L & B T o

Hauts-de-France

University of Lille
Doctoral school of Matter, Radiation and Environmental Sciences
Laboratory of Atmospheric Optics

Thesis presented by
Yuyang CHANG

Retrieval of height-resolved aerosol components
using high performance multiwavelength
Raman-depolarization-fluorescence lidar

Defense on 5th December 2023 to obtain the doctoral degree

Discipline: Sciences of the Earth and the universe, space.
Specialty: Earth, fluid envelopes

Reviewers

Adolfo COMERON Professor Universitat Politécnica de
Catalunya, Spain

Iwona STACHLEWSKA  Professor University of Warsaw, Poland

(President of the Jury)

Examinators

Daniel PEREZ-RAMIREZ Professor University of Granada, Spain

Oleg DUBOVIK Professor University of Lille, France

Alain MIFFRE Associated professor  Lyon 1 University, France

Igor VESELOVSKII Professor Russian Academy of Sciences,
Russia

Inviter

Sergey KHAYKIN Professor Sorbonne University, France

Supervisor

Philippe Goloub Professor University of Lille, France

Co-supervisor
Qiaoyun Hu Doctor University of Lille, France






Université ' P
Lu' de Lille & '

EDSMRE

<
CoPPAH

Hauts-de-France

Université de Lille
Ecole doctorale Sciences de la Matiére, du Rayonnement et de 1’Environnement
Laboratoire d’Optique Atmosphérique

Thése présentée par

Yuyang CHANG

Développement d’une nouvelle technique de
mesure du profil atmosphérique en aérosols a
P’aide d’un lidar Raman-dépolarisation-
fluorescence

Soutenue le 5 décembre 2023 pour obtenir le grade de docteur

Discipline : Sciences de la terre et de I’'univers, espace
Spécialité : Terre, enveloppes fluides

Rapporteur
Adolfo COMERON Professeur

Iwona STACHLEWSKA Professeure
(Président du Jury)

Examinateur

Daniel PEREZ-RAMIREZ Professeur

Oleg DUBOVIK Directeur de recherche
Alain MIFFRE Maitre de conférences
Igor VESELOVSKII Professeur

Invité

Sergey KHAYKIN Professeur

Direction de thése

Philippe Goloub Professeur
Co-encadrement

Qiaoyun Hu Docteure

Universitat Politécnica de
Catalunya, Espagne
University of Warsaw, Pologne

University of Granada, Espagne
Université de Lille, France
Lyon 1 University, France
Russian Academy of Sciences,
Russie

Sorbonne Université, France

Université de Lille, France

Université de Lille, France






Abstract

Vertical information on aerosol optical and microphysical properties is of significant
importance to study aerosol evolution, transport, as well as their impacts on human health, local
environment and global climate. This thesis developed an algorithm, the Basic algOrithm for
REtrieval of Aerosol with Lidar (BOREAL), for retrieving heigh-resolved aerosol
microphysical properties from combinations of extinction, backscattering and depolarization
lidar measurements. Based on maximum likelihood estimation, the retrieval algorithm uses a
nonlinear iteration approach to search for the best fit to both measurements and constraints.
The retrieved aerosol microphysical properties include particle size distribution, volume
concentration, effective radius, complex refractive index (CRI) and single scattering albedo
(SSA).

The performance of BOREAL, retrieval accuracy and measurement sensitivity are assessed
through simulated data. In general, retrieval accuracy is higher for fine-mode particles than
coarse-mode particles. The simulations demonstrate the importance of exploiting a priori
constraint to improve the retrieval accuracy of CRI and SSA. Apart from spherical particles,
performance of retrieving non-spherical particles is also evaluated by integrating three different
particle scattering models, i.e., the Sphere, Spheroid and Irregular-Hexahedral (IH) models,
into BOREAL. The results show incorporating depolarization measurements into inversion is
essential to better constrain and stabilize the retrieval. Besides, approximating non-spherical
particles to spheres will evidently degrade retrieval quality in cases of lidar measurements. In
addition, BOREAL is applied to real lidar observations of different aerosol types, including
biomass burning, dust and continental polluted aerosols at the ATOLL observatory. Results are
analyzed and compared with retrievals from AERONET and previous studies, which
demonstrates the robustness of BOREAL for real data application and aerosol characterization.

Overall, this work contributes to Labex CaPPA and ACTRIS efforts to better quantify

aerosol microphysical properties using lidar measurements.

Keywords: atmospheric aerosol; remote sensing; inverse problem; lidar measurements;

aerosol microphysical properties, BOREAL.
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Résume

La connaissance de la répartition verticale des propriétés optiques et microphysiques des
aérosols est cruciale pour étudier I'évolution et le transport des aérosols, ainsi que leurs impacts
sur la sant¢ humaine, 1'environnement local et le climat mondial. Dans ce travail nous avons
développé un algorithme BOREAL pour restituer les propriétés microphysiques des aérosols a
partir de combinaisons de mesures lidar d'extinction, de rétrodiffusion et de dépolarisation
spectrales. Basé sur une estimation de vraisemblance maximale, 1'algorithme de restitution
utilise une approche d'itération non linéaire pour rechercher la meilleure adéquation entre les
mesures et les contraintes. Les propriétés microphysiques des aérosols restituées comprennent
la distribution de taille des particules, leur concentration volumique, leur rayon efficace,
l'indice de réfraction complexe (CRI) et 1'albédo de diffusion simple (SSA).

Les performances de BOREAL, sa précision et la sensibilit¢ des mesures sont évaluées a
l'aide de données simulées. En général, la précision de la restitution est meilleure pour les
particules de mode fin que pour les particules de mode grossier. Les simulations démontrent
l'importance de l'exploitation de contraintes a priori pour améliorer la précision de la restitution
du CRI et du SSA. Outre les particules sphériques, la performance de la restitution des
particules non sphériques est également évaluée en intégrant trois modéeles de diffusion de
particules différents, a savoir les modeles Sphérique, Sphéroidale et Irrégulier-Hexaédrique
(IH), dans BOREAL. Les résultats montrent que l'intégration des mesures de dépolarisation
dans l'inversion est essentielle pour mieux contraindre et stabiliser la restitution. De plus,
l'approximation des particules non sphériques par des spheres dégrade manifestement la qualité
de la restitution. Enfin, BOREAL est utilisé¢ pour restituer les propriétés aérosols au cours
d’événements de feux de biomasse, de poussieres désertiques et les d’aérosols continentaux
pollués détectés depuis la plateforme ATOLL. Les résultats sont analysés et comparés aux
restitutions d'AERONET ainsi qu'aux résultats d’études précédentes, ce qui démontrer la
robustesse de BOREAL pour l'application de données réelles et la caractérisation d’aérosols.

Ce travail contribue aux études menées dans le cadre du Labex CaPPA et d’ACTRIS en

quantifiant les propriétés microphysiques des aérosols a partir des observations lidar.

Mots-clés : aérosols atmosphériques; télédétection; probléme inverse; mesures lidar;

propriétés microphysiques des aérosols, BOREAL
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1 Introduction

1.1 Context

By definition, aerosol is a suspension system of solid or liquid particles in the atmosphere
(Hinds and Zhu, 2022). Aerosol particles can be produced by both natural processes and
anthropogenic activities, with radius ranging from several nanometers to a few tens of
micrometers determined by their formation mechanisms (Lenoble et al., 2013). In general,
particles with diameters greater than 1 pm (e.g., mineral dust and sea salt) are mostly formed
by wind-driven processes and to the contrary, particles with diameters less than 1 um are
usually formed by combustion or chemical conversion of the gaseous precursors (e.g., sulfate,
soot and particulate organic matters) (Liou, 2002). Studies on aerosols are provoked by several
reasons. Firstly, aerosols can have a negative impact on human health. These particulate matters
might contain various bacteria, viruses or carcinogenic constituents, and depending on the size
they can be inhaled and populated in different parts of the human body (Elder et al., 2009).
Secondly, aerosols play roles in local environment. Anthropogenic secondary sources like
ammonia, nitrogen or sulfur oxides are main causes of eutrophication and acid deposition
(Smith and Schindler, 2009; Likens et al., 1996). Besides, outbreak of mineral dust or volcanic
ash can severely reduce traffic visibility.

What’s more important is that aerosol is a crucial atmospheric agent that impacts the Earth
radiation budget (ERB), a key driver of water cycle, atmosphere and ocean dynamics and
thermodynamics, as well as global climate change (Hansen et al., 2005). The change of top-of-
atmosphere (TOA) ERB due to the perturbation of aerosols excluding any long-term radiative
response to a change in the global surface air temperature (GSAT) is referred to as the effective
radiative forcing (ERF) of aerosols (Boucher et al., 2014; Sherwood et al., 2015). Aerosols can
contribute to ERF by aerosol-radiation interaction (ERFari) and aerosol-cloud interaction
(EFRaci), both consisting of the instantaneous radiative forcing (IRF) and adjustments, as
shown in Figure 1.1. In ERFari, solar radiation is, on the one hand, directly scattered or
absorbed by aerosols (instantaneous radiative forcing by aerosol-radiation interactions, or
IRFari) and, on the other hand, adjusted due to IRFari-induced changes in clouds, lapse rate

and water vapor. In ERFaci, aerosols serve as cloud condensation nuclei (CCN) for water
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clouds and nucleating particles (INPs) for ice clouds (Ullrich et al., 2017; Mahrt et al., 2018)
to change cloud albedo (Twomey, 1959) (instantaneous radiative forcing by aerosol-cloud

interactions, or IRFaci), as well as to influence cloud lifetime and thermodynamics (Albrecht,

1989) (adjustments).

Effective Radiative Forcing by aerosol- Effective Radiative Forcing by aerosol-
radiation interactions (ERFari) cloud interactions (ERFaci)
Instantaneous Radiative Adiustments Instantaneous Radiative Adiustments
Forcing (IRFari) ! Forcing (IRFaci) !

’:”:
1

radiative

o,

——

~.
~—

o

Figure 1.1. Schematic of how aerosols influence Earth radiation budget (ERD) by means of effectiv
forcing (ERF). (Adapted from (Boucher et al., 2014))

Simulation from Earth system models (ESMs) combined with aerosol-chemical transport
models is an essential and unique way to estimate total ERF of aerosols (Liou, 2002). At the
same time, combined use of ESM simulations and global observations has been proved
effective to reduce the estimate uncertainty (Boucher et al., 2014). Aerosol optical and
microphysical properties derived from observations and corresponding retrievals, on the one
hand, are directly related to TOA, surface energy fluxes and IRF (Ma et al., 2014; Gryspeerdt
et al., 2017) and, on the other hand, can be used to constrain, validate and improve ESMs (Lund
etal., 2018; Bender et al., 2019; Seifert et al., 2015). Based on agreement between observation-
based and modeling-based evidence, the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change (IPCC-ARG6) (Forster et al., 2021) gives virtually certain negative
ERF of total aerosols with medium confidence, compared with the most positive ERFs of
carbon dioxide and other well-mixed green-house gases (GHGs) with high confidence, as
shown in Figure 1.2. The larger uncertainty for aerosols compared to GHGs results from their
great variability in tempo-spatial distribution and differences in size, shape, phase and chemical
composition. To the contrary, observation- and retrieval- based studies aiming at characterizing
aerosol properties and improving understanding of interactions between aerosols and other

components, especially in regional scales, are still insufficient (Forster et al., 2021).
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Change in effective radiative forcing from 1750 to 2019 >
ERF (W m~2)

2.16 [1.90 to 2.41]
0.54 [0.43 to 0.65]

Carbon dioxide

Other well-mixed
greenhouse gases

Ozone 0.47 [0.24 to 0.71]
Stratospheric 0.05 [0.00 to 0.10]
water vapour ) )

Albedo PEndlse Light absorbing particles on -0.20 [-0.30 to -0.10]

snow and ice 0.08 [0.00 to 0.18]

Contrails & aviation- 0.06 [0.02 to 0.10]

induced cirrus

T -0.22 [-0.47 to 0.04]
Aerosols Aerosol-cloud Aerosol-radiation -0.84 [-1.45 0 -0.25]

Total anthropogenic _—1 2.72[1.96 to 3.48]

Solar |-|-| -0.02 [-0.08 to 0.06]

-2 -1 0 1 2 3
Effective radiative forcing (W m~2)

Figure 1.2. Change in effective radiative forcing (ERF) from 1750 to 2019 by contributing forcing agents. Bars
represent best estimates and very likely (5-95%) ranges are given by error bars. Aerosols are broken down into
contributions from aerosol-cloud interactions (ERFaci) and aerosol-radiation interactions (ERFari). (cited from

Forster et al., (2021))

There are two main categories in observation technique, namely in-situ measurements and
remote sensing. In-situ measurements collect aerosol samples at the interested point and make
direct measurements. The instruments used for in-situ measurements are usually operated in a
well-controlled environment and capable of providing rich measurements of aerosol optical
and microphysical properties as well as chemical composition. When operated in an aircraft,
in-situ measurements can collect aerosol samples at different altitudes so as to obtain vertical
profiles (Osborne et al., 2008; Reid et al., 2008). Nevertheless, the sampling and collecting
processes of in-situ measurements may alter the state and ambient conditions of the aerosol to
be measured (Spanu et al., 2020). Moreover, it is hard for in-situ measurements to provide large
spatial coverage. Remote sensing technique detects the radiation interacting with the object
without making direct contact. Compared to in-situ measurements, remote sensing does not
change the object’s original state and realizes continuous observations in a large tempo-spatial
scale (Lenoble et al., 2013). According to if an active radiation source is equipped or not,
remote sensing can be categorized into active (with the active radiation source) and passive
(without the active ration source) types; based on the platform where the remote sensor is
operated, it is able to be divided into ground-based and space-borne types. Each type of remote
sensing methods has its advantages and disadvantages and different methods are often jointly

employed to maximize the information of the measurements.
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There have been considerable efforts and collaborations to observe and study aerosol in
international, national and regional scales. Space-borne projects and missions, such as the Polar
System — Second Generation platform by the European Organization for the Exploitation of
Meteorological Satellites (EUMETSAT) (Marbach et al., 2015), A-Train by the National
Aeronautics and Space Administration (NASA) and its international partners (Schoeberl, 2002),
GOSAT series satellites by the Japan Aerospace Exploration Agency (JAXA) and China High-
Resolution Earth Observation System by Chinese National Space Administration (CNSA) (L1
et al., 2018), have been completed, ongoing or in preparation. For ground-based observations,
there have been more extensive collaborations to connect individual observatories as networks.
The AErosol RObotic NETwork (AERONET) is a word-wide ground-based remote sensing
aerosol network firstly established by NASA and PHOtométrie pour le Traitement
Opéraitonnel de Normalisation and Satellitaire (PHOTONS) and developed by multiple
international collaborators (Holben et al., 1998). The Aerosol-Clouds and Trace gases Research
InfraStructure (ACTRIS) is a pan-European community devoting to developing research
infrastructure for short-lived atmospheric constituents [https://www.actris.eu, last access:
October 16, 2023]. The European Aerosol Research Lidar NETwork (EARLINET) was
founded in 2000 to establish an aerosol climatology for Europe with lidar (abbreviation for
LIght Detection And Ranging, which will be described in detail in the following Chapters)
(Pappalardo et al., 2014; Wandinger et al., 2016). With expertise in instrumental design,
measurement technology, aerosol retrieval methods and atmospheric modeling, the Laboratoire
d’Optique Atmosphérique (LOA), joint laboratory of the Centre National de la Recherche
Scientifique (CNRS) and University of Lille, France, acts as a major contributor to most of the

above-mentioned projects and communities.

1.2 State of the art of aerosol retrieval methods

As mentioned above, retrieval methods are needed for deriving quantitative aerosol
properties from observations. A promising retrieval method should make good use of the
sensitivities of various measurements, such as wavelength, viewing angle, polarization and
depolarization, to different aerosol properties. In this section, we introduce the state of the art
of aerosol retrieval methods based on different observational platforms and measuring

principles.
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1.2.1 Retrieval methods for passive space-borne observations

Characteristics of the space platform (e.g., orbit, maximum loading, inner layout...)
necessitate elaborate instrumental design. Retrieval algorithms for space-borne instruments
should be customized depending on information provided by the measurements (e.g., spectral,
polarimetric, directional and so on) and based on sensitivity study. In general, aerosol
properties are retrieved by comparing the measurements with look-up table (LUT) values
calculated from pre-defined aerosol models, after some preprocessing steps like cloud-
screening or subtraction of surface contribution. Regarding to different surface types, surface
contribution may be estimated from models (Lucht et al., 2000), suppressed by selection of
measurement wavelengths (Levy et al., 2007), or deducted by making use of multi-directional
measurements (Diner et al., 2008). Commonly, the more dimensions of the measurements, the
more detailed aerosol retrieval products. For example, total aerosol optical depth (AODy) is
retrieved from 2 spectral bands of the Advanced Very High Resolution Radiometer (AVHRR)
(Smirnov et al., 2002); the fine-mode fraction to AOD: can be derived if more channels (8 in
0.41-2.13 pum) of the MODerate resolution Imaging Spectroradiometers (MODIS) are
exploited (Remer et al., 2005); furthermore, parameterized size distributions of fine- and
coarse- mode aerosols are able to be retrieved using multi-angle, multi-spectral polarimetric
measurements from the POLarization and Directionality of the Earth’s Reflectance (POLDER)
instrument (Tanré et al., 2011). In addition, there are also numeric inversion methods with
higher complexity for instruments which can take height-resolved measurements such as

occultation and limb profilers (McCormick et al., 1979; Rault and Loughman, 2013).

