrievals are coherent with
respect to the measurements and the a priori considerations. Few
areas, nevertheless, show strong increases in the cost function.
Further analyses (not presented here) show that this behaviour
can be explained by differences of resolution between the two
radiometers and the lidar. For instance, if a cloud layer is observed
by MODIS or IIR but is not seen by CALIOP (and therefore is
absent from the cloud profile treated by the approach), the
forward model will be unable to converge toward a radiometric
measurement and the cost function will consequently be high.
This effect tends to appear near cloud edges. A correction that
consists of placing an additional cloud layer in cases where the
cost function is greatest has been applied, but is not sufficient to
eliminate the effect fully.

Figure 6(c) shows the presence of a thin ice cloud in this
case study (IWP globally lesser than 20 g m−2). In single- or
double-layer cases (triple layers being too few for analyses), the
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Figure 6. (a) Cloud profile corresponding to the case study (ice layers are
represented in blue and mid and low layers in yellow and green, respectively). (b)
Cost function at the end of the retrievals. φ is represented by a dashed orange line.
Panels (c)–(g) represent the results of the retrievals (red dots), along with their
attached uncertainties (1σ ).

uncertainties in this parameter are globally better than 10%
when the IWP is higher than 10 g m−2 and between 10 and 40%
otherwise. These observations are in perfect agreement with the
theoretical expectations presented in Figure 5(a). The optical
thicknesses of both liquid layers (cf. Figure 6(d) and (f)) are
globally well retrieved, with an accuracy better than 10%. Higher
uncertainties can be found between 46.0 and 47.0◦, where a few
triple-layer cases appear. The effective radii (cf. Figure 6(e) and
(g)) are also well retrieved (with an accuracy close to 10%) when
the respective optical thickness is high enough (higher than about
10). These results show that the ML methodology is capable of
retrieving simultaneously and with good accuracy the properties
of one layer of ice cloud and one underlying layer of liquid cloud.
It has also been observed that very good agreement is found
with the theoretical results presented in the previous sections.
In order to complete this case study, a posterior information
content analysis has also been performed and is presented
in Figure 7.

The total DOFs are represented in Figure 7(b) and (c) by a
black line. This total value has been decomposed, similarly to
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Figure 7. (a) Cloud profile using in the retrievals. (b) The black line represents
the total DOF in the state space. The decomposition of this total DOF in partial
DOF is represented underneath with a colour code. (c) Similar to (b), in the
measurement space. Contributions are represented from down (for the strongest)
to up (for the weakest).

the process followed in the previous section, in partial DOF in
the state (Figure 7(b)) and measurement (Figure 7(c)) spaces.
It can be observed in Figure 7(b) that full information can
generally be obtained on each parameter in the case of single- and
double-layer cases. Additional information can be obtained on the
optical thickness of the low liquid layer in the case of triple layers
around 46.4◦. In contrast to Figure 7(b), Figure 7(c) presents the
decomposition of the total DOFs by order of contribution. The
channel represented by the lower coloured layer will correspond
to the ‘first contribution’ and the coloured layers above it will
correspond to the higher contributions. For instance, at 49.0◦ of
latitude, the 0.85 µm channel provided the ‘first contribution’,
followed by the 2.13 µm channel and finally the 12.06 µm channel.
Strong agreement is again found with the previous theoretical
study. The 12.0 µm channel seems to provide most information
on the IWP in the case of single and double layers, when its value
is less than 12–15 g m−2, or the 10.66 µm channel above. The 0.85
and 2.13 µm channels are used for the liquid cloud properties and
the 8.65 µm channel is additionally used in the case of a triple
layer.

Finally, comparisons between our results and retrievals
from the SL methodology are presented. In situ observations
and CALIOP operational retrievals are also included in the
comparisons. The latter two should, however, be seen as tools
for judging the quality of multilayer retrievals by comparison
with single-layer retrievals within this case study, rather than
as an attempt at validation of the ML methodology itself (for
which more statistics would be necessary). For reasons of brevity,
only comparisons of volume extinction coefficients are shown
here. These are presented in Figure 8(a) for a short area that
includes multilayer scenes. The SL vertically averaged extinction
coefficients (black dots) are extracted from the ice cloud optical
thicknesses retrieved by the SL methodology, using the cloud
geometrical thickness provided by CALIOP. The in situ extinction
coefficients (red dots) were measured by a polar nephelometer
(Gayet et al., 1997). The ML extinction coefficients (blue dots)
are obtained directly from the vertically averaged retrieved
IWCs and the corresponding in-cloud temperature, using the
parametrization by Baran (2012) presented in section 2.3.5.
Figure 8(b) shows the extinction obtained from the CALIOP
5 km operational product (Vaughan et al., 2009), together with
an indication of the flight altitude (black line). A vertical average
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Figure 8. (a) Comparisons of retrievals of visible extinction obtained by the SL (black dots) and ML (blue dots) retrieval methods, with in situ estimates obtained by
the polar nephelometer during the case study (red dots). The green dots correspond to a vertical average of CALIOP 5 km visible extinction retrievals. (b) Visible
extinction profile retrieved by the CALIOP 5 km operational algorithm. The altitude of the aircraft is indicated by a black line.

