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Abstract. This paper describes an algorithm for above-cloud aerosol (ACA) retrievals from PARASOL (Polarisation and
Anisotropy of Reflectances for Atmospheric Science coupled with Observations from a Lidar) Multi-Angle Polarimetric mea-
surements. The algorithm, based on neural networks (NNs), has been trained on synthetic measurements and has been applied
to the processing of one-year PARASOL data. The algorithm makes use of three subsequent NNs: 1) for the detection of liquid
clouds, 2) for the retrieval of aerosol properties for ACA cases, and 3) an NN forward model to evaluate the goodness-of-fit
of the retrieval. The NN’s theoretical capability of retrieval is investigated by several synthetic data studies. It is shown that
the NN-is-able-to-retrieve-ACAOTNNS retrieve ACAOT55¢ (above cloud aerosol optical thickness, at 550 nm), AE(Angstrom
exponentyqaro (Angstrom exponent, between 440 nm and 670 nm), and SSAs (single scattering albedoy-yielding-, at 550
nm) with an RMSE (root mean squared error) of ~ 0.1 on ACAOT}j50, ~ 0.4 on AE44q_g7g and ~ 0.04 on SSAj55 in synthetic
experiments. Finally, comparison between the NN retrievals and adjacent PARASOL-RemoTAP elearsky-clear-sky retrieval
in 2008 shows good agreement within the range thatis-expected from the synthetic study.

1 Introduction

Knowledge about above-cloud aerosol (ACA) is important for understanding aerosol’s impact on Earth’s energy balance and
climate dynamics (Li et al., 2022). From a perspective of aerosol-radiation interaction, it leads to large regional variations in
the aerosol direct radiative effect (DRE; Lacagnina et al. (2017); de Graaf et al. (2020); Wilcox (2012)). The sign of the abeve
cloud-aerosol-directradiative-effee ACA’s DRE may differ from that of a clear-sky situation (de Graaf et al., 2023), which
depends on a number of factors including the cloud albedo, the aerosol type and its level of absorption (Lenoble et al., 1982;
Keil and Haywood, 2003; Peers et al., 2015; Kacenelenbogen et al., 2019). Furthermore, when absorbing aerosols are located
above stratocumulus clouds, warming of the layers above the clouds stabilizes the boundary layer, reducing entrainment rates
and fostering a moister boundary layer. This may ultimately result in an increased liquid water content and the preservation of
cloud cover (Johnson et al., 2004; Brioude et al., 2009). However, uncertainties arise when aerosol and cloud properties are not

adequately known, impacting ACA’s DRE estimation (de Graaf et al., 2020) and our understanding of aerosol-cloud interaction
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(Arola et al., 2022). Therefore, obtaining better-retrieved properties for aerosols and clouds in ACA scenarios is important for
a comprehensive understanding of the ACA's effect on both radiation and clouds.

Satellite-based remote sensing plays a crucial role in quantifying the aerosol direct effect (Myhre et al., 2009; Lacagnina

. For passive sensors, the largest information content on aerosols is available from multi-angle, multiwavelength measurement:
of both radiance and polarization (Mishchenko and Travis, 1997; Hasekamp and Landgraf, 2007; Dubovik et al., 2019). This
type of instrument is referred to as a Multi-Angle Polarimeter (MAP) in this study. Three versions of the POLarization and
Directionality of Earth Re ectances (POLDER) instrument have own since 1995. Only POLDER-3 on PARASOL has pro-
vided a multi-year data set between 2004 to 2013. The instrument 3MI (Fougnie et al., 2018), which is an improved version of
POLDER, is scheduled to launch in 2025 on the Metop SG-A satellite. The NASA PACE mission (Werdell et al., 2019), which
launched in February 2024, signi cantly improves aerosol and cloud retrieval capabilities through advanced MAP measure-
ments, in terms of accuracy as well as spectral and angular sampling. PACE includes two polarimeters: SPEXone (Hasekamg
et al., 2019a; Fu et al., 2025), providing hyperspectral measurements at ve viewing angles, and HARP-2, providing hyper-
angular measurements at four discrete spectral bands. PACE is the rst mission in over a decade to deliver advanced MAP date
products for aerosols and clouds.