1.2.2 Retrieval methods for ground-based observations

1.2.2.1 Sun-sky photometer

The sun-sky photometer is the basic instrument of AERONET to standardize ground-based
aerosol measurements and provide global data validation (Holben et al., 1998). A sun-sky
photometer makes two types of measurements by rotating its robotic arms: the direct sun
measurement to acquire transmission solar irradiance as well as AOD, and the scanning sky
measurement to acquire angular distribution of sky radiance. The accuracies of measured AOD
and radiance are ~ 0.01 and ~ 5%, respectively. Both measurements are made in multiple
spectral bands from 340 nm to 1020 nm. Some instrumental types also provide polarimetric

measurements implemented by a filter wheel containing sets of polarizers. The operational
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retrieval algorithm of the sun-sky photometer/AERONET is based on the study of Dubovik
and King (2000) where the maximum likelihood estimation (MLE) approach is used to
simultaneously invert the sun and sky measurements into columnar aerosol microphysical
properties including size distribution and spectrally dependent real part (mr) and imaginary
part (m1) of complex refractive index (CRI). MLE finds the values of the retrieval variables that
maximize the likelihood function as the best estimate, which is equivalent to a multi-term least-
square problem. Each term has the quadratic form representing difference between the
measurements and modeled values weighted by corresponding measurement errors. In this way,
different types of measurements with various error levels are considered simultaneously. Apart
from the real measurements (i.e., sun and sky measurements), the method regards additional
smoothing constraints on size distribution and CRI as virtfual measurements. Correspondingly,
the errors of these virtual measurements measure the strength of the constraints. In the current
operational protocol, the algorithm inverts sun and sky measurements at 440, 670, 870 and
1020 nm. Inversion assumptions include plane-parallel atmosphere, aerosol vertical
distributions from MERRA-2 global assimilation (Gelaro et al., 2017), surface BRED from
Cox-Munk (Cox and Munk, 1954) and Li-Ross (Lucht et al., 2000) models, water vapor
amount from 940 nm channel retrieval and gaseous absorption from climatology data. In
addition, aerosol particles are assumed to be composed of spherical particles and randomly
orientated spheroidal particles with a fixed axis ratio distribution (ASD) (Volten et al., 2001).
The optical properties of the latter are estimated by the Spheroid model (Dubovik et al., 2006)
and the fraction of the spherical particles to the total volume concentration, referred as the
sphere volume fraction (SVF), is retrieved. Some studies also investigated the feasibility of
inverting additional polarimetric data (Li et al., 2009; Fedarenka et al., 2016) and demonstrated
that the information content provided by polarimetric measurements can greatly improve the
retrieval of fine mode dominated aerosols. However, most polarimetric measurements are
conducted in principal planes, which means there are less chances to have quality-assured

polarimetric data than radiance and irradiance data (Fedarenka et al., 2016).

1.2.2.2 Lidar

Lidar, the abbreviation of Light detection and ranging, is one of the backbones of active
remote sensing for atmospheric profiling, with laser as its emitted source. The instrumental
setup and data processing of lidar will be described in more detail in Sect. 2.2. The first

application of lidar to atmospheric observations came in 1960s (Fiocco and Smullin, 1963) and
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since then, with continuous progress in optical and electronic technology, various lidars that
profile atmospheric optical properties in layers at different altitudes have been developed.
However, it was not until 1990s when technology of simultaneously acquiring aerosol
backscattering and extinction coefficients at multiple wavelengths with high accuracy showed
up that retrieving aerosol microphysical properties from lidar came to realize (Ansmann et al.,
1992; Piironen and Eloranta, 1994). Currently, prevailing lidar-aerosol retrieval algorithms are
mainly based on linear inversion with regularization which retrieves size distribution and
spectrally independent mr, m1. The core idea of linear inversion with regularization is to firstly
discretize the size distribution, a continuous function of particle size, to a linear combination
of a set of base functions. Correspondingly, relationships between the measurements and
coefficients of the base functions can be described with a linear operator (or referred to as the
kernel matrix). The coefficients are then solved by implementing operator inversion and
regularization is usually needed to deal with ill-posed problems. One representative
regularization method is the Twomey-Tikhonov regularization which exploits a regularization
term to ensure the smoothness of the retrieved size distribution curve (Miiller et al., 1999;
Veselovskii et al., 2002). Another regularization method is based on truncated singular value
decomposition (TSVD) in which a set of B-splines with variable numbers and orders is used
as the base functions. It includes three regularization parameters (n, d, k) representing the
number, order of the B-splines and the level of the truncation, respectively (Béckmann, 2001;
Bockmann et al., 2005). A third one is based on the Landwever iteration using three
regularization parameters as well, with the first two the same as those in TSVD, while the last
one representing the iteration number (Bockmann and Kirsche, 2006). In general, a complete
retrieval process contains three steps: (1) Identification of the searching domain, in which
multi-dimensional grids composed of discrete values of variables which impact the kernel
matrix, such as mg, mi;, minimum and maximum particle radii (#min, 7max), 1s constructed. The
ranges of the grid values are representative of typical aerosol types; (2) Regularization
inversion, in which the linear inversion with regularization is conducted for every grid point of
(mR, m1, rmin, rmax) to derive a set of individual solutions; (3) Identification of the solution space,
in which a family of individual solutions which minimize the discrepancy between the real and
recalculated measurements is determined and designated as the solution space. An averaging
process to the solution space can be further performed to derive the final solution from which
particle effective radius, volume, surface area and number concentrations are calculated. The
minimum measurement requirement for these approaches is 34 (i.e., backscattering coefficients

at 355, 532 and 1064 nm) + 2a (i.e., extinction coefficients at 355 and 532 nm). In the past two
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decades, there were further studies on regularization methods, including retrieving bimodal
distributed aerosols (Veselovskii et al., 2004), retrieving non-spherical dust aerosols
(Veselovskii et al., 2010; Miiller et al., 2013; Bockmann and Osterloh, 2014; Tesche et al.,
2019), and efforts to improve the identification of the solution space and automated retrieval
(Kolgotin et al., 2016; Miiller et al., 2016, 2019). At the same time, one got to realize the
limitations of using regularization methods for lidar-aerosol retrieval. First of all, inversion has
to be performed for every grid point defined in Step 1, which leads to the retrieval less efficient
and moreover, increases difficulty in identifying solution space if the parameters constituting
the grid have large ranges and small intervals. The intrinsic reason for the latter is the
underdetermination of the 3§ + 2a inversion which often generates numerous individual
solutions that can be quite different from each other but reproduce optical properties very close
to input measurements (Chemyakin et al., 2016). Although several ways of improving the
identification of solution space have been proposed, such as making use of additional
constraints on size distribution shape and CRI range (Miiller et al., 2014, 2016), accounting for
regression relationships for optical properties (Kolgotin et al., 2016, 2018), and some protocols
of manually choosing solution space based on previous experiences (Veselovskii et al., 2002;
Miiller et al., 2016), the regularization method still lacks simple and straightforward manner to
incorporate a priori constraints from extra sources which help in identifying the solution space.
Secondly, they have difficulties in inverting measurements which is not linearly related to the
size distribution, for example the particle linear depolarization ratio (PLDR).

Instead of directly retrieving size distribution, the linear estimation (LE) method retrieves
bulk properties which can be expressed as analytical functional integrals with the size
distribution, such as effective radius and concentrations of different orders (e.g., volume,
surface area and number) (Donovan and Carswell, 1997; Graaf et al., 2009; Veselovskii et al.,
2012). Like other linear retrieval methods, the first step of the LE method is the discretization
and construction of the kernel matrix. Then, spectrally independent CRI can be estimated by
minimizing the difference between real and represented measurements. The latter is a linear
functional of the real measurements and kernel matrix. Next, the part of the size distribution
projected onto the kernel row space is retrieved through principal component analysis, from
which bulk properties are finally calculated. The LE method has been proved to be effective in
resisting measurement noise and fast to invert massive lidar time series into particle bulk
properties even if the measurements are reduced (e.g., 3 + la) (Veselovskii et al., 2012).
However, a main issue is to estimate the influence of the non-retrievable part of the size

distribution (i.e., the part perpendicular to the kernel row space) on retrieval accuracy.
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In addition, there are also studies focusing on retrieving CRI, effective radius and particle

concentrations with LUT methods (Chemyakin et al., 2014).

1.2.3 Other retrieval methods

1.2.3.1 Retrieval from combined observations of multiple instruments

It is a quite natural thought that combining multiple sources of observations provided by
various types of instruments could extend the information content of the retrieval. Progress in
combined retrieval is attributed to two aspects. On the one hand, development of joint-
observational platforms, including satellites loaded with multiple sensors (e.g., Terra with
MODIS and MISR), constellations of satellites following the same orbit (e.g., A-Train) and
ground-based networks (e.g., AERONET and EARLINET) greatly facilitates the observations
of the same scenes. On the other hand, appearance of advanced retrieval algorithms, like the
Generalized Retrieval of Aerosol and Surface Properties (GRASP) algorithm (Dubovik et al.,
2021), Lidar/Radiometer Inversion Code (LiRIC) algorithm (Chaikovsky et al., 2016) and
Generalized Aerosol Retrieval from Radiometer and Lidar Combined data (GARRLIiC)
algorithm (Lopatin et al., 2013) provides a generalized way to incorporate multi-source data
characterized by different measurement errors into the inversion scheme. Basically, there are
three categories of combined retrievals: (1) joint retrieval, i.e., the a priori constraints on a

retrieval from measurements of one instrument come from retrieval products of another

1.2.3.2 Retrieval based on artificial neural network (ANN)

With more and more remote sensing instruments that have being put into use, the amounts
of remote sensing data and meteorological data are rapidly increasing and accumulating. On
the other hand, the information content of a single measurement might be not enough or the
underlying physical process is still not fully understood so that it is difficult to “mathematically
retrieve” the interested parameters. Therefore, the artificial neural network (ANN) approach is

getting more and more attention in the field of remote sensing. ANN is a powerful tool to
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process large amounts of data when the relationship between the input and output is difficult
to be described by specific mathematical models. It is a subfield of machine learning and is
made up of node layers, including the input, output and hidden layers (Figure 1.3). Each node
is an artificial neuron with weight and threshold values and connects to each neuron in the next
layer. By "learning” the patterns’ features from the training datasets, the ANN adjusts the
weights between neuron connections based on the amount of error in the output compared to

the expected result, so as to improve the model (Nielsen, 2015).

Deep neural network
Input layer Multiple hidden layers Output layer

QOO0
SOOGO
00000
00000

Figure 1.3. Schematic of the structure of an artificial neural network (ANN). An ANN with more than 3 layers

(including the input and output layers) is called as the deep neural network (https:/www.ibm.com/blog/ai-vs-

machine-learning-vs-deep-learning-vs-neural-networks/#, last access: October 16, 2023)

Over the last decades, ANNs have been used in analysis of data from satellites (Al et al.,
2013), radars (Orlandini and Morlini, 2000), microwave radiometers (Roberts et al., 2010),
nephelometers (Berdnik and Loiko, 2016), multiangle spectropolarimeters (Di Noia et al., 2015)
and multi-source datasets (Gupta and Christopher, 2009). With regard to lidar application,
Nicolae et al. (2018) proposed the Neural network Aerosol Typing Algorithm based on LIdar
data (NATALI) algorithm based on three ANN architectures and aiming at retrieving aerosol
type from multiwavelength Mie-Raman-depolarization lidar measurements. The datasets for
training, testing and validating the ANNs were generated from a pre-defined aerosol model
specifying the shape and microphysical properties of a pure aerosol type and the mixing rules
of multiple types. NATALI follows two retrieval schemes: (a) a high-resolution scheme
allowing the identification of 14 aerosol mixtures if the depolarization measurement is
available and otherwise, (b) a low-resolution scheme allowing the identification of 5

predominant aerosol types.
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1.3 Objectives and layout of the thesis

Continuous monitoring of vertical distributions of aerosols is of significant importance to
understand their transport as well as tempo-spatial evolution, which in turns reduces the
uncertainty of estimating regional and global aerosol climate effect. The main objective of the
thesis is to improve the characterization of aerosol vertical properties using measurements from
a state-of-the-art multi-wavelength Mie-Raman depolarization fluorescence lidar, LIlle Lidar
Atmospheric Study (LILAS), developed and operated by the LOA as part of the ACTRIS
research infrastructure. To achieve this goal, a lidar-aerosol retrieval algorithm is needed to
derive height-resolved microphysical properties of atmospheric aerosols, such as volume size
distribution (VSD), total volume concentration (Vi), effective radius (rer) and complex
refractive index (CRI = my — im;). Because of the night working condition for the Raman
channels which prevents from synergy retrieval with passive remote sensors using
GARRLIC/GRASP (Sect. 1.2.3), and limits of previous linear lidar stand-alone retrieval
algorithms (Sect. 1.2.2.2), this study develops a novel lidar-aerosol retrieval algorithm, the
Basic algOrithm for REtrieval of Aerosol with Lidar (BOREAL), which is based on a statistical
optimal method — maximum likelihood estimation (MLE). A highlight of BOREAL is that it is
able to account for various a priori constraints, types of measurements and different forward
models in a simple and straightforward way. We make extensive and comprehensive tests of
algorithmic performance using synthetic aerosol models that mimic real aerosol species. In
particular, the capability of retrieving mineral dust aerosol is studied by combining BOREAL
with different particle scattering models. We also apply BOREAL to different aerosol events
observed by LILAS during field campaigns and regular operations in Lille, including biomass
burning aerosols (BBAs), dust aerosols (DAs) and continental polluted aerosols. Furthermore,
we seal the code as an independent module and integrate it into the AUtomated Server for the
TReatment of Atmospheric Lidars (AUSTRAL) platform, which render BOREAL able to
process massive data not only from LILAS but also from various other lidars in an efficient,
unsupervised and automated way.

This thesis consists of six chapters. In Chapter 1, context of aerosol study is firstly
introduced, followed by a review on the state of the art of aerosol retrieval algorithms according
to different types of remote sensing techniques and an explanation of the thesis’ objectives. In

Chap. 2, fundamental backgrounds about basic theory and instrumentation are given. The
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Theory section describes modeling of basic processes of aerosol-radiation interaction based on
which introductions of specific scattering models and properties of typical aerosol species are
provided. The Instrumentation section briefly describes the LILAS system and data processing
related to the thesis. In Chap. 3, a detailed description of BOREAL’s mathematical principle
and algorithmic implementation is presented. In Chap. 4, the performance of BOREAL is
extensively tested by sensitivity study and inverting synthetic data. In particular, the feasibility
of retrieving non-spherical particles like mineral dust is evaluated by combining BOREAL with
different particle scattering models. In Chap. 5, BOREAL is applied to retrieve different aerosol
events, followed by discussions of the retrieval results. Finally, in Chap. 6, conclusions are

drawn and perspectives are proposed.
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2 Fundamental backgrounds

In this chapter, backgrounds related to the thesis are presented. It starts with basic theory of
interactions between particles and electromagnetic waves, from which variables characterizing
optical and microphysical properties of a single particle and particle ensembles are given. Then,
particle scattering models used by BOREAL as forward models are introduced. The second
part of this chapter describes the lidar system, including basic instrumental setup, derivation of
the lidar equation and retrieval of optical profiles based on elastic, Raman, depolarization and
fluorescence lidars. In particular, we introduce the LILAS system, of which the optical data

serve as the source of the input of BOREAL.