of this extinction profile is presented in Figure 8(a) (green dots).
It can be seen from Figure 8(b) that the extinction profile is
relatively vertically homogeneous along the multilayer area (from
46.0 to 47.0◦). This observation therefore allows us to compare the
vertically averaged properties obtained from our methodologies
with the in situ observations and the lidar retrievals. In the area
between 45.5 and 46.0◦, good agreement can be found between
the SL and ML methods. However, it can be observed that the
extinction retrieved by the SL and the ML methods differs strongly
between 46.0 and 46.5◦, where the optical thickness of the mid
liquid layer is high (cf. Figure 6(g)). We also notice very high
uncertainties in the SL retrievals in this area. It therefore appears
clear that the SL method is strongly impacted by the uncertainties
in the underlying mid layer, whereas the fact that the ML
methodology retrieves the properties of this layer simultaneously
allows it to be in better consistency in the retrievals. Furthermore,
the ML retrievals at latitudes between about 46 and 47◦ are in
broad agreement with the CALIOP estimated volume extinction
coefficient and with the in situ estimates, as shown in Figure 8(a)
and (b). No further analyses have, however, been performed here,
since such comparisons between CIRCLE-2 observations and
CALIOP measurements and products can already be found in the
study by Mioche et al. (2010). It can nevertheless be noted that the
volume extinction coefficient obtained using the ensemble model
optical properties is generally within the standard deviation of
both the in situ and CALIOP measurements. This observation
is perfectly consistent with the studies of Baran et al. (2009,
2011b, 2014), which demonstrated that the ensemble model can
predict to within current experimental uncertainties the volume
extinction coefficient of cirrus.

5. Summary and conclusions

This study presents a methodology that allows simultaneous
retrieval of the properties of ice and liquid-water cloud layers,
using a set of five channels of radiometric measurements. The
IWP of one ice-cloud layer and the optical thickness and droplet
effective radius of up to two liquid-water cloud layers are thus
retrieved, along with uncertainties, thanks to the use of an optimal
estimation method. It should be noted that only retrievals over
an oceanic surface have been attempted here.

In the first part of this article, a theoretical information
content analysis shows that, in a double-layer configuration,
strong information should be expected for each parameter to be
retrieved if τlow is higher than about 10 and the IWP is between
1 and 60 g m−2. In contrast, in a triple-layer configuration, one
should not expect to retrieve more than four parameters from
the state vector. The following study of partial DOFs has allowed
us to determine which parameters could be retrieved and which
set of channels provides the necessary information. This type of
study appears extremely important for a deep understanding of
retrieval methodologies, by quantifying their a priori capabilities
and limitations. Finally, it has been theoretically determined that,

under certain IWP and τlow conditions, relative errors better
than 10% could be expected in each of the retrieval parameters
in a double-layer configuration. The uncertainties are, however,
strongly increasing in triple-layer configurations.

In the second part of this article, the ML methodology has
been applied to A-Train radiometric measurements in a small
case study that contains each treatable cloud configuration
(single to triple layer). The results of the retrievals show an
extremely good consistency with the previous theoretical study.
Each cloud parameter has been retrieved with an acceptable
range of uncertainty. A study of the cost function also shows
that these retrievals allow the forward model to be in most
cases perfectly coherent with the measurements. A posteriori
total and partial DOFs have also been calculated and are again
consistent with theoretical expectations. Finally, our retrievals
are compared with results of the single-layer (SL) retrieval
methodology developed by S13. These comparisons show that the
ML methodology helps to improve the retrieval of ice extinction
in multilayer configurations considerably and that its results are
in much better agreement with in situ estimates and CALIOP
retrievals.

Overall, this study shows the possibility of retrieving accurately
and simultaneously the properties of ice and liquid-water
cloud layers from radiometric measurements. Of course, several
limitations appear in our methodology, such as the fact that
multi-layer retrievals are limited to daytime conditions and
are narrowed to the track of CALIOP. Theoretical information
content analyses nevertheless helped to quantify under which
conditions the retrievals obtained from our methodology should
be meaningful. The case study appears to be in excellent agreement
with these predictions, but a larger number of retrievals is
necessary for better statistics. In a future article, a statistical
analysis of the results of our methodology (in term of retrievals
and uncertainties) will be presented. These results will additionally
be compared with diverse operational products obtained from
passive and active instruments of the A-Train. These comparisons
will allow us to validate our retrieval method and to understand
the impact of multilayer configurations on these operational
products.
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