Currently, measurements from satellite-borne MAP instruments can be used to retriegetoucaeroselACA properties,
as theabeveeleudaereselACA can signi cantly affect the re ected polarized radiang&n a certain range of scattering an-

gles (Knobelspiesse et al., 2018)aquet et al. (2009resentecdnalgorithmfor abovecloudaerosolpropertyretrievalfrom

backscatteat532and1064nm, whereextinctionandaerosobpticalthicknesgAQOT) is derivedfrom, anddepc
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The use of Neural Networks (NNs) provides a promising alternative for physics-basedeandp-table-{(tdF)-LUT
retrievals because of the ef ciency in computation and the possibility to take into account the effect on the measured signal of
different parameters (e.g., surface re ection) without explicitly retrieving them (e.g., Yuan et al. (2024)). NNs have been used
successfully in polarimetric remote sensing of aerosols by e.g. Di Noia et al. (2017), Gao et al. (2021a), Segal-Rozenhaimer
et al. (2018), and Gao et al. (2021b), as well as for polarimetric remote sensing of cloud microphysical properties by Di Noia
etal. (2019). This work aims at developing @pevectoudaecroselACA detection and retrieval scheme for MAP instruments,
and focuses on the POLDER-3/PARASOL instrument (hereafter simply referred to as PARASOL) because it is the only MAP
with a long-term data set.

The paper is organized as follows: Section 2 introduces the data used in the study, Section 3 deséiibesitNetwork
NN con gurations and the datasets used for the training, Section 4 investigates the performanéésafrthibietork NN on
different synthetic datasets, Section 5 shows the data processing of one year (2008) PARASOL measurements and compariso
with adjacent PARASOL-RemoTAP clear-sky aerosol retrievals. Finally, Section 6 summarizes and concludes this paper.

2 Data description

2.1 PARASOL

PARASOL (Fougnie et al., 2007) provided multi-angle observations (up to 16 viewing angles per ground pixel) in 9 spectral
bands (443, 490, 565, 670, 763, 765, 865, 910, 1020 nm) for intensity and 3 spectral bands for Stokes parameters Q and U (49C
670, 865 nm). The mission was operational in the period 2004-2013 (until 2009 as part of the NASA A-Train satellite con-

stellation). The level 1 data asssvidesacesrmmensinuseidalbaridatossrdmaieh withcrenndebaloaiosoredmately

Of 14lsse|eCted "
2.2 PARASOL RemoTAP aerosol retrievals

In this study, PARASOL RemoTAP (Remote Sensing of Trace Gas and Aerosol Products) aerosol retrievals provide some of the
aerosol and surface properties in the training set and are also used for evaluation of the NN ACA retrievals on real PARASOL

measurements. The RemoTAP PARASOL retrievals herein (Hasekamp et al., 2024) are based on a parametric 3-mode aerost
description characterized by three log-normal size distribution madigs;ts= 3): one ne mode and two coarse modes (dust

and soluble). A detailed overview of RemoTAP can be found in Hasekamp et al. (2024) and Lu et al. (2022).
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2.3 Cloud phase from MODIS-Aqua cloud product

The MODIS cloud phase product used in this work is generated at 1-km (at nadir) spatial resolutions from MODIS-Aqua L2
data product (MYDO06_L2, Platnick et al. (2015)). Five different cloud ags are categorized in the product: liquid cloud, ice
cloud, mixed cloud, uncertain and clegierein-In this work, a pixel is marked as liquid phasieudonly when the fraction of
liquid-cloud- agged 1-km-resolution MODIS pixels withinkm—6km-6 km 6 km PARASOL grid cell is larger than 80%.

2.4 AERO-AC abovecloud aerosolretrievals

3 Methodology

3.1 General settings of the forward simulation

Theneuratnetwork{NN--NN training in this study utilizesresynthetic measurementsiepb-ef-atomosphergitensityveeter

of wavelength and viewing-solar geometries. The synthetic measurements are generated by the RemoTAP forward model
(Hasekamp and Landgraf, 2002, 2005; Schepers et al., 2014), which is a linearized radiative transfer model employed in the
RemoTAP retrieval algorithm (Hasekamp et al., 2011; Fu and Hasekamp, 2018; Fu et al., 2020; Lu et al., 2022; Fu et al.,

2025). In the calculation of the synthetic measurements, liquid clouds are represented by spherical particles with a Gamma

hexagonal crystals with varying aspect ratios and surface distortions are used as proxies for variable-complex-shaped ice
crystals (van Diedenhoven et al., 2020). The aerosol size distribution follows three log-normal modes, as described in Lu et al.
(2022), where each mode is described by the effective rgdigs effective variancéver), complex refractive index (dependent

X
m( )= kM (); 1)