2.1 Theory — interactions of atmospheric particles with radiation

2.1.1 Scattering by a single particle

According to the Maxwell Equations, the electric field of a plane harmonic wave
propagating in vacuum along the z-axis of the Cartesian coordinate system, at position z and
time ¢, can be expressed as

E = E; exp(ikz — iwt), (2.1)
where i is the imaginary unit, k = 2m/A the wavenumber in vacuum determined by
wavelength A, w the angular frequency and E, the complex amplitude vector. The vibrational
direction of an electric field vector, E, is always orthogonal to its propagating direction, which
means for a reference plane determined by the propagating direction and an arbitrary
orthogonal direction, it can be decomposed to components parallel (E;) and perpendicular (E;.)

to the reference plane:

E| = ajcos(& + 6y), (2.2)
E.=a,cos(é+6,), (2.3)
where £ = kz — wt. Cancelling & gives
EN®> (EN®> _EE
(—l) + (—r) — 2=t T 05§ = sin?S6, (2.4)
a ay ay ar
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2. Fundamental backgrounds

an ellipse where the phase difference is 6 = §; — 6,. As shown in Figure 2.1, the polarization
state (&, a,/a;) can be uniquely described by the orientation angle y and ellipticity tan 9 =

b/a of the ellipse like
a

r
;ztang,
1
tan 2y = tan 2p cos 4, (2.5)
sin 29 = sin2psiné.
A
: OBNS
o @ -6
[~ 9 Polarizer
P f v @ -
Compensator

“ AN OF

Figure 2.1. Geometric representation of elliptical Figure 2.2. Combinations of polarizers and
polarization of which the propagating direction is into compensators to measure the Stokes components

the paper (adapted from Liou (2002)). (cited from Liou (2002))

The polarization ellipse represents the complex electric vector with the orientation angle x
and ellipticity which are easier to measure. Another representation preferable in the field of
remote sensing is the Stokes vector, which is composed by four real quantities defined as

I = EEf + E.E} = af + a?,

Q = E\E; — E.E} = af + a?,
U=EE;+EE =2aqa,cosé,
V =i(E.E — EE}) = 2aqia,sin§ .

(2.6)

For a plane wave, each component of the Stokes vector has the unit of irradiance. Making
use of Eq. (2.5), the Stoke components can also be written as

12 =Q*+U?*+V?
Q =Icos2Bcos2y,
U=1cos2Bsin2y,
V =1Isin2p,

(2.7)

which clearly shows that I — the total irradiance of an arbitrary elliptically polarized light can
be decomposed to the irradiances of: Q — linear polarized light in the plane 0 or 90° with respect
to the reference plane; U — linear polarized light in the plane 45° or 135° with respect to the

reference plane; and V — right- or left-handed circular polarized light. In practice, the Stokes
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vector can be measured with combinations of polarizers and compensators, as shown in Figure
2.2.

Another advantage of employing the Stokes vector in remote sensing application is that
partially polarized light, which is often dealt with in this field, can be conveniently expressed
with it as

[, @ U Vlap=1U 0 0 0+l @ U VI (2.8)
where the first and second terms on the right-hand side represent the unpolarized and polarized
components, respectively.

Since matter is composed of discrete electric charges: electrons and protons, when an
obstacle is illuminated by an electromagnetic wave, electric charges in the obstacle oscillate
with it and radiate electromagnetic energy in all directions. Such process is referred to as
“scattering”. Figure 2.3 shows the relation between the incident electronic field E;,. and the
scattered field Eg,. The reference frame is determined by the origin at the particle center and
base unit vectors &,, €,, €,. The propagating directions of E;,. and Eg, coincide with €, and
€,, respectively. If one denotes the components of E;,. parallel and perpendicular to the
scattering plane, s, namely the plane determined by €, and €, as Ej,c = E}inc€s and E . =
E|inc€,s, and likewise, denotes the components of E,., parallel and perpendicular to the
scattering plane as Ejscq = Ejsca€s and E scq = E| 5ca€ 5, respectively, due to the linearity of
the boundary conditions, the relation between the incident and scattered fields can be expressed

as

(2.9)

[Ellsca] _ exp(ikR — ikz) g [E"inc]
—ikR ’
where R is the distance from the scattered field to the particle center and S the 2 X 2 amplitude

EJ_sca EJ_inc

scattering matrix (Bohren and Huffman, 2004). The equation holds for the far-field region
(kR > 1).
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Figure 2.3. Geometry of scattering by an arbitrary particle (cited from Bohren and Huffman [1983])

The scattering process of a single particle can also be expressed in a form of Stokes

components as

Isca Iinc
Qsca — 1 F Qinc
Usca k2R? Uinc ’
Vsca Vinc

(2.10)

where F is the 4 X 4 transformation matrix (Liou, 2002) equivalent to S. For a spherical

particle, F is expressed as

Fi, Fi 0 0

F = 0 0 Fis Fy, (2.11)
0 O _F34_ F33
where
1 2 2 1 2 2
F = —({5}11 + {S}zz); Fi, = —({5}11 - {S}zz),

2 2

1 i
F33 = E({S}h{s}zz +{S}11{8}52), Fau = E({S}zz{s}h — {8}1:{8}32).
The elements of F are real dimensionless numbers depending on the A of incident light,
scattering angle O, and particle intrinsic properties such as size, shape and complex refractive

index (CRI). The CRI is a wavelength-dependent dimensionless complex quantity determining

the scattering properties of the particle. Its imaginary part m;(1) is related to particle
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absorption and for a non-absorbing particle, the real part mg(4) is the ratio of the light phase
velocity in ambient medium to the group velocity in the particle. For a non-spherical particle,
F also depends on particle orientation and if the particle is not rotational symmetric, the
azimuth angle ¢ has to be accounted for. In this study, we employ the normalized form, referred

to as the phase matrix:
1

SR’ (2.12)
with the normalization coefficient
= —1 f F,,df (2.13)
= 11 .
4mk?R? ),

so that [ P;;d2 = 4.

The reduction of electromagnetic flux due to the presence of a particle along the path is
called extinction, denoted as @.;. If the particle is in a non-absorbing medium, @.,; equals the
sum of scattering @,., and absorption @, (Bohren and Huffman, 2004). The extinction,
absorption and scattering cross sections are defined as

() ()] P,
LXt' Caps = Lbs’ Csca = ﬂ’ (2.14)

Cext = I
inc

[inc finc
respectively. The cross sections depend on not only intrinsic properties of the particle, but also
the polarized state of incident light. In this study, we only consider unpolarized light (e.g., solar
radiation) and linearly polarized light (e.g., laser light). From Figure 2.3 and Eq. (2.9), for a
linear-polarized incident light beam whose vibrational direction is parallel to €,, the scattered

irradiance, 5., (0, ¢), in any direction is

Isca(©, @) = k2R2 |d|21incr (2.15)
d = ({S}11 cos ¢ + {S};, sin )€ + ({S}1 cos P + {S},, sinp)é .
Therefore, by definition, the scattering cross section can be expressed as
2w T | |2
Cscalin = f j —-sin0dOd¢ = 271] —smG)d@ (2.16)

where the subscript “lin” denotes “linear-polarized” and in the last equation the relation F;; =
(1{S}111% + 1{S}121% + 1{S}11? + |{S},21%)/2 is used. By selecting &, Eq. (2.16) holds for
linearly polarized light in any direction. For unpolarized incident light, by making use of Eq.

(2.10), the scattering cross section, Cgc, unp» €an be expressed as

T

Fi1
Cscaunp = k2 2Ld0 =2n Fsm@ do. (2.17)
0
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Thus, the scattering cross sections for linear-polarized and unpolarized light beams are the same.
It also can be proved that Ceyiunp = Cextlin a0d Capsunp = Cabslin (Bohren and Huffman,
2004). These important conclusions mean that particle scattering models developed for
unpolarized incident light (e.g., sun-sky photometer measurements) can be directly used in the
situations of linear-polarized incident light (e.g., lidar measurements).

By comparing Eq. (2.17) with Eq. (2.12), (2.13), we have

— Csca
4mR2’
Cscapll(e) Fll((;))
= 2.18
pp P (2.18)

j P,,(0)dQ = 4m,
41
where P;;(0) is also referred to the phase function and describes the angular distribution of

C 0) . . . . . L
the scattered energy; %ﬂl() is called the differential scattering cross section and indicates

the scattering irradiance in a unit solid angle along the direction, ®. Furthermore, to
qualitatively describe the angular distribution of the scattered energy, the asymmetry factor, g,

1s defined as
1
g = —f P,,(®)cosOdN. (2.19)
4 J,

If the particle scatters more light toward the forward (® < 90°) than backward direction
(0 >90°), g > 0; otherwise, g < 0. For isotropic scattering or scattering symmetric about

® =90°, g = 0. Finally, the single-scattering albedo (SSA) is defined as
Csca

)
Cext

(2.20)

which represents the percentage of a light beam that undergoes the scattering process.
Different theories have been developed to describe the scattering properties of particles
with different sizes and shapes. The scattering by particles with the size parameter x =
2nr/A < 1 can be approximated to Rayleigh scattering (van de Hulst, 1957); for the region
where x~1, the scattering properties of spherical particles can be accurately calculated by the
Mie theory, while those of non-spherical particles usually resort to numeric methods, e.g., the
T-matrix method (Mishchenko et al., 2000); for the region where x > 1, geometric optics
approximation is an efficient and accurate way to calculate particle scattering properties (van

de Hulst, 1957).
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2.1.2 Scattering by particle ensembles

Instead of a single particle, atmospheric aerosols consist of particles with various sizes. The

particle number size distribution (NSD) of an ensemble of particles is defined as
dN
dr’

where r represents particle size. For spherical particles, r is the radius and for non-spherical

n(r) = (2.21)

particles, r could be the volume- or surface-area- equivalent radius. The particle number per
unit volume between r and r + dr is denoted as dN. The size distribution can also be described

by the forms of surface-area size distribution (SSD) and volume size distribution (VSD) as
4
s(r) = 4nr’n(r), v(r) = §nr3n(r). (2.22)
Correspondingly, integrating over the entire size range gives the total number (N,), surface
(S;) and volume (V;) concentrations

Tmax Tmax Tmax
Ne = j n(dr, S, = j s(rdr, V= j o(r)dr, 2.23)

Tmin Tmin Tmin
where 1, and 73,,5 represent the minimum and maximum particle radii of the ensemble.
Because scattering by an ensemble of small particles depends on particle surface area or
volume rather than number (Bohren and Huffman, 2004), and computation of scattering
properties shows much smoother variability for logarithmic equidistant steps than for
equidistant steps (Dubovik et al., 2006), throughout this study, we exploit VSD defined in the
logarithmic scale:

) < by AN _ AV
v _37” dinr  dinr’

It has been widely proved (Hansen and Travis, 1974; Kaufman et al., 2003) that another key

(2.24)

parameter related to the radiative properties of a given size distribution is the effective radius

which is defined as

fllnn:m_ax v(r) dlnr
min (2.25)

fl:]:;“: % v(r)dinr

Teff =

Different functions have been proposed to parameterize size distribution of a particle

many modeling studies (Hess et al., 1998; Chin et al., 2002) and has been proved by both in-

situ measurements (Di Biagio et al., 2019) and remote sensing retrievals (Dubovik et al., 2002),

which is expressed as

19



2. Fundamental backgrounds

dv V; (Inr —1In rv)
dinr  +/271n 0y P 21n2 (2.26)

where 7;, is the mode radius (or volume median radius) and g, the geometric standard deviation.
It can be proved that if a VSD conforms to the lognormal distribution, the corresponding SSD
and NSD also can be expressed by the lognormal distribution. Furthermore, the following

relationship holds for a lognormal VSD:

Toff = Ty €XP <— %lnzag) : (2.27)

The scattering properties of a particle ensemble are called the bulk scattering properties. In

practice, it is usually assumed that interferences from different particles are negligible

(incoherent scattering) so that the intensity scattered by each scatterer is additive (Mishchenko

et al., 2000). Accordingly, the bulk cross sections, also known as the extinction, scattering and
absorption coefficients, are expressed as

In rmax 3 .
(C;) = f mCi(r)v(r)dlnr. (i = ext, sca, abs) (2.28)

In7Tmin
Note that the integral is expressed in the form of VSD. Likewise, the bulk SSA, (@), bulk
asymmetry factor, (g), and bulk phase matrix, (P), can be calculated by

Csca
<w>:§c t;' (2.29)
Inm 3
nrm.ax Csca(r)g(r)v(r)dinr
(g) = “nTmin 477> — | (230
InTmax 3
(P) = flnrmin Wcsca(r)P(r)U(T)dlnr (231)

(CSCEI) ’
respectively. The meaning of Eq. (2.31) is to perform the calculation for every element of the

matrix. In addition, the bulk differential scattering cross section is expressed as

dCsca(r) . 1 ™"7max

)

( 10 =T Csca(r)P11(0,r)v(r)dInr. (2.32)

4113

In7rmin
In particular, (dczc—;(r)) is called the backscattering coefficient and denoted as 8 if @ = m.

One evident contrast between the single-particle scattering and bulk scattering is that the
later shows smoother variability due to the size-averaging effect. Figure 2.4 shows contours of
— P,,/P;; (%) versus O and x for monodisperse spheres and polydisperse spheres with a

narrow Junge distribution (Mishchenko et al., 2000). It can be seen that the strong oscillations
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(Fig. 2.4 (a)) due to the interference of light diffracted and reflected/transmitted by a particle
(Hansen and Travis, 1974) are smoothed out by the averaging effect (Figure 2.4 (b)).

(b) Polydisperse spheres
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Figure 2.4. Color contour plots of —P;,/P;1 (%) of (a) monodisperse spheres and (b) polydisperse spheres. The
complex refractive index (CRI) is 1.53 — 0.008:. (Adapted from Mishchenko et al. (2000))

2.1.3 Scattering models

In the context of this thesis, a scattering model refers to a database of particle scattering
properties calculated based on particle size and shape. Besides, they are also functions of
A, mg, my and 0. Three scattering models are considered in this study: i.e., the Sphere, Spheroid
and Irregular-Hexahedral models. The latter two are developed to describe the scattering of

non-spherical particles.

2.1.3.1 Spheroid model

The Spheroid model is a sub database of the Spheroid-package publicly available on

https://www.grasp-open.com/products/ (last access: October 16, 2023), which is based on the

study of Dubovik et al. (2006). A spheroid is formed by rotating an ellipse around its minor
axis (oblate spheroid) or major axis (prolate spheroid), as shown in Figure 2.5. It is described
by the axis ratio { = ¢/a (where c is the axis of spheroid rotational symmetry and a is the axis
perpendicular to ¢) and volume-equivalent radius r — the radius of the sphere having the same
volume as the spheroid. The Spheroid model approximates irregular particles to an ensemble
of randomly orientated spheroids characterized by a VSD and an axis ratio distribution (ARD),

which are independent of each other. The latter is defined as
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_dN({)
~ dIn¢’

where dN ({) represents the fraction of spheroids between In{ and In{ + dInd.

n($)

(2.33)

Az Az

Figure 2.5. Oblate and prolate spheroids characterized by the axis ratio { and volume-equivalent radius r (cited

from https://en.wikipedia.org/wiki/Spheroid, last access: October 16, 2023)

The advantages of the spheroid model lie in two aspects: (1) compared to spheres,
approximating dust particles to spheroids better reproduces laboratory measurements of the
phase matrix and, at the same time, remains reasonable computational burden due to relatively
simple geometric shape of a spheroid; (2) the averaging effect of a randomly orientated non-
spherical particle ensemble weakens the influence of detailed morphology of a single particle
(Mishchenko et al., 2002). To perform bulk property calculation in a convenient way, instead
of single-particle scattering properties, the database stores the extinction, scattering and angular
scattering kernels — Koy, Ksca, K;i (©) corresponding to ({,r) grids so that the bulk optical
properties can be derived by

(€)= z z Kipqn($) v(r,), (i = ext, sca) (2.34)
qa P

CedPy @) =D Y Kypg@n(E) (). Gj=12..8 (335
qQ b

where n((p) and v(rq) are values of ARD and VSD at grid point ¢}, and 13, respectively. The
calculation of the kernels approximates n({) as piecewise constant function and v(r) as
piecewise linear function, which will be described in more detail in Sect. 3.4.1.

The calculation covers the range of the size parameter, x, from 0.012 to 625 and different
computational methods are used to maximize the efficiency and accuracy. Specifically, the
advanced T-matrix method (Mishchenko et al., 2002) is used for smaller x and the approximate
geometric-optics-integral-equation method (Yang and Liou, 1996) is used for larger x. The

calculation is conducted at A = 340 nm. Scattering properties at other wavelengths are
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deducted from A = 2mr/x according to the scale invariance rule (Mishchenko et al., 2002).
Table 2.1 lists the ranges of the input variables to the Spheroid model.

The Spheroid model has been adopted as the forward model in the operational retrieval
algorithms of AERONET and shows superior performance compared to the Sphere model
when retrieving non-spherical particles like dust aerosols. However, its accuracy deteriorates
at large scattering angles (0 > 175°) due to the limits of used computational methods (Dubovik
et al., 2006). Comparisons between model simulations for the back scattering direction and

lidar measurements also reveal apparent discrepancy (Haarig et al., 2022).

Table 2.1. Ranges of the input parameters for the Sphere model, Spheroid model, Irregular-Hexahedral model for
the short-wave region (IH-SW) and Irregular-hexahedral model for the long-wave (IH-LW).

Input variable Sphere Spheroid IH-SW IH-LW
Min Max Min Max Min Max Min Max
x or kD 0.012 625 0.012 625 «l1 11800 «l1 1470
mg 1.3 1.7 1.3 1.7 1.37 1.7 0.4 32
my ~0 0.5 ~0 0.5 0.0001 0.1 0.001 4.0
Q] 0 180° 0 180° 0 180° 0 180°
Jor¥Y 1 1 0.3 3.0 0.695 0.785 0.695 0.785

2.1.3.2 Sphere model

The Sphere model is a sub database of the Spheroid-package publicly available on

https://www.grasp-open.com/products/ (last access: October 16, 2023). In fact, it is the case of
the Spheroid model with axis ratio { = 1. Therefore, the scattering properties in the Sphere
model are calculated with the fast Lorenz-Mie code for the same ranges and numbers of

parameters as the Spheroid model (see Table 2.1).

2.1.3.3 Irregular-Hexahedral (IH) model

The irregular-hexahedral (IH) model was recently proposed by Saito et al. (2021) to mimic
scattering properties of dust and volcanic ash aerosols. An irregular hexahedral particle refers

to a hexahedron of which the faces are randomly tilted (Bi et al., 2010), as shown in Figure 2.6.

= O
—
Figure 2.6. Illustration of generating irregular hexahedrons by randomly tilting the faces of a hexahedron (cited

from Bi et al. (2010)).
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The IH model is based on 20 irregular-hexahedral (IH) particles of which the aspect ratio
(defined as the ratio of the largest particle dimension to the smallest particle dimension) varies
between 1.14 to 4.02. The sphericity of each single IH particle is characterized by the degree
of sphericity defined as

1/3 2/3
Y = %, (2.36)
where the subscript i represents the particle ID; V; and A; are the volume and projected area of
the i-th particle, respectively. The IH model approximates real non-spherical particles as a
randomly orientated mixture of the 20 IH particles with a certain mixing ratio. Correspondingly,

the ensemble-weighted degree of sphericity, serving as a measure of the sphericity of the

particle ensemble, is calculated by

1 2
_ 73(X70 6fmixiVi)3
VY= 20 ’
Zi=1 4'fmix,iAi

where fiix; is the mixing ratio for the i-th IH particle, which is independent of particle size.

(2.37)

An illustration of the relation between ;, fimix; and ¥ is shown in Figure 2.7, from which one
can see 1; increases with the increase of i, and the higher f;x; and ¥;, the higher ¥. The
model provides six combinations of fi,;,; corresponding to ensembles with six ¥ ranging from
0.695 to 0.785. It then calculates the cross sections and phase matrix elements for each ¥ and
for ranges of A, m,, m;, and D (the diameter of the circumscribed sphere of the particle) using

the following equations:
20
C;(A4, mg,m,¥,D) = z 1fmiX,iCj‘i(/1, mg,my, Y;, D), (j = ext,sca,abs) (2.38)
L=

i2£1 fmix,iCsca,i(/L mg, my, lpi' D)Pi (/L mg, my, lpi' D, 0)

P(A4, mg,m,¥,D,0) =
( mR mI ) CSCEI(A' mR,m]y llUi D)

(2.39)

Note that unlike the Spheroid model, the IH model does not provide Kernel functions which
means appropriate quadrature methods should be taken by the users when calculating the bulk

scattering properties.
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Figure 2.7. (top) ensemble-weighted degree of sphericity ¥ calculated from different combinations of mixing

ratios; (bottom) single-particle degree of sphericity y; versus particle ID i (cited from Saito et al. (2021)).

The scattering properties are calculated with respect to shortwave (SW) and longwave (LW)
domains and the ranges of the input parameters are shown in Table 2.1. Note that the size
parameter used in the IH model is defined as kD = 2mD /A. According to the ranges of the size
parameter, it employs different computational methods. Specifically, for kD « 1, the Rayleigh
scattering approximation (Bohren and Huffman, 2004) with a VV /A-equivalent sphere is used;
for the small-to-moderate kD the invariant-imbedding T-matrix method (II'TM) (Johnson, 1988)
is used; and for large kD, the model combines the geometric-optics-integral-equation method
and improved-geometric-optics method (Yang and Liou, 1996) — the former is mostly used for
quasi-backscattering regions to achieve accurate convergence and the latter is mainly used for

forward- to side-scattering regions to improve the computational efficiency.

2.2 Instrumentation — lidar system

Lidar (LIght Detection And Ranging) is an active remote sensing technique using laser as
the radiative source. By measuring the time series of returned signals, it is capable of acquiring
range-resolved information. With different instrumental configurations, lidar can be used to
detect profiles of temperature, pressure, wind, humidity, clouds, trace gases and aerosols. In
this study, we focus on aerosol detection lidars working for the range from the boundary layer

(BL) to upper troposphere.
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2.2.1 Instrumental setup

Typical lidar setup consists of a transmitter and a receiver, as shown in the left panel of
Figure 2.8. A laser in the transmitter generates short light pulses which are sent to the
atmosphere through a beam expander to reduce its divergence. The backscattered light entering
the receiver is firstly collected by a telescope and then directed to a detector after passing
through an optical analyzer. The optical analyzer could simply be interference filters to select
at interested wavelengths or more sophisticated devices such as grating spectrometers,
interferometers or polarizers. The detector converts the received optical signals to electrical
signals for further analysis. Usually, the conversion can be done in two modes: photon-counting
and analog. The former is preferable for weaker backscattered signal while the latter for the

stronger.

RECEIVER /

BEAM

FIELD

OPTICAL
ANALYZER/
DETECTOR

l STOP

DATA

scattering volume

I ACQUISITION /
LASER I COMPUTER

| | TELESCOPE

telescope area

Figure 2.8. Schematic of (left) basic lidar setup (biaxial arrangement) and (right) lidar viewing geometry (coaxial

arrangement). (cited from Wandinger (2005))

2.2.2 Lidar equation

To derive the relation between the power received by the telescope and that emitted to the
atmosphere, consider the viewing geometry illustrated in the right panel of Figure 2.8. If the
duration of an emitted pulse is T and the detector records the signal at an instant time t after
the front of the pulse was emitted, the received flux (or power, in W) is from the scattering by
a bulk volume of particles with length AR = ct/2 (c represents the speed of light) centered at
R = c(2t — 1) /4. According to Eq. (2.18), Eq, (2.32), the power collected by the telescope

corresponding to distance R can be written as

P(R) = POUO(R) WE ﬁ(R) expl J a(z)dzl (2.40)
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where P, is the power of emitted laser, 1 the system efficiency and A the telescope area. The
overlap function, 0(z), varying between 0 and 1 depending on R, indicating the fraction of the
backscattered power going into the receiver field of view. B(R) is the total backscattering
coefficient (Eq. (2.32)) and a(R) the total extinction coefficient (i.e., (Coxt) in Eq. (2.28)). The
factor 2 means the extinction happens along the path forth and back.

2.2.3 Derivation of optical profiles

State-of-the-art atmospheric detection lidars could receive and distinguish three types of
returned signals generated from different light-particle interaction processes, i.e., elastic
scattering, Raman scattering and fluorescence. In elastic scattering, incident light interacts with
matter without energy transfer, making it scatter photons being of the same energy as the
incident ones. However, a tiny fraction (approximately 1 in 1 million) of the scattered photons
has lower or higher energy compared to the incident photons due to energy exchange with the
matter, which is called Raman scattering (Harris and Bertolucci, 1989). Fluorescence is a
process where molecules are excited by incident photons of a certain energy (usually in the
UV-VIS spectrum), emit lower-energy photons and return back to their ground state in a very
short time period (107° — 107%s). Figure 2.9 illustrates the scattering and fluorescence
processes for excitation laser at 355 nm. State-of-the-art lidars derive atmospheric optical

profiles by combining signals from elastic, Raman and fluorescence channels.
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Figure 2.9. Scattering and fluorescence processes for 355 nm excitation [Felidj et al., 2016]
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2.2.3.1 Elastic channels

For convenience, hereafter the overlap is assumed to be complete (O (r) = 1) and the range-

corrected lidar signal
P.(R) = R?P(R) = G[Ba(R) + P (R)] exp {—Zf [aa(2) + am(Z)]dZ} (2.41)
0

is used, where G = %POUC‘L’A is the system factor that only depends on instrumental

performance. Note that the total backscattering and extinction coefficients are decomposed to
aerosol contributions (i.e., §,(R), a,(R)) and molecule contributions (i.e., B, (R), @y (R)). Eq.
(2.41) can be converted to a Bernoulli differential equation, of which the solution is (Klett,

1985)
Pe(R) exp { =2 [ [La(2) = L] Brn ()2

.Ba(R) + .Bm(R) =

PC(R ) R ’
FalR) + fm(Ry) ~ &Iy LaR(T (@ Ro)dz (242)
T(Z, RO) = €xp {_zf [La(zl) - Lm]ﬁm(zl)dzl};

where L; = a;/f; (i = a,m) is referred to as the lidar ratio (LR). Since the components and
distribution of molecules are much more stable in the atmosphere compared to aerosols, S,
can be accurately estimated from available meteorological data and Lm equals 87/3 (sr)
throughout the whole atmosphere (Ansmann and Miiller, 2005). However, L, strongly depends
on aerosol microphysical properties which often present great variability with height and is a
priori unknown. The reference height R, should be properly selected so that S,(R,) is
negligible and R, is greater than R (backward integration) to keep numerical stability (Klett,
1985). Deriving aerosol extinction and backscattering coefficient profiles using Eq. (2.42) with
an assumed L, profile and backward integration is called the Klett inversion. The intrinsic
difficulty in the Klett inversion stems from the fact that there are two unknowns: f,(R) and

a,(R), in one equation.

2.2.3.2 Raman channels

In contrast to the Klett inversion, Raman technique is able to solve ,(z) and a,(2)
separately without critical assumption. In a Raman lidar, apart from the elastic backscattering
at the emitted wavelength 4,, the molecular (e.g., nitrogen) Raman scattering at a Raman-
shifted wavelength Ag, is also measured. Because aerosol particles do not cause Raman effect,

Eq. (2.41) for a Raman channel can be written as
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PC(Rf /‘{Ra) = G:Bm,Ra(R!AO) exXp {_ fR[a(Zﬂ /10) + CZ(Z, ARa)]dZ}J (243)
0

where the molecular Raman backscattering B, ra (R, o) can be calculated from its number
concentration and differential Raman scattering cross section using Eq. (2.32). Accordingly,
aerosol extinction coefficient at A, can be calculated from Eq. (2.43) as

d . Nem(R)
d—pclnm —an(R, ) — an(R, Ara)

A ﬁ
1+ (—0)
/1Ra

where Ny, is the number concentration of the molecular scatterer (e.g., nitrogen) and & is the

ay(R, o) = , (2.44)

aerosol extinction Angstrom exponent (EAE) between 4, and Ag,, which is usually taken as
zero for rotational Raman signals. The derivation of ,(R) makes use of both elastic and
Raman signals and requires the signals at a reference height R, which gives

R(Ry, Ara)R(R, 29)Ne (R
Ba(R, A0) = [Ba(Ro) + 'Bm(RO’AO)]R((RoO ,1:)13(15 AR 0))Nt' ((RO))

€xp {_ f; [aa(z: /1Ra) + am(z: ARa)]dZ}
v — Bm(R, Ao) (2.45)
exp{— [ [@a (. 20) + am (2, 29)1dz}

The reference height is recommended to choose in the upper troposphere where aerosol

X

backscattering is negligible compared to molecules. As mentioned, B, (R, 4,) can be estimated

from meteorological profiles or standard-atmosphere data.

2.2.3.3 Fluorescence channels

Different types of aerosols show distinct fluorescence spectra which provide extra
information for aerosol characterization. The study by Pan (2015) showing that many aerosol
types emit fluorescence signals in a range of 400-650 nm when excited at 355 nm indicates the
potential of deriving fluorescence profiles with lidar. The work by Veselovskii et al.
demonstrates the feasibility of separating the fluorescence signal within 444-487 nm from the
387 nm Raman signal using a dichroic mirror. Similar to the Raman channel, the range-

corrected fluorescent signal can be expressed as
R

P.(R, A¢) = GBr(R) exp {—f [a(z, Ay) + a(z, AF)]dz}, (2.46)
0

where the fluorescence backscattering coefficient S for the selected band is

v(r)dlnrda (2.47)

Amax (1N 7Tmax 3 dCF (/L T')
Br = ]
In i

. 4rd dn

Amin
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dCg(A,T)

with the fluorescence differential cross section . The extinction within the filter

transmission band can be taken at the central wavelength A of the band (Veselovskii et al.,
2020) and Sg can be calculated from the ratio of Eq. (2.48) to Eq. (2.43):

* PC(R' AF)

Be(R) =1 PR A

,Bm,Ra exp {_ J [a(z, Ara) + a(z, AF)]dZ}r (2.48)
0

where n* is a calibration coefficient determined by the overall detection efficiency of the
fluorescence and Raman channels. Moreover, the particle fluorescence capacity is defined as
(Veselovskii et al., 2020)

_br
Ba

which is a useful parameter for aerosol characterization. For example, smoke and pollen

G (2.49)

aerosols have large Gy, while dust and urban aerosols have small Gg (Veselovskii et al., 2021,

2022).

2.2.3.4 Depolarization measurements

Depolarization is a process that when a linear polarized incident laser beam is scattered by
a non-spherical particle, the polarization plane of the backscattered light rotates with respect to
the incident polarization plane. The rotation can result from multiple internal reflections from
geometric optical point of view (Liou and Lahore, 1974). The linear depolarization ratio (LDR)
is defined as the ratio of the backscattering coefficient perpendicular to the incident polarization

plane to that parallel to the incident polarization plane:

5. = .B_J_ — .Ba,J_ + .Bm,J_
B Bant B’ (2.50)
5. = ﬁa,J_ _ (1 + 5m)(ﬁa + lgm)dv - (1 + 5v)5mﬁm .

S Bar A+ 6m)BatBrm) — (A +6)Bm

where 6, d,, 6, stand for volume, particle and molecule LDRs, respectively. The volume
linear depolarization ratio can be accurately measured by means of polarizing beamsplitter
cube (PBC) (Freudenthaler et al., 2009), while the particle linear depolarization ratio (PLDR)
needs the retrieval of 8, in advance using the Klett or Raman methods. Isotropic spherical
particles do not produce depolarization, which can be explained by geometric optics and proved
by the following relation (Sassen, 2000)

_ Py () — Py (1)
Py, () + Py (m)’

5, (2.51)
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where P;,(m) = P,,(m) for an isotropic spherical particle and P;; (1) # P,,(m) for a non-

spherical particle. Thus, PLDR is a good indicator of particle sphericity.

2.2.4 LILAS system

LILAS (LIlle Lidar Atmospheric Study) is a multi-wavelength Mie-Raman polarization
lidar developed by LOA. Figure 2.10 shows photos of LILAS system under testing and working.
It exploits the Nd: YAG crystal and frequency doubling and tripling to emit laser pulses at 355,
532 and 1064 nm with a repetition rate of 20 Hz and energy of 90, 100, 100 mJ, respectively.
The wavelengths of backscattering signals are separated by dichroic mirrors. In addition to the
corresponding elastic receiving channels, it once had three Raman channels at 387, 530 and
408 nm. The first two were used for deriving f3,, a5 at 355 and 532 nm, while the last for water
vapor mixing ratio retrieval. Recently, the water vapor channel was replaced with a
fluorescence channel to measure the fluorescence signals within the band 444-487 nm
(Veselovskii et al., 2020). In the elastic channels (355, 532 and 1064 nm), PBCs are mounted
after half-wave plates to achieve depolarization measurements. The detectors used in 1064 nm
cross- and parallel- polarized channels are the avalanche photodiodes while the photomultiplier
tubes (PMTs) are used in other channels. In order to have a large dynamic range, a gluing
method combining analog and photon-counting signals is used, except the 1064 channels where

only the analog signals are recorded (Hu, 2018).