120

125

130

135

140

145

150

wheremK( ) are prescribed functions of wavelength, for which we use standard refractive index spectra for different aerosol
components, i.e., dust (Torres et al., 200@@rganicsandwater-solubleplack carbon (d'Almeida et al., 1991), and organic

carbon (Kirchstetter et al., 2004). The Mie- and T-matrix-improved geometrical optics database (Dubovik et abrQO06)

s usedfor the computation from aerosol microphysical properties to optical propertiesgHaeoicaspectatiodistribution
proposednthedatabasés utilizedto calculateopticalpropertiedorthespheroid-sphemixture. Theocean re ection proper-

ties are parameterized based on wind speed as described in Cox and Munk (1954), and chlorophyll-a concentration as outline
in Fan et al. (2019). For land surface simulations, the bidirectional re ectance distribution function (BRDF) is parameterized
using the Ross-Li model (Wanner et al., 1995), while the bidirectional polarization distribution function (BPDF) is parameter-
ized as in Maignan et al. (2009).

variable-sized input vector to the NN or, as an alternative, an input vector with missing data.
3.2 Neural Network training

This work focuses on retrieving the properties of aerosols which are located above a liquid cloud layer, and the retrieval process
is depicted in Figure 1. Three NNs are used in the process: 1) NN cloud mask, to select pixels covered by a liquid cloud, 2) NN
for aerosol retrieval and 3) NN surrogate radiative transfer model (hereafter referred to as NN forward model). The NN forward

model isimplemente

VZA, RAA and scattering angle) as input and outputs liquid cloud fraction and ice cloud fraction separately. The independent
pixel approximation (IPA) is used to generate partly cloudy cases in the training set, as described in Yuan et al. (2024). The
training set consists of 8 million samples including 20% cloud-free pixels, 10% fully covered by liquid cloud, 10% fully
covered by ice cloud, and the other 60% partly covered by a mix of liquid cloud and ice cloud. The total cloud fraction is
uniformly distributed in a square space (probability density functig®) = x?) with more cloud fractions close tbin-erder
te-aequirebettersensitivityl, This settingreduceghecloudmask'sability whenCF< 0:8 butmakest moresensitiveat almost



Figure 1. A owchart of the NN ACA retrieval process. Three NNs (in the purple rectangles) are used in the process: NN for cloud mask,
NN for ACA retrievals and NN forward model. MODIS cloud phase data are used to screen out the residual thin cirrus above liquid clouds.
The aerosol retrieval will be discarded if any of the following situations happen: 1) NN liquid cloud fraction < 0.8, 2) NN ice cloud fraction

> 0.2, 3) MODIS suggests the cloud phase is not liquid, or 4) the goodness-ot) t(5.



155

160

165

170

175

180

185

aerosol layer is located above the cloud top, in order to improve NN 's ability to produce liquid and ice cloud fractions in areas
of interest for this study. A pixel will be further processed if this NN outputs a quuid cloud fraction > 0.8 and an ice cloud

PARASOL measurements alone.

The aerosol retrieval NN takes the input of MAP measurements (i.e., radiance and DoLP), together with the observation
geometry. It produces both ne mode and dust mode aerosol properties and underlying liquid cloud properties. Here we use a
bi-modal aerosol description, where the size distribution is characterized by two log-normal modes, comprising one ne mode

and one coarse mode representing dust. The state vector of the ne mode intlelésctiveradius(r o) effectivevarianed,
Vefr}spherieafractiond, f spn), aerosol column numbeNGe,), sphericafraction{fsprs-and refractive index coef cients( «),

which correspond to the standard refractive index spectra of inorganic aerosol (real part), black carbon (imaginaycart)
organic carbon (imaginary pargndwater. The state vector of the dust mode (consisting of hon-spherical dust) inclgdes

Veff, Naerand a coef cient for the imaginary part of the dust refractive index. The pararhgigs xed to 0 andeg—. « of the

dust refractive index real part is xed to 1. The liquid cloud properties included in the state vectdead®pticatthickness
{€OT)COT, cloud layer height (CLH), and the liquid dropleffectiveradius{ver)-aneeffectivevarianee(l e and Ves). To

better represent the real situations, the ne-mode fraction (fraction of ne modes&Qiver the total AOTso) is randomly

taken from PARASOL-RemoTAP clear-sky retrievals, while the total ACA{9Tis randomly generated by a log-uniform
distribution between 0 and 2. It should be noted that the coarse soluble mode is not considered in this step as itésadisually
the-atmespher@ndheneebelow the cloud layer. An overview of the distribution for the different state vector elerfwenis

the training set are given in Table A2. The intensity and DoLP, as a function of wavelength and viewing angle, are compressed
using a principaI component analysis (PCA) before the training. A total of 25 principal components are retained for radiance