Figure 2.10. LILAS (LIlle Lidar Atmospheric Study) system under testing at the ATOLL observatory (left) and
working during the Dust Aerosol Observation (DAQO) campaign.
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The performance of the lidar system is checked according to some EARLINET checking
procedures (Freudenthaler et al., 2018), including Rayleigh fit, telecover test and A90°
calibration. Before the calculation of aerosol optical properties, data pre-processing such as
trigger delay correction, dead-time correction and electronic noise subtraction are also applied.
After that, the 38+ 2a + 30 + 1S profiles of aerosols, that is, backscattering coefficients at 355,
532 and 1064 nm, extinction coefficients at 355 and 532 nm, PLDRs at 355, 532 and 1064 nm,
and fluorescence backscattering coefficient centered at 466 nm are acquired using the methods
mentioned in Sect. 2.2.3. A description of error analysis can be found in Hu et al. (Hu et al.,
2019).

LILAS is currently operated at the ATOLL (ATmospheric Observation in LiLle) platform,
in the frame of SNO (Services Nationaux d’Observation), PHOTONS and ACTRIS-CARS
(Centre for Aerosol Remote Sensing). The raw data acquired by LILAS (level 0 data) is
transmitted to the ACTRIS-DC (Data Centre) and processed there using the Single Calculus
Chain (SCC). The level 1 products include profiles of aerosol extinction coefficient,
backscattering coefficient and depolarization ratio, together with the resulting profiles of lidar
ratio, Angstrom exponent and backscatter-related Angstrom exponent, provided by SCC at near
real time. The level 2 products are the same with level 1 products but after fully quality control
(QC) and provided every 3 months (Wandinger et al., 2018). In parallel, raw LILAS
measurements are also processed by the laboratory self-developed processing server —
AUSTRAL (AUtomated Server for the TReatment of Atmospheric Lidars) for more flexible
scientific research by LOA. Apart from the standard profiles like provided by SCC, advanced
profiles, e.g., fluorescence, water vapor mixing ratio and relative humidity are also generated
from AUSTRAL (Ducos et al., 2022). Further, comparisons of extinction, backscattering and
PLDR profiles produced by ASUTRAL and SCC (Appendix A) show good consistency.
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3 BOREAL algorithm

In this chapter, a complete description of the BOREAL algorithm is presented. It starts with
the definition of the forward and inverse problem (Sect. 3.1), followed by a part describing the
algorithm theoretical basis, including the forward modeling (Sect. 3.2) and numerical inversion
(Sect. 3.3). Next, we provide detailed configurations on BOREAL to concretely implement the
retrieval process, including configurations to derive an individual solution (Sect. 3.4) and
criteria to identify the final solution space from a set of individual solutions (Sect. 3.5). A

flowchart describing the algorithm is presented at the end of this chapter.

3.1 General description of the inverse problem

A physical system under study can be characterized by a set of state variables which could
be scalars, vectors or continuous functions. If the state variables are not directly measurable,
indirect measurements on observable variables have to be taken instead. In this case, there
should be physical laws associating the measurements with the underlying state, which is
referred to as forward models. For example, a mathematical expression of a process of forward
modeling could be

Fx(7) = y(0), (3.1)
where the state variable x(7) is a continuous function defined on T € [a, b], the measurement
y(t) is a continuous function defined on t € [c,d], and the operator F represents the forward
model. An inverse problem is, therefore, to solve the operator equation (3.1). In reality, y(t)
are obtained on discrete points (e.g., solar radiance measured at discrete wavelengths) so that
x(t) should be properly discretized in order to make Eq. (3.1) solvable. In addition, there are
always errors between real measured quantities and those predicted by the forward model due
to both measurement uncertainty and errors in forward modeling. Thus, in practice, Eq. (3.1)
1s expressed as

y =1(x) + ¢, (3.2)
where the state vector X, measurement vector y and error vector € have finite dimension; f

consists of scaler functions f; which are operated on x to derive the corresponding y; .
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Correspondingly, the inverse problem is to retrieve the state vector X from the measurement

vector y under the presence of the error vector €.

3.2 Forward modeling

3.2.1 Lidar measurements

The backscattering coefficient, 5, and extinction coefficient, a, at the wavelength A can be
derived from Raman technique using Eq. (2.44) and Eq. (2.45). According to Eq. (2.28) and
Eq. (2.32), they are associated with particle microphysical properties through

Ba(mg,my) = | kg'y(mg, my, 7)v(r)dlnr, (3.3a)

Inr

a; (mg, my) =f kY, (mg, my, r)v(r)dinr. (3.3b)

Inr

where the backscattering kernel function, k% 1» and extinction kernel function, kfx”, 1> have the

forms:

k;\;{/l (mR’ ml’ r) = Csl\ga',l (mR! mI! r)Pllvi,)L,n' (mRI mI: r)y

16m2r3

ki, (mp,my, 1) = ——= CJi  (mg,my, 1)

3
4nr
with M = Sph, Sphd and IH for spherical, spheroid and irregular-hexahedral (IH) particles,
respectively. Unlike the spherical kernel functions, the kernel functions for non-spherical
particles are also functions of particle shape distribution. The operational inversion algorithm
of AERONET assumes a priori known shape distribution rather than retrieves it (Dubovik et
al., 2006). Given that lidar measurements contain less information than sun-sky photometer
measurements (lack of angular measurements), we do not retrieve shape distribution, either.

Specifically, for spheroids, the kernel functions are in advance integrated with a laboratory-

measured ARD of a Feldspar sample, ny({), like the strategy taken by the AERONET

algorithm:
3
k;ﬂhd(mmmpr) = f TenZr3 5 CoP (mg, my, 7, O PF o (g, my, 7, O (O dIng
In¢ 16T“T
= k5 mg,my, 7, Ono(@)dIng, (3.4a)
In¢
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3
Sphd (le my, T') - J Ay 3 es)l(:)thf (le my,7, () Ny (() dln{
Ing *T

_ f K52 (g, my, 7, g (O)dIng . (3.4b)
In¢

The scattering properties provided by the IH model are already integrated with the shape
distribution, characterized by their ensemble-weighted degree of sphericity, ¥ (Chap. 2.1.3.3).
The model calculated a range of ¥ from 0.695 to 0.785 (Table 2.1). During the sensitivity study,
we found lidar-related optical properties are not sensitive to the change of ¥. Thus, we fix ¥
to 0.71, a value adopted by Saito et al. (Saito et al., 2021) to reproduce most of the laboratory-

and field- measurements of dust particles. Accordingly, for the IH kernel functions:

3 hd
kg,-l/l(le my, T') = chga,z(mlq, ml,r,ll’ 0. 71) 1slp/1n(mR, ml,r,‘l’ = 071)
= kgy (mg,my, 7, ¥ = 0.71), (3.5a)

kg,{/l(mR, my, 1) = ngm(mR, m, ¥ =0.71) = kfxl,{,l(mR, my, 7, ¥ = 0.71). (3.5b)

4mr3
In addition, for non-spherical particles, the PLDR, § (defined by Eq. (2.46), and for simplicity,
hereafter without ambiguity, subscript “a” is omitted), is also associated with particle
microphysical properties through Eq. (2.47):

(Plﬂ/{,ln(mRr mI)) - <P21Vé/1n(lemI)>
6A(mR’ ml) ( 11,1n(mR' mI)) + ( zz/ln(mR' mI)) (36)

with
(P (mg,mp) = " ) A Cscaa (Mg, My, T)Pyi 3 7 (Mg, my, r)v(r)dlnr
sca, A/ YInr
1

(C ) kli,A,n(mR; my, T)U(T)dlnr.
sca,A/ /Inr

The phase matrix kernel functions, k', , have been integrated with the shape distribution, in

ii,A, 1>
a same way as Eq. (3.4) for spheroids and Eq. (3.5) for IH particles. It can be seen that ki"’l‘ Am =
4mkg;.

After integrated with the shape distribution, optical properties at A, derived from Eq. (3.3)
to Eq. (3.6), are functions of mg,m; and v(r). To further reduce the number of retrieved
variables so as to ameliorate the underdetermination of the inverse system, we overlook the
spectral dependence of mg and m;. Laboratory measurements show that my and m; do not
present great variabilities in the UV-VIS region for most aerosol types (D’ Almeida et al., 1991).
However, it is not the case for dust aerosol of which the spectral dependence of m; is

considered in BOREAL (a detailed discussion will be given in Sect. 3.4.2). In addition, v(r)
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is a smooth continuous function of r, while the measurements are made at finite discrete
wavelengths. Accordingly, discretization of v(r) and quadrature of the integrals are needed.
Here we follow Twomey (1977) by approximating v(r) to a piecewise linear function with
knots v; = v(ry),v, = v(ry),...,v, = v(r,). For example, the backscattering coefficient
between two grid points 7;j and 7;,, can be expressed as

InTj+1lnr,, —Inr

k/";”f,fl(mR, my, r)dInr - v;

In7jiq
f K}, (mg, my, 1) v(r)dinr = f ]

Inr; Inr; lnr)’+1 —lnT']-

+f1mj+1 il BN )l 3.7)
S— A mg, my,r)dnr - v..,. (3.
It In Tis1 — lnr] B.A Ry 11 j+1

Correspondingly, over the whole integral interval [1iin, Tmax] (also called the inversion

window, see Sect. 3.5), the backscattering coefficient can be expressed as

n
Br(mg,my) = Z 1K[1§\:I/1,j(mR' my) U; (3.8a)
]:
with
7 Inr—1Inr_, In7jit1 Inr, —Inr
KX () =f S ——— (...,r)dlnr+f — kM (..,r)dnr,
P InTj_4 lnrj _lnrj—l b Inr; lnrj‘Fl _lnrj P

where the omitted parameters “...” are mg, m;. The grid points do not include 1y,;, and 7;,,x
and K(rpin) and K(.x) are excluded from the calculation by prescribing v(rpin) =

v(1hax) = 0. Likewise, the integrals for calculating a and & are converted to summation as
n
ay(mg,my) = z K5 j(mg, mp) v, (3.8b)
J=1

YK anj(mr,mDv; = X K3 5 o :(mg, mp)v;

by Kl]vi./%ﬂ,j (mg, mp)v; + 3 Kzﬂg,/’l,n, ;(mg, mp)v;

8, (mg, my) = (3.8¢)

with the phase matrix element kernels K, l"{’ 2 and extinction kernels K, (% calculated in the same
way as Kg.
The above process of quadrature is, in fact, equivalent to use a set of B-spline functions of

the 1st order as base functions to represent v(r) as

n
v(r) = vIB = Z v;B;(r),
j=1

( 0, Inr <In Ti-1
Inr —In7r_,

———— Inr_,; <Inr<lInr;

lnrj—lnr]-_l Jj-1 J (3.9)
Bi(r) =X
J Inrjy —Inr

————, Inr; <Inr <In7j,

Inrj; —1Inm

\ 0, Inr > Inr,,.
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The number and order of the used B-spline functions as well as the positions of the knots are
not independent of each other and have great impact on retrieval results in the TSVD method
(Bockmann, 2001), but with regard to the method used here, 8 B-spline functions of the 1st
order with logarithmic equidistant knots are a well-recognized configuration to stabilize the
retrieval (Miiller et al., 1999; Veselovskii et al., 2002; Miiller et al., 2019). Figure 3.1 shows an
example of 8 log-equidistant-distributed base functions defined between 7,;, and 7,54 and

how they discretize a lognormal v(r).

0.0 —* T T T T
Infmin Inry Inry Inrs Inrg Inrs Inrg Inry  Inrg INrpayx

Inr (um)

Figure 3.1. Illustration of B-spline functions of the 1st order (B4, B, ..., Bg) defined between an inversion window
["mins Tmax]- A lognormal volume size distribution v(r) as an example is shown in the dashed line, of which the

values corresponding to the peaks of the B-spline functions (red points) are selected as a discretization of v(r).

From the discussion above, the 1st forward model related to lidar measurements can be
expressed as
y1 = fi(x) + &, (3.10)
where the state vector is constructed as X = [vq, Vs, ..., Vg, Mg, mI]T; the 1st measurement
vector consists of lidar-measured optical properties and is constructed as
- for spherical particles: y; = [B3s5, Bs32, Bross X355, Xs32]";
- for non-spherical particles: y; = [B3s5, Bs32, Brosa X355) X532, 8355, O5325 106415

furthermore, €, is the error vector of y;.

3.2.2 Constraints

So far, the model system is underdetermined (or under-constrained) since the dimension of
x (denoted dim(x)) is larger than that of y; (denoted dim(y;)). Even if dim(x) « dim(y,),
Eq. (3.7) is the Fredholm integral equation of the 1st kind, a well-known ill-posed problem
(Twomey, 1977; Yagola, 2010) which only has stable solution with the help of extra constraints.
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Here we consider two types of constraints: the smoothing constraint on v(r) and a priori
constraint on CRI.

The smoothing constraint stems from the contradiction below: on the one hand, realistic
particle size distributions should be smooth and positive; on the other hand, due to the
mathematical instability of the ill-posed problem, small perturbation in the measurement vector
caused by measurement error will lead to serious oscillation and even negative values in the
state vector. To suppress the oscillation, we prescribe the 2nd order derivative of the retrieved
v(r) is close to zero. Accordingly, the 2nd forward model related to the smoothing constraint
is expressed as

y, =f,(X) + &,

v, =0, f,(x) = Hv, &, = £, (3.11)

where H is the 2nd difference matrix with the form

1 -2 1 0 0 0 0 0
0o 1 -2 1 0 0 0 0
H= 0 O 1 -2 1 0 0 O
0 O 0 1 -2 1 0 O
0 O 0 0 1 -2 1 0
0 0 0 0 0 1 -2 1

to calculate the 2nd order difference of v, which is allowed to vary in a range [—¢&,, &].

The a priori constraint influences the retrieval of CRI by introducing a priori statistical
results from climatologic data. Such constraint is applied in order to restrict the range of
retrieved my and my, prescribing that the retrieved values should not deviate from the a priori
values beyond the statistical limit. Thus, the 3rd forward model related to the a priori constraint
is

y; = f3(x) + &3,
Y3 = [mR,armI,a]T'f3(X) = [mg,my]", &5 = [EmR,a»EmLa]T- e

The mean of the statistics is taken as the a priori value mg , (mlla); the limit of the statistics

as the a priori error &y, (Sml a).

3.3 Numerical inversion

The inversion strategy is based on statistical optimization (Tarantola, 2005; Rodgers, 2000;
Dubovik and King, 2000). If error in the forward model is negligible, the measured value is

supposed to be a random variable with the forward-modeled value as the mean and

38



3. BOREAL algorithm

measurement uncertainty as the standard deviation. Since measurements on optical properties
are non-negative in reality, it is reasonable to assume the measurements conform to multivariate
lognormal distribution (Eadie et al., 1971; Tarantola, 2005):

Y, =Iny, ~N(F(x),Cy,), (I=123) (3.13)
where F;(x) = In f;(x) represents the mean vector and Cy, the covariance matrix. By assuming

each set of measurements is independent, one is able to construct the likelihood function (Fisher

and Russell, 1922) as

1 1
[ [0 =] | =——=ew|-;0-RereiM-Rel), @19
(2 T[)ml |CY[ |
where p; is the probability density function (PDF) of the set [, m; = dim(Y;) and |CY1| is the
determinant of Cy,. According to maximum likelihood estimation (MLE), the X maximizing the

likelihood function Eq. (3.14) is taken as the best estimate of Xx. The maximization of Eq. (3.14)

is equivalent to minimize the multi-term quadratic form:

hG) = ). Vi~ RGOITC Y~ Fi(9). (3.15)

It should be stressed that by definition in Eq. (3.11), Y, is meaningless. However, we keep
this notation for having a compact form. In fact, the smoothing constraint is converted to

0=HInv+e,. (3.16)

In practice, instead of the absolute value of X, we retrieve its logarithm X = In x to ensure the

positivity of the retrieved parameters. As a result, the cost function to minimize is

3 3
h(X) = lel‘pz = Zl:l[Yl — F(expX)]"Cy,'[Y; — F(exp X)]. (3.17)

By the statistical estimation theory, the estimate of X is normally distributed. That is, X also
conforms to lognormal distribution. The study by Dubovik and King (2000) proves the
connection between the MLE after logarithmic transformation and Chahine-like iteration.

Since Eq. (3.17) is non-linear, the minimization procedure has to be performed numerically.
The Newton method is efficient to search a local minimum not too far from the initial point
(Chong and Zak, 2013). The basic idea is, at an iteration point X, to approximate the cost
function by a quadratic function with the same first and second order derivatives as the cost
function. The minimal point of the quadratic function is selected as a new point for the next

iteration. The basic iteration formula for the Newton method is

X0et) = XU — y2p(x ) yp(X0), (3.18)
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where Vh and V2h are the first and second order derivatives of h, respectively. Given the form
of Eq. (3.17), we exploit the Gauss-Newton iteration as a good approximation to Eq. (3.18)
XK+ = x (k) 4 Ax K

3 3
R (x) xS I 0 B x|
=1 =1

where Jg, (X(k)) is the Jacobi matrix of F; at X&) with the form

(3.19)

x; 0{f1}; x; 0{f1} Xy 0{f1}1 ]
{f1}; ox; {f1}; 0x, {fi}; ox,
x; 0{fi}, x, 0{fi}; X, 0{fi};
Jr, = | {fi}, ox; {f1}, Ox, {f1}, 0x, '
X1 a{flhn X2 a{fl}nl . Xn a{fl}m
—{fl}m axl {fl}m axz {fl}m axn “x=exp(X(R))
1l —2 1 0 0 0 0 0 0 0
o 1 -2 1 0 0 0O 0 0 O
] :[ dInf, alnfz]: 0 0 1 -2 1 0 0 0 00
F2 " Omg T omy o 0o 0 1 -2 1 0 0 0 of
0 O 0 0 1 -2 1 0 0 O
0 0 0 0 0 1 -2 1 0 0

=[alnfs dlnfs alnfa]z[o 0000O0O0GO01 0]
Fs av ' omg ' omy 00000 O00O0O0O0 1F

When the coefficient matrix before AX® in Eq. (3.19) is not positively definite, it is not
invertible and the Gauss-Newton method does not show descendent behavior. To deal with this

problem, we introduce the Levenberg-Marquardt (LM) modification to Eq. (3.19):

3 3
[Z J§, (X9) €y g, (XB) + y®D | AX® ={Z JH(X®) gy, - F(X®)]:,  (3.20)
=1 =1

where the term y ®)D consists of the scalar damping factor y and scaling matrix D to make the
coefficient matrix positively definite. When y — 0, Eq. (3.20) is equal to the Gauss-Newton
method; when y — oo, Eq. (3.20) is asymptotic to the gradient method with infinitesimal
iteration step. Thus, y¥) should be adjusted with iteration. At beginning of the iteration, a large
¥® ensures reduction of the cost function in case the iteration point is far from the optimal

point. As the iteration point approaches to convergence, a small ¥ accelerates the
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convergence rate. The scaling matrix, D, is diagonal to scale the influence of y on different

state variables since their magnitudes can be quite different (e.g., mg and my).

3.4 Implementation of the inversion procedure

3.4.1 Inclusion of the scattering models as forward models

Optical properties modeled by f; (x) are directly taken from the particle scattering models
described in Sect. 2.1.3. Using these pre-calculated optical properties facilitates computational
efficiency. For calculating spherical and spheroidal particles, we use kernels

Sphd

gSphd K, provided by the Spheroid-Package database. They were derived by

Sphd
11,4 K ;

22,1
integrating the corresponding kernel functions with the base functions over double intervals
Alnr, Aln { using quadrature methods similar to Eq. (3.7) and (3.8). Note that the kernels are
also calculated for discrete grids of mg,m; and 45 = 340 nm without implementing the
quadrature (refer to Table 2.1 for ranges of the grids). Kernels out of the grid points are derived
by linear interpolation. Kernels at other wavelengths are derived according to the scale

invariance rule (Mishchenko et al., 2002) as

Sphd

K (...,r,()=103l K (. ,/107‘,( . (3.21)
ol

A A

With kernels, Eq. (3.4) is converted from integral to summation and the kernels for spherical

particles and for the fixed Feldspar ARD are calculated by

K5 () = z K5 (s S )mspn (6), nsph(C)—{O gii (3.22)

KRG = ) K (o 6)ma(6): (3.23)

As a reminder, ny({) is the ARD of the Feldspar sample. Unlike the Sphere and Spheroid
models, the TH model provides scattering properties (kernel functions) calculated for discrete
grids of (4, mg, my, D, ¥) without implementing any quadrature calculation (refer to Eq. (2.38)
and (2.39)). Thus, we apply the quadrature method described by Eq. (3.7) and (3.8) to derive
kernels from the corresponding kernel functions for IH particles. Since the [H model calculates
the kernel functions with respect to D (the diameter of the circumscribed sphere of the particle),

they are firstly converted to the form with respect to the volume-equivalent radius 7:
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K™, D) = KM (o ut 0)) = K (e (), (3.24)
where V = u(D) is the ensemble-weighted volume as a function of D. A complete mapping

from D to V is stored in the [H dataset. By definition, r can be derived from the relation
4
V=wh)= §nr3. (3.25)

We extracted the discrete kernel functions for D € [0.002,100] um, which corresponds to

r € [0.0005,25] um and at A = 355,532,1064 nm. Note that the TH model derives the

values of kernel functions out of the grid points by linear interpolation. Thus, the IH kernels
between the interval [ln Ti—1,In rj+1] are calculated by

[(lnrj —In Tj—l)k.l.?z(---lrj—l)]

K () = [3 11 1]| (7 =Inr_)k5(-0m) |

6 3 3 6 (ln Tip1 — lnq)kll_fl,l(...,q)
[(lmjﬂ - lnﬁ)k.l.ljz(---'rjﬂ)J

There are two sets of radius grids: the model grids refer to the grids at which the scattering

(3.26)

models calculate the kernel functions and kernels, while the retrieval grids are those at which
the underlying v(r) is discretized and v is retrieved. In AERONET retrieval strategy, the
model grids coincide with the retrieval grids, while in this study, the model grids are finer than
the retrieval grids: i.e., 8 retrieval grids versus not less than 14 model grids in an inversion
window. Since the quadrature method is based on the piecewise linearization of v(r), v(rq) at
a model grid 7, between the retrieval grids 7; and 7;,, can be calculated by

Vieq — V; Vipq — U
_ Jj+1 J _ j+1 J
v(r,) =—2———1Inr, + <vj == 7

Inrj, —In7; In7j; —Inr;

In 1}-). (3.27)

In this way, v(r) corresponding to all model grids within the inversion window are able to

be acquired, so that the bulk optical properties can be simulated from Eq. (3.8).

3.4.2 Determination of key parameters of the retrieval process

3.4.2.1 Covariance matrices of the measurement vectors

The covariance matrix in each quadratic term appearing in Eq. (3.14) — (3.17) acts as a
weight to allocate the contribution of the quadratic term to the entire cost function, although it

is not a strict terminology for Cy, because the smoothing constraint is not based on statistical
results. To determine Cy,, the lidar measurements in Y; are assumed to be independent so that

Cy, becomes diagonal and the lognormal assumption results in
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1 40} o
{ch}»U_lrlE 1+ 1+{y1}§ , (=7 (3.28)

where o; is the standard deviation of the i-th lidar measurement, {y, };. If the relative standard

deviation, o;/{y,}; is far less than 1, the {CY1}U can be approximated as (o;/{y;};)? (Dubovik

and King, 2000). In practice, we set g;/{y1}; to the one-third of the maximum relative
measurement error. An analysis of the maximum relative measurement error in each channel
for LILAS can be found in Hu et al. (2019).

We set Cy, to ascalar cy, so that it serves as a scaling factor for the 2nd quadratic term. The
inverse of cy, plays a role similar to the Lagrange multiplier in the regularization method
(Miiller et al., 1999; Veselovskii et al., 2002). That is, the larger ch‘l, the smoother the
retrieved VSD but the worse the retrieval fits the lidar measurements. To the contrary, the
smaller ch"l, the stronger oscillation of the retrieved VSD but the better the retrieval fits the
lidar measurements. During testing the algorithm, we found compared to Cy,, retrieval results
are not very sensitive to ¢y, and [1, 10] is a proper range for cy, .

The my and m; can be treated as independent of each other in the UV-VIS-NIR region,
especially for the case where the spectral dependence is neglected. Accordingly, Cy, isa 2 X 2
diagonal matrix with a priori variances of my and m; as the diagonal elements:

{Cv.},, = Ohen {Cu},, =0om..

The a priori information on particle CRI is important to reduce the underdetermination and
better constrain the solution space because plenty of studies have shown the backward lidar
measurements might have very limited sensitivity for accurately retrieving CRI, especially the
imaginary part (Veselovskii et al., 2002, 2004, 2010; Miiller et al., 2013, 2016, 2019). Because
CRI is closely related to chemical composition of the aerosol but independent of particle

concentration and size distribution, reasonable estimates of (mR‘a, GmRa) and (ml'a, Om, a) can

be obtained as long as the type of the aerosol to be retrieved is known in advance. The aerosol
type can be determined by either species identification methods using lidar measurements
(Burton et al., 2012; Nicolae et al., 2018; Veselovskii et al., 2022) or tracking the source of the
aerosol event using back-trajectory analysis (Stein et al., 2015).

At the current stage, BOREAL provides three sets of a priori constraints on CRI,
corresponding to: absorbing, non-absorbing and dust aerosols, respectively, with values listed

in Table 3.1. The “absorbing” and “non-absorbing” types assume spectrally independent m;
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for spherical particles (Chang et al., 2022), while the “dust” type is specially used for dust
retrieval, considering the spectral variation of dust my. The a priori constraint on my is the
same for all aerosol types because we found during the sensitivity test, compared to the
imaginary part, lidar measurements have higher sensitivity to the real part, and it is not

necessary to designate different values for different aerosol types.

Table 3.1. 4 priori constraints on CRI for different aerosol types.

my, O-ml,a MR,a GmR,a
Absorbing 0.015 0.01 1.5 0.1
Non-absorbing 0.005 0.005 1.5 0.1
Dust 0.005 (355 nm) 0.005 (355 nm) 1.5 0.1

The absorbing aerosols are characterized by their relatively higher m; , possibly because
they contain black carbon generated through combustion processes. Most of biomass burning
aerosols (BBAs) and anthropogenic soot from fossil fuel combustion are of this kind. The non-
absorbing type mainly includes sea-salt particles from maritime regions, water-soluble aerosols
related to gas-particle conversion and sulfate aerosol generated from both industrial activities
and natural processes (volcanic eruption), characterized by relatively lower m; ,. Dubovik et
al. (2002) found that geographical locations also have a great impact on particle absorption.
For example, the urban-type aerosol in Mexico City is found to be more absorbing than that in
Goddard Space Flight Center (GSFC) probably due to higher amount of anthropogenic
combustion of fossil fuel; BBAs generated from different vegetation types (forest vs. savanna)
and combustion processes (flaming vs. smoldering) with various ambient temperature, relative
humidity as well as aging process can present quite distinct absorbing properties. Thus,
knowledge on aerosol source is of great importance to properly set the a priori constraint on
CRI.

Dust aerosol is considered separately due to the spectral variation of m;. Remote sensing
(Dubovik et al., 2002), in-situ (Granados-Muiioz et al., 2016) and laboratory measurements (D1
Biagio et al., 2019) show dust presents the highest absorption in the UV and much less
absorption towards the NIR region. A study by Veselovskii et al. (2010) indicates that ignoring
the spectral variation of dust m; will lead to retrieval error in particle volume concentration of
17-25%, as well as increases of the uncertainties of other retrieval parameters. In this study, we
account for spectrally dependent dust m; in a simple way: only retrieve the m; at 355 nm; the
values at 532 and 1064 nm are derived from regression analysis to laboratory measurements

made by Di Biagio et al. (2019). Figure 3.2 shows the relation of the imaginary parts of CRI of
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19 global distributed dust samples measured at 355 (m;355), 532 (M 532) and 1064 (M 1064)
nm, as well as the results of linear regression. One can see a strong correlation (0.98) with a
larger slope (0.52) between m; 355 and m; 53, and a relatively weak correlation (0.68) with a
smaller slope (0.14) between m,3s5 and m;s3, . In addition, given the fact that lidar
measurements are not sensitive to mjjge4 €specially when m;106,~0.001 (a detailed

discussion is given in Sect. 4.2), we fix it to 0.001 throughout retrieval.

10852, : : : 1.0 282 :
y = 0.52x -5.9E-05 y = 0.14x +2.7E-04

0.8 R =098 1 osl R = 0.68
5 06| 1 gosf
5 o 1 Foa

[ ]
0.2} s 1 o2} o
L ]

0'%.0 02 04 06 08 1.0 O'%.O 02 04 06 0.8 1.0
le-2 le-2
Mmy355 my,3s5

Figure 3.2. Relation of laboratory-measured (Di Biagio et al., 2019) imaginary parts of CRI (black points) at 355
(M 355), 532 (M 532) and 1064 (M 1064) nm and linear fitting results (red line). The measured values are from 19

global distributed dust samples, interpolated or extrapolated to the lidar wavelengths.

3.4.2.2 Damping factor and scaling matrix

As mentioned above, ¥y is set to ensure the reduction of the cost function in every
iteration step. However, too large y¥) can significantly reduce the convergence rate. Basically,
there are several strategies to update the damping factor. One is to find ¥ causing the greatest
reduction of the cost function in each iteration step. However, the computational burden is
massive (Rodgers, 2000). Another strategy is to use a large ¥ right from the start of iteration
to ensure the reduction in the first step. After an iteration step, decrease y * if the cost function
reduces; otherwise, increase y®), do not update X and try again (Press et al., 2002). In this
study, we adopt a method similar to the latter strategy where the reduction of y® is related to
the magnitude of the cost function:

If A(X® + AX®)) > h(X®) then

y & =2y ®), (3.292)

and try again, else:
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2h(X®)) y®

y<k+1>:max{ o } X0+ = X 4 A0, (3.29b)
h

with E,, = ¥3_; dim(Y,) — dim(X). Eq. (3.29) indicates that at beginning of iteration the cost
function usually has large magnitude since the initial point X(® is far from the optimal point
and as a result, y© is also large. As the iteration proceeds, h(X(k)) approaches to its local

minimum and correspondingly, ¥¥) decreases to accelerate the convergence. Other more
sophisticated updating strategies can be found in Fletcher (1971), Moré¢ (1978), etc.

The scaling matrix D was firstly proposed by Marquardt (1963) to account for difference
in magnitude of the elements of the state vector. There is no united form of D but a diagonal
matrix is preferable. Here we follow the suggestion by Dubovik and King (2000): namely, its
diagonal elements are inversely proportional to the square of the maximal ranges of the

corresponding state variables:

1
1/A2 0 0 rsz E(ln Vmax — 1N Vpyin)E = 2.54E
A\
1
D=| O 1/A12nR 0 1, A Ay = E(lnmR‘max —In mR’min) =0.07, (3.30)
0 0 1/A%, !
(A= 3 (Inmy max — InmMy in) = 2.3

where E represents the unit matrix.

3.4.3 Convergence criteria and stopping conditions

There have been lots of widely-used convergence criteria in optimization problems. For
example, the iteration could stop if one of the following conditions is satisfied (Chong and Zak,
2013):

n(xk+1))—p(xH)
(@) l I(nax{1,|21(x((k))|})l < €r;

[[x+D_x @]
( max{L[[ X[} < €r;

(3) [[VR(X®)|| < &7
The threshold &7 is usually set to 10™* for condition (3) or 107> for conditions (1) and (2).
However, applying these rules in our cases often makes the iteration end up with an unrealistic
solution: the retrieved VSD has extremely large values for r > 2um. At the same time, the
fitting residual in each term of the cost function is quite small, meaning a complete convergence
is reached. It is because the extinction and backscattering Kernels decrease rapidly and tend to

be identical for r > 2um (Veselovskii et al., 2004). Checks on iteration sequences found that
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in the beginning, the state vector is able to evolve towards the right direction; however, after
certain steps, elements of v corresponding to large r start to increase while the other elements
almost do not change. Meanwhile, the quadratic term in the cost function representing the
smoothing constraint keep decreasing while the lidar measurement term nearly stagnates, until
the above convergence criteria are met. Another problem is that when X is far from the
optimal point, h(X(k)) could be high, which in turns makes y® high and results in a small
iteration step. On the other hand, Vh in this region could also be small (h is flat) so that the
above criteria are easily satisfied after a few iterations. Therefore, to ensure correct
convergence, we need: (1) a metric that serves as a measure of the fitting quality and is able to
identify the iteration step where the state vector starts to deteriorate; (2) in addition to the
criteria on the relative variation between two steps, criteria related to the absolute value of the
cost function. Note that by looking at h as a function of Y;, it conforms to the chi-square
distribution with an expectation of E, (see Eq. (3.29)). Thus, in this study, the iteration will
stop if one of the two following conditions is satisfied:

(1) R(X®) < E}, and for Va € (Y; — Inf;(X) — €,), |al < 0;

(2) the maximum iteration number of 30 is reached.
The first condition makes sure the overall fitting residual of the quadratic form is comparable
to the overall measurement uncertainty and in particular, the fitting residual for every lidar

measurement does not exceed its maximum measurement error.

3.4.4 Initial guess

An initial guess of the state vector X(® is needed to initialize the optimization procedure.
An initial guess as near the solution as possible helps in realizing correct convergence and
accelerating convergence rate. To the contrary, arbitrarily selected X(® could trap the state
vector in a region where h(X) is large while VA(X) is small (a plateau of the cost function) or
lead it to another local minimum. The latter is more common for the ill-posed lidar-aerosol
retrieval problem where the non-uniqueness of the solution has been extensively discussed by
Chemyakin et al. (2016). Considering that mg 5, m; , should not be far from the actual values,

© _
R

we set m Mg 4 and ml(o) = My 5. Next, the elements of v(® is set to an identical value v(©

derived by fitting the measured « at 532 nm:

a
0) — 532 (3.31)
v = . .
(0) . (0)
Z?=1Kév,lssz.j(mk m )
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3.4.5 Calculation of other microphysical and optical properties

After v(r), mg and my are retrieved by the statistical optimal inversion method described
above, particle volume concentration V;, effective radius r,.¢ and bulk single scattering albedo

(w) are calculated with Eq. (2.23), Eq. (2.25) and Eq. (2.29), respectively.

3.5 Selection of individual solutions

The above mentioned forward modeling and inversion processes need a specific interval of
radius, [Tmin, Tmax]» tO construct retrieval grids and account for model grids. We call such
interval an inversion window and the state vector retrieved within the inversion window is
referred to as the “individual solution” for the inversion window. The equivalent radius of most
aerosol particles varies from 0.05 to 10 um (Lenoble et al., 2013). In the AERONET retrieval
algorithm, a fixed inversion window, from 7,,;, = 0.05 pm to 7;,,x = 15 pm, is set, within
which v(r) is retrieved at 22 log-equidistant retrieval grids that coincide with the model grids.
However, compared with AERONET measurements, the lidar measurements employed for
aerosol retrieval contain much less information content so that v(r) is only retrieved at 8
retrieval grids. If we just fix the inversion window to [0.05 um, 15 um], the same as the
AERONET algorithm, the error resulting from the quadrature will be too large. Figure 3.3
shows the resampling errors as functions of the mode radius, 7, of a lognormal VSD with
Inog; = 0.5 (see Eq. (2.26) for its definition). The resampling error is defined as the relative
difference between the optical properties calculated from v(r) represented by fine radius grids

(denoted as vg,e) and those calculated from v(r) represented by reduced grids (denoted as

Vredu):

(3.32)

m
1 z <{f1 (Vfine' mg, ml) - f1 (Vredu' mg, ml)}i>2

m {f1 (Viine, mg, mp};

i=1
It can be seen that the larger €., the larger errors in the forward model caused by the
quadrature process. Figure 3.3 indicates that for an inversion window [0.05 pm, 15 um], &,
increases with the increase of 7, reaching its maximum at r,~3 pm. According to the used

scattering model and combination of the optical properties, the maximum of ¢, ranges from

6% to 17%.
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Figure 3.3. Resampling error versus mode radius of the lognormal VSD with a standard deviation of 0.5 calculated
for the inversion window [0.05 pm, 15 um]. The numbers of fine and reduced radius grids are 22 and 8,
respectively. Different scattering models and combinations of optical properties are accounted for and the

corresponding results are shown for different colors.

Undoubtedly, there is an optimal inversion window with length and position that best
represent the underlying v(r). Nevertheless, it is hard to be found because the location and
spread of the v(r) to retrieve is unknown. To this end, a set of inversion windows with
changing positions and lengths are defined. A solution set consisting of individual solutions for
every pre-defined inversion window is then obtained, from which “qualified” individual
solutions are selected to constitute the so-called solution space. Although such strategy has
been adopted by many other lidar-aerosol retrieval algorithms based on linear inversion
(Veselovskii et al., 2002, 2012; Miiller et al., 2016, 2019), one evident contrast here, however,
is that the size of the solution set is greatly reduced because VSD and CRI are simultaneously
retrieved in one inversion window. In addition, the logarithmic transformation ensures the
positivity of all retrieved VSDs, which simplifies the selection process. The following selection
criteria are based on the consideration that the individual solutions for properly set inversion
windows should well fit the measurements and meanwhile, be physically “reasonable” (i.e.,
VSD is of a reasonable shape and CRI lies in a reasonable range).

The selection process consists of two steps. In the first step, the VSD shape criteria select
individual solutions of which the VSDs have lognormal-like shape, which form the good-
shaped solution set. The complementary of the good-shaped set constitutes the bad-shaped
solution set, as shown in Figure 3.4. The assumption of lognormally distributed VSD (either
mono-mode or multi-mode) should be reasonable since such size distribution of aerosols has
been widely proved by both remote sensing and in-situ measurements (Davies, 1974; Ott, 1990;

Dubovik et al., 2002; Reid et al., 2008). However, instead of constraining the mode radius or
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standard deviation (Eq. (2.25)) of the retrieved v(r), the shape criteria only constrain the
relationship between v(rj) where 7; is near 7,5y OF Tipin and the maximum of v(r), denoted as

Vmax- Specifically, the left and right sides of the retrieved VSD should satisfy
- for the left side:

v < Uy vV 20, _
{vl < 0.5V or {vl < 0.05v,,% (3.33)

- for the right side:

vg < Uy Vg = Uy )
{vg < 0.5V or {vg < 0.05v,,4 (3.34)

Furthermore, the number of modes of the retrieved VSD should not exceed 2.

Solution set

Good-shaped set

Solution space
(output with priority)

—_——————_——— —

VSD shape criteria v '
| Fitting error criteria \/:

e e e —— —— —

Bad-shaped set

———— e
|

VSD shape criteria Xl
| Fitting error criteria J:

e e - — ——————

Substitute space
(output if solution
space is empty)

Figure 3.4. Relationship of the solution set, good-shaped solution set, bad-shaped solution set, solution space and

substitute space.

After the two sub sets of the solution set — the good-shaped and bad-shaped solution sets
are identified, in the second step, the fitting error criteria select the individual solutions with
small fitting error from the two sub sets, respectively. The fitting error measures the distance
between the real lidar measurements and the measurements reproduced by the retrieved

parameters, which is defined as

RSN 7R AN
&t = EE(T)' (3.35)

i=1

where X is the retrieved state vector. Accordingly, the fitting error criteria process the good-
shaped solution set in the following steps:

(1) sort the individual solutions as the ascending order of &gy ;
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(2) select the first 20% of the sorted individual solutions and, in the remaining part, the
individual solutions with &5 < 6y, . 0, 18 the root-mean square of relative

measurement standard deviation:

(3.36)

The selected solutions are output as the solution space and the final solution is the mean of
the solution space. When the good-shaped solution set is empty, the fitting error criteria process
the bad-shaped solution set in the same way as described above and as a result, the substitute

space is output.

3.6 Chapter summary

This chapter describes the principle and implementation of the BOREAL algorithm.
BOREAL is constructed by configuration, forward, inversion and post-process modules. The
configuration module receives input from users, initializes configuring arguments and passes
them to the other modules. The forward module includes models describing physical processes
of particle bulk extinction, backscattering and depolarization, and constraints on particle VSD
and CRI. As the core of the algorithm, the inversion module receives input measurements,
performs numeric inversion based on the maximum likelihood estimation method and retrieves
particle VSD, my and m; for a selected inversion window. It calls the forward module in each
iteration procedure. The post-process module calculates Vi, 7e¢ and bulk SSA from the output
of the inversion module and determines the solution space. Figure 3.5 shows a flowchart

illustrating the algorithmic logic.
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Figure 3.5. Flow chart of BOREAL algorithm

In the next chapter, the performance of BOREAL, retrieval accuracy and measurement

sensitivity will be evaluated by ways of simulation.
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4 Assessment of BOREAL performance by

simulation and sensitivity study

In this chapter, we assess measurement sensitivity and retrieval accuracy of BOREAL by
retrieving pre-defined aerosol models from synthetic data for both error-free and error-
contaminated conditions. The aerosol models, noise model and strategy used for the simulation
are described in Sect. 4.1. The simulation is conducted in two branches aiming at retrieving
spherical and non-spherical particles, respectively, of which the results are separately presented

in two sections (Sect. 4.2, Sect. 4.3). Sect. 4.4 summarizes the whole chapter.

4.1 Description of aerosol and noise models

4.1.1 Aerosol model

The assessment of algorithmic performance relies on synthetic aerosol optical properties.
So, firstly, it is necessary to parameterize aerosol microphysical properties from which the
synthetic optical properties can be calculated. As mentioned in previous chapters, by particle
radius, atmospheric aerosol can be classified as Aitken nuclei (r < 0.1 um), large nuclei
(0lpm<r <1pum) and giant nuclei (r > 1pm ). There have been representative
mathematical expressions to describe aerosol size distribution, such as negative power
distribution (Junge, 1955), I' distribution (Deirmendjian, 1969), modified- I" distribution
(Hansen and Travis, 1974). However, based on large numbers of in-situ measurements, Whitby
(1978) proposed a summation of lognormal functions to describe aerosol size distribution in
the whole size range. That study reveals that general aerosol ensembles are usually composed
of three modes: a nucleation mode corresponding to the Aitken range, an accumulation mode

corresponding to the large nuclei range and a coarse model corresponding to the giant nuclei
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range. These additive modes can be expressed by lognormal functions to form the total size

distribution:

(lnr —In rq,i)zll 1)

q(r) = z a4 exp [—

l. V2r(Inag;) 2In%0y;
where the subscript i represents the specific mode and the meaning of other parameters have
been explained in Eq. (2.26). The measure of the distribution, g, could be number (q = n),
surface area (q = s) and volume (g = v), whereas Q represents the concentration of the
corresponding measure. As shown in Figure 4.1, the nucleation, accumulation and coarse
modes respectively predominate in the number, surface area and volume (or mass) distributions.

Given that lidar measurements have little sensitivity to the nucleation mode (Burton et al.,
2016) and the volume size distribution (VSD) is used throughout this study, we define
lognormally distributed VSD models consisting of up to 2 modes: the accumulation (also called
“fine”) mode and coarse mode. This assumption is also consistent with large numbers of
retrievals of typical aerosol types with sun-sky photometers (Dubovik et al., 2002). For
spherical aerosols, we set 4 VSD types composed of a mono-fine (MF) mode, a mono-coarse
(MC) mode, bi-modes with the fine part dominating (BF) and bi-modes with the coarse part
dominating (BC), respectively. Detailed parameterization of these VSD types is given in Table
4.1.
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Figure 4.1. Schematic of number, surface area, volume or mass size distributions predominated by atmospheric

aerosols with different modes. (cited from Buseck and Adachi (2008)).
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For aerosols composed of non-spherical particles, we focus on the retrieval of dust aerosol.
Due to the annual emission and residence time, mineral dust is the most abundant aerosol
species which is mostly generated by natural processes such as wind blowing and can endure
long-range transport (Ginoux et al., 2012). Typical size of dust particles ranges from hundreds
of nanometers to tens of micrometers. Freshly emitted dust particles usually contain loose soil
aggregates with diameter larger than 20 um which, however, cannot stably exist due to
processes of wind erosion and sandblasting as well as the high settling rate (Shao, 2008; Reid
et al., 2008). Instead, a coarse mode with diameter between 1 and 20 um predominates (Gomes
et al., 1990, p.199; Alfaro et al., 1997). Reid et al. (2008) reported a volume median diameter
of 3-5 um for different dust sources and conclude that it is determined by regional soil
properties rather than external factors such as wind speed. On the other hand, a fine mode with
diameter smaller than 1 pm is sometimes observed (Dubovik et al., 2002; Osborne et al., 2008;
Weinzierl et al., 2009; Mamouri and Ansmann, 2014). Theories like the scale-invariant
fragmentation (Kok, 2011) and sandblasting (Gomes et al., 1990) can explain the injection of
the fine mode. In addition, during transport processes, a shift to smaller sizes can happen due
to the deposition of the coarse mode which, however, is not evident (Reid et al., 2008; Hu,
2018). Maring et al. (2003) report a 12% reduction of the measured VMD from 4.1 to 3.6 um
after probably 5-6 days transport, most of which took place in the first 2 days. Accordingly, we
define three VSD types to mimic the size distribution of typical dust aerosols. Specifically, two
monomodal VSDs differing in mode radius and a bimodal VSD with the coarse part
predominating, represent freshly-emitted dust (FD), transported dust (TD) and bimodal dust
(BD), respectively. Detailed parameterization can be found in Table 4.1.

Table 4.1 also shows the values of CRI for both spherical and non-spherical particles. For
spherical particles, 5 spectrally independent mg from 1.4 to 1.6, and m; from 0.001 to 0.02 are
defined. For non-spherical particles, since the aim is dust aerosol, the spectral dependence of
my is considered. Specifically, three spectrally independent mg and three m; 355 corresponding
to the lower extremes, means and upper extremes of the statistical results provided by Di Biagio
et al. (2019) are set. The values of m; 53, are determined by the regression relation shown in
Figure 3.2. Finally, for my 14, a single value of 0.001 is considered.

The a priori constraints on CRI are consistent with Table 3.1. For spherical particles, the

absorbing type is assigned if the true m; > 0.01; otherwise, the non-absorbing type is assigned.
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Table 4.1. Parameterization of the spherical and non-spherical aerosol models used in the simulation. The meaning

of the parameters used to construct lognormal VSD can be found in Eq. (2.26).

Spherical Non-spherical (dust)
VSD type MF MC BF BC FD TD BD
Ve (um3/cm3) 1 - 0.67 0.17 - - 0.1
Ty ¢ (Hm) 0.2 - 0.2 0.2 - - 0.13
Inog¢ 1.49 - 1.49 1.49 - - 1.49
V. (um3/cm3) - 1 0.33 0.83 1 1 0.9
Ty,c UM - 1.2 2 2 2 1 2
Inog - 1.82 1.82 1.82 1.82 1.82 1.82
Terr (M) 0.18 0.99 0.26 0.7 1.67 0.84 0.69
mg 1.4,1.45,1.5,1.55,1.6 14,15,1.6
my3ss 0.001, 0.005, 0.01, 0.015, 0.02 0.001, 0.005, 0.009
my,532 = My,355 = 0.52my 355
My1064 = My3s5 0.001

It is worth pointing out that in realistic situations, dust particles can be mixed with other
more spherical aerosol particles so that the observed PLDR is lower than the pure case (Tesche
et al., 2009). Many previous studies where the spheroid model was utilized to retrieve dust
aerosol from lidar measurements tried to characterize the mixing state by assuming that the
mixed ensemble contains a certain fraction of spherical particles that have the same VSD and
CRI as the spheroidal particles. Correspondingly, an additional state variable, spherical volume
fraction (SVF), is introduced and retrieved (Veselovskii et al., 2010; Miiller et al., 2013; Tesche
et al., 2019). Nevertheless, in this study, we decide not to retrieve SVF and only consider pure
dust cases. The main reason is that the more unknown variables to retrieve, the higher the
underdetermination of the inversion system. For instance, PLDR is sensitive to not only particle
shape but also particle size (Gasteiger and Freudenthaler, 2014). Transported dust with smaller
mode radius or bimodal dust containing submicron mode also presents lower PLDR. As will
be seen in following sections, there are potential cross-talks between the state variables due to
the underdetermination of the retrieval system. Retrieving SVF in addition will undoubtedly
deepen the cross-talks. Indeed, Miiller et al. (2013) and Tesche et al. (2019) retrieved unrealistic
SVF if only inverting 35 + 2o data. Although Tesche et al. (2019) claim that incorporating
spectral PLDR improves the retrieval accuracy of SVF, we are careful about this parameter
before comprehensive sensitivity study is conducted. Another technical difficulty precluding
us from retrieving the mixing state is the lack of the a priori information on the CRI of the
mixed aerosol. In this regard, new retrieval strategies utilizing proper particle mixing rules

should be planned in the future.
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4.1.2 Measurement noise model and simulation setup

For lidar measurements, random error (i.e., noise) in each channel is represented in the
relative form. The influence of random error on retrieval accuracy is evaluated by assuming
normally-distributed relative noise. Further, we assume the errors are independent of each other
with a standard deviation equal to one third of the maximum measurement error (same as the
corresponding standard deviation set in BOREAL, see Eq. (3.28)). Table 4.2 shows the
relationship between the maximum measurement error and standard deviation set in BOREAL

and used in the noise model.

Table 4.2. Maximum measurement errors for state-of-the-art lidar systems (Hu et al., 2019, 2020) and standard
deviations set in BOREAL and used in the noise model which are derived from the assumption of Gaussian relative

measurement error.

Maximum measurement Standard deviation set Standard deviation used in the

error in BOREAL noise model
Q355 10% 3.3% 3.3%
Qs3o 10% 3.3% 3.3%
Bsss 10% 3.3% 3.3%
Bs32 10% 3.3% 3.3%
B1ioea 20% 6.7% 6.7%
O3s55 15% 5% 5%
8532 15% 5% 5%
01064 15% 5% 5%

Different simulation strategies are employed to evaluate BOREAL performance of
retrieving spherical and non-spherical particles. For spherical particles, the sphere model is
used to generate synthetic 34 + 2a data from the defined aerosol models in Table 4.1 and, at
the same time, serves as the forward model of BOREAL to invert the generated 3/ + 2a data.
For non-spherical particles, firstly, two sets of 35 + 2a + 30 optical data are respectively
generated by the spheroid and IH models from the defined aerosol models in Table 4.1. Then,
within each set of optical data, the following configurations are applied in turns:

(1) (3 + 2a, sphere) — i.e., inverting the 35 + 2a data with the sphere model;

(2) (3f + 2a, non-sphere) — i.e., inverting the 38 + 2o data with the corresponding non-
spherical model used for generating the optical data;

(3) (36 + 2a + 30, non-sphere) — i.e., inverting the 35 + 2a + 30 data with the
corresponding non-spherical model used for generating the optical data.

The simulation strategy for non-spherical particles permits evaluating not only the retrieval

performance of the spheroid and IH models when the full (3§ + 2a + 36) lidar measurements
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are inverted, but also assessing the influences of using the reduced measurements (35 + 2a)
and the sphere model on retrieval accuracy. Of course, for both spherical and non-spherical
particle retrievals, apart from inverting the error-free optical data, additional 100 inversions of
the simulated data perturbed by the noise model (error-contaminated data) are preformed to
assess the influence of measurement error. The corresponding results are called the error-

contaminated retrievals, of which the statistical properties are compared with the modeled

values. Figure 4.2 displays the flowchart of the whole simulation.
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In the following sections, results of spherical particle and non-spherical particle retrievals
will be presented separately. We will focus on the accuracy of retrieved VSD, CRI, SSA, as
well as the size integral parameters, namely the total volume concentration, V;, and effective

radius, Teg. In particular, we present measurement fitting error as an indicator of retrieval

Figure 4.2. Flowchart of the simulation.

quality. The absolute and relative error of a retrieved quantity, x are defined as
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respectively, where X represents the retrieved value and x* indicates the true value. Eq. (4.2) is
also used to describe fitting error when X represents the optical quantity recalculated from
retrieved microphysical properties and x* indicates the real measured optical quantity. We also
utilize the root-mean-square error (RMSE) of a quantity that is expressed as a vector. For

example, the RMSEs of spectral SSA and measurement fitting can be expressed as

n

1
g(@)rms = EZ(@‘ - wxli*)z

i=1

1 N Viti — ¥1li 2
e(Y1)rms = it = EE <%>
i=1 1)t

(4.3)

4.2 Retrieval of spherical particles

4.2.1 Results under the error-free condition

The results presented in this section are all derived under the error-free condition. Figure
4.3 displays boxplots of £(V,), e(refr), e(mg), and e(m,) categorized by VSD type. The lower
and upper whiskers correspond to the 5 and 95 percentiles of the datum, respectively.
Considering both the deviation and dispersion of the retrieval errors, the retrieval of MF
particles has the best accuracy, whereas that of BC particles has the worst. BOREAL performs
better in the cases where fine-mode particles predominate than in the cases where coarse-mode
particles predominate. Plus, a clear positive correlation between €(V;) and &(7.¢f) is observable,
consistent with the analysis by Kolgotin et al. (2016). It can be seen that in not less than 90%
of the cases V; and 7. can be retrieved with accuracies better than 30% and 35%; in not less
than 70% of the cases better than 25% and 15%. Furthermore, in more than 90% of the MC
cases and 75% of the BF cases, V; and 7.4 are underestimated. For mg, it can be retrieved with
an accuracy better than 0.05 in not less than 90% of the cases. For m, in not less than 70% of
the BF cases, and not less than 90% of the rest cases, it can be retrieved with an accuracy better

than 0.005.
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Figure 4.3. Boxplots of retrieval errors: e(V,), e(Tesr), e(mg), €(m;) of the spherical cases in Table 4.1,
categorized by the VSD type and under the error-free condition. The lower and upper whiskers of a box correspond
to 5 and 95 percentiles of the datum, while the lower and upper box edges and the yellow inner line represent 25,

75 and 50 percentiles, respectively.

The upper panels of Figure 4.4 show boxplots of retrieval error of SSA with respect to the
wavelength. Except for MC particles, SSA can be retrieved with accuracy better than 0.05 at
all wavelengths in more than 90% of the cases. The SSAs of the bimodal types (BF and BC)
are underestimated more often, especially for the BC type. The lower panels show the fitting
error of each measurement. The fitting error in each channel is smaller than the corresponding
measurement uncertainty set in BOREAL (Sect. 4.1.2), which indicates the convergence
criteria (Sect. 3.4.3) work well for each retrieval. However, since these cases are free from
measurement error (error-free), it is foreseen that the fitting error will evidently increase after
introducing measurement error (error-contaminated) or when applying the algorithm to real
lidar measurements. Next, we will discuss the retrievals of VSD and CRI in detail for each

VSD type.
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Figure 4.4. Same as Figure 4.3, but shows retrieval error of SSA (e(w)) and fitting error of each measurement

with respect to wavelengths.

Figure 4.5 shows retrieved VSDs against variations of true mg (denoted as mg) and true
m; (denoted as m;). As we will see by comparing with other VSD types, retrieval of MF
particles is of the best quality and stability. As my and m; change, r,,, and S are quite stable
and precise, with slight perturbation on v,,,. Figure 4.6 shows the retrieval of CRI. One can
clearly see the influence of the a priori value, m;,, on the retrieval of m; — the results are
categorized into two clusters corresponding to the used a priori constraints. In particular, the
imaginary parts are retrieved quite close to the a priori value of 0.005 for all the cases where
the true value, my, is 0.001. This suggests the lack of sensitivity of the 3 + 2a measurements
to the m; below 0.005, which can be further demonstrated by small variation rate of the
measurement to the change of m;. The variation rate of the measurement is defined as the

maximum relative variation within an interval of a state variable:

o = 2] = minky D
PR = T max{y (@)} + min{y(x)}

X 100%, x € [a,b]. (4.4)
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Figure 4.5. Results of VSD retrieval for the MF particle ensemble under the error-free condition, shown as slices

of the true imaginary part (my) (upper panels) and true real part (mg) (lower panels).

—— my =140 —e— mg =155 —=&— m =0.001 -@ m/ =0.015
o m;=145 —e— m;=160 % m =0.005 —#— m; =0.020
—e— mg; =1.50 & m; =0.010
1.65 0.020
3
« 1.60 ‘\,/.\ £
£ ©
£ o 0.015+
© 1.55¢ a
= g
(] i
@ 1.50r ‘\'\'/'\1 @ 0.010f
© £
@ | =
z 1.45 \o\/’\ﬁ' =
% 140} 2 0.005}
-4 el
v
1.35f o«
0.000 0.005 0.010 0.015 0.020 0.000 1.40 1.45 1.50 1.55 1.60
True imaginary part m; True real part mg

Figure 4.6. Results of CRI retrieval for the MF particle ensemble under the error-free condition, shown of

functions of the true CRI.

Figure 4.7 displays the variation rate of the 38 + 2« data to m; € [0.001,0.005]. It can be
seen that compared with backscattering coefficients, extinction coefficients always have low
variation rates less than 2% for all values of mg. The variation rates of backscattering
coefficients increase with the decrease of wavelength and increase of mg, but most of the time
do not exceed the prescribed measurement error. This indicates that in a real retrieval of fine-
mode particles with m; less than 0.005, changes in 38 + 2a measurements caused by the

variation of m; and noise are difficult to be distinguished. In addition, simultaneously
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variations of the state variables can lead to compensating changes of the measurements, which
is referred to as the “cross-talk” between the state variables by Burton et al. (2016). The cross-
talk stems from the underdetermination of the inversion system and results in non-unique
solutions. A study on covariance and correlation matrices of the state variables by Burton et al.
(2016) shows that retrieved mg and my are highly positive correlated, which is consistent with
the results here: as shown in Figure 4.6, overestimation of m; is accompanied by

overestimation of mg, and vice versa.
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Figure 4.7. Variation rate (see Eq. (4.4) for definition) of 35 + 2a optical data to m; within the range from 0.001

to 0.005, with respect to the variation of mg. The VSD of the MF ensemble is used for the calculation.

Figure 4.8 and Figure 4.9 show the retrieval of VSD and CRI for the MC ensemble.
Although the VSD retrieval accuracy is worse than that for the MF ensemble, the mono-coarse-
mode is still able to be identified. Compared with the MF ensemble, my of the MC is more
overestimated in the cases where my and m; are both low. For the cases where mg > 1.4 and
m; > 0.001, the retrieval accuracy of mp is comparable with the corresponding MF cases. On
the other hand, except for m; = 0.001,0.005 which measurements are probably not sensitive
to, the retrieval of the imaginary part shows a dependence on both m; , and mg (the retrieved

m; decreases with the increase of mg), while it seems to be less relevant to the true value, m;.
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Figure 4.9. Same as Figure 4.6 but for the MC ensemble

The distribution of the CRI retrieval suggests a combining impact of the a priori value and
cross-talk on retrieval accuracy. To further demonstrate this, we select 4 cases where the true
and retrieved values of CRI are listed in Table 4.3. Several common features can be extracted
from these cases: (1) mg and m; are simultaneously over- or under- estimated; (2) the retrieved
imaginary parts cluster around their used a priori values; (3) from Case 1 to 3, VSDs are
retrieved with good quality and (4) in Case 4, the retrieved real part is also close to the a priori

value and the VSD is highly underestimated.
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Table 4.3. True CRI (mg, m;) and retrieved CRI (Mg, M;) of the selected cases to demonstrate the cross-talk

between the real and imaginary parts of the CRI.

Case 1 Case 2 Case 3 Case 4
(mg, my) (1.6,0.001) (1.6, 0.01) (1.6, 0.02) (1.4,0.001)
(Mg, My) (1.63, 0.004) (1.57, 0.005) (1.57,0.016) (1.49, 0.006)

Figure 4.10 shows the contour plots of S3ss5, 53, and fp64 against my and m;. The
backscattering coefficients were calculated from the MC ensemble and normalized to the
maximum. The variation rates of Sscs, Bs32, B1064 DEtWeen two adjacent contour levels are
10%, 10% and 20%, respectively, corresponding to the maximum measurement errors used in
BOREAL. The positive cross-talk between my and m; is clearly shown by the inclined
patterns. The figure also displays the coordinates of the true (solid markers) and retrieved
(hollow markers) states of the four selected cases. One can see that for the first three cases, the
distributions of the true and retrieved states are almost perpendicular to the gradient of the state
variables, indicating little sensitivity of the measurements along these directions. Whereas, in
the last case, the distance between the true and retrieved states crosses several levels. Table 4.4
lists the relative changes in 38 + 2a due to the variation of CRI from the true to retrieved state
while the VSD keeps unchanged. Compared with the first three cases, considerable variations
of the optical properties in Case 4 are found.

The analysis of the selected cases reveals how the a priori constraint on CRI and cross-talk
impact retrieval accuracy together. For intermediate or high real parts (i.e., mg = 1.5), My is
close to the a priori value, m;,, while My is more determined by the cross-talk causing little
variation in optical properties; as a result, VSD can be retrieved with reliable accuracy in these
cases. To the contrary, for low real parts (i.e., mg~1.4), both Mg and My are close to the a priori
values, mpg , and my ,, and the cross-talk happens between VSD and CRI; as a result, (1) g is
usually overestimated since mg, = 1.5 in this study and (2) V; is underestimated. We stress
that the intrinsic reasons for cross-talk and “a-priori-constraint effect” are underdetermination
and lack of sensitivity of the lidar inversion system. Thus, it is of significant importance to

acquire as accurate as possible a priori constraints on CRI, especially on m;.
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Figure 4.10. Contour plots of B355, B532 and ;964 against my and m; and normalized to the maximum. The VSD
of the MC ensemble is used for the calculation. The variation rates of B555, Bs32, S1064 between two adjacent
contour levels are 10%, 10% and 20%, respectively. There are also shown the coordinates of the true CRI (solid
markers) and retrieved CRI (hollow markers) for Case 1 (star markers), Case 2 (square markers), Case 3 (circle

markers) and Case 4 (triangle markers).

Table 4.4. Relative changes in the 3p + 2o measurements when m;y varies from the true to the retrieved value.

355 X532 B3ss Bs32 B1o64
Case 1 -0.2% -0.5% -4.0% -3.6% -0.4%
Case 2 0.2% 0.5% 5.6% 3.8% -0.8%
Case 3 0.2% 0.5% 4.4% 3.2% -1.0%
Case 4 -1.5% -2% -10.3% 31.8% 91.9%

Figure 4.11 and Figure 4.12 show the retrieval of VSD and CRI for the BF ensemble. The
fine-mode part of VSD can be retrieved with good accuracy in all cases, whereas the accuracy
of the coarse-mode part depends on my and mjy. In general, the coarse-mode part of VSD is
retrieved with higher accuracy when both the true real and imaginary parts are high (mg >
1.5 and m; > 0.01). To the contrary, the coarse-mode radius, 7, , or the coarse-mode volume
concentration, I, is more underestimated when either the true real part or imaginary part is low
(mg < 1.5 or m{ < 0.01), which is the cause of negative £(V;) and &(7.¢) in Figure 4.3. The
worst retrieval of the coarse-mode VSD corresponds to mg = 1.4 and m; = 0.001. Note that
it is in these cases that the largest retrieval error occurs for MC particles, as mentioned above.
However, the situation is more complicated here because apart from the cross-talks between
the real and imaginary parts of CRI, the CRI and a single mode, there is also cross-talk between
the fine and coarse modes, particularly given that the optical kernels are of different magnitudes
in different ranges of the size parameter. The pattern of 7y is between that for the MF particles
and that for the MC particles. Whereas the pattern of 7, is more similar to that for the MC

particles, with values that gradually decrease with the increase of mg.
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Figure 4.11. Same as Figure 4.5 but for the BF ensemble.
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Figure 4.12. Same as Figure 4.6 but for the BF ensemble

Figure 4.13 and Figure 4.14 show the retrieval of VSD and CRI for the BC ensemble. One
can see that retrieval of the fine-mode VSD is again quite stable. Nevertheless, the fine-mode
geometric standard deviation, gg¢, and the maximum value, Vp,,4¢ are over- and under-
estimated, respectively. By contrast, the coarse-mode parameters are less stable and can be
over- or under- estimated depending on the true CRI. In general, V; . keeps growing as my and
my grow, resulting in underestimates at first and overestimates afterwards. On the other hand,
with increases of mg and my, 7, ¢ and o are retrieved with increasing accuracy. The pattern

of the CRI retrieval is quite similar to that for the BF ensemble, except for the cases where
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mg < 1.45 and m; = 0.001. In these cases, the influence of the coarse-mode particles
predominates, leading to a pattern more similar to that for the MC ensemble: namely, the highly

overestimated mg and m; accompanied by the severe underestimated V.
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Figure 4.13. Same as Figure 4.5 but for the BC ensemble
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Figure 4.14. Same as Figure 4.6 but for the BC ensemble

The results and discussion above show the microphysical properties of the mono-fine-mode
(MF) particles can be retrieved with the highest accuracy and stability by BOREAL. For
bimodal distributed particles, the fine-mode part is still able to be retrieved with enough

accuracy and stability. Whereas the retrieval quality of coarse-mode particles depends on
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particle CRI: in general, the largest retrieval error for coarse-mode particles emerges at the
lowest mg and my, and the retrieval error decreases with the increase of both parts of the CRI.
We conclude that without considering measurement noise and error in the forward model, the
main issues that retrieving spherical particles from the 3§ + 2a data faces are non-unique
solutions and cross-talk between state variables which stem from both lack of sensitivity and
underdetermination of the retrieval system. Accordingly, it is important to increase the accuracy
of the a priori constraint on CRI, particularly on the imaginary part, and increase the
information content by incorporating more measurements. The former could be realized with
the help of more comprehensive climatology