The NN for forward calculation is de3|gned to reproduce the MAP measurements from the viewing geometries and the
retrieved properties, including aerosol properties of both ne mode and coarse mode and the liquid cloud properties. To make
the forward model exible in viewing geometries, it is trained separately per viewing direction and with the uniformly random-
generated SZA, VZA and RAA. For each aerosol retrieval, the NN should be applied 14 times to simulate a MAP measurement
at 14 viewing angles. The goodness-of- t criterion is calculated as:
o 1% (yi Fi)? ;

== 2

)

wheren is the total channel of measurements, gndF; respectively stands for the satellite measurements and the NN
reproduced measurements at the i-th channel. For the PARASOL measurements in this study, a total of 126 channels are use
including 6 wavelengths for intensity and 3 wavelengths for DoLP with 14 viewing angles per wavelength. The i®othe
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estimated absolute noise of each channel. Here we use a relative noise of 0.02 for the intensity and an absolute noise of 0.01
for DoLP.

It should be noted that the NN forward model is not a complete forward model. It only works for pixels fully covered by
a liquid cloud without any radiative contribution from the surface and is designed only for the purpose of goodness-of- t

the whole training set is equally and randomly divided into several fartherseparatedhto training set,90%samplesand

For the cloud mask and retrieval NN, we add measurement noise to the training set as a form of regularization (Bishop,
1995). The measurement noise is modeled as a Gaussian random number with a zero mean and a standard deviation of 1 %-
% relative noise for intensity and 0.012 absolute noise for DoLP.
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In this study, Pytorch (version 1.11.0, https://pytorch.org/, last accessed: 11 October 2021) is used to implement the NNs,
which are structured as multi-layer perceptrons (MLPs). The training process employs the backpropagation (BP) algorithm

the NN forward model has 192 neurons. The detailed statistical distribution of the training sets can be found in the appendix
Al, A2 and A3.

4 Synthetic experiments

To test the compatibility of the algorithm for different aerosol conditions, we apply the NN to three datasets: 1) based on a
uniform distribution of the ne-mode fraction between 0 and 1, as a baseline, 2) ne mode dominated cases only ( ne-mode

fraction > 0.7), and 3) dust mode dominated cases only ( ne-mode fraction < 0.3). Details on the statistical distribution of the

for both land and ocean. Details on the statistical distribution of the datasets can be found at Appendix B2.



ne-mode-aerosol-dominated cases and dust-mode-aerosol-dominated cases (a, b, ¢) while others contain only ne-mode-aerosol-dominatec
cases (d, e, f) or dust-mode-aerosol-dominated cases (g, h, i). The x-axis is the truth of the property and the y-axis is the NN retrieval.

10
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over land, we see that the RMSE decreases with increasing COT when COT < 20 and then stays constant. This behavior can b
explained by the fact that for COT < 20 the measurement is still affected to some extend by the underlying surface which causes
a large RMSE. Over oceaneseean opposite effeds observedexcept for very small COT), because the contribution from

the ocean is relatively small and a smaller COT waattdnenhance the relative contribution of the aerosol signal compared to

the cloud signal.

11
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5 Application on PARASOL data

5.1 Comparison between PARASOL-NN above cloud aerosol retrievals and adjacent RemoTAP clear-sky aerosol

retrievals

The ACA retrievals are evaluated with nearby RemoTAP clear-sky aerosol retrievals in 2008 (Hasekamp et al., 2024) within

the samel 1 grid cell. If a grid cell contains at least@eveeloud-ACA retrievals and at least 3 clear-skgrosolre-

becausgpart of the aerosolsarelocatedbelow the clouds. The ACA seemgo be slightly smallerin size (largerAEa440 670)

of 0.155. This is larger than the RMSE for the synthetic experimer®:{0) but we should keep in mind that the clear-sky
RemoTAP retrievals do not provide an exact reference. In the rst place, the retrieval error in the RemoTAP clear-sky retrievals
(based on AERONET validation) is 0:10 over land and 0:05 over ocean (Hasekamp et al., 2024). Second, we will in

over ocean (Hasekamp et al., 2024). For $pAthe RMSD (0.0586) is somewhat larger than in the synthetic experiment, but
in general, the results suggest that the intrinsic aerosol properties (AE and SSA) are more compazéablecfefoudACA

and adjacent clear-skyerosolretrievals than the AOTalthoughthe correlationof SSAsso. is low (0.37).To demonstratg¢he

12



(a.d. g) showshothihe ACA andtheclear-skyaerosoketrievals,The middlegolumn(b, £, h) is the ACA refrievalsandtheright column(c,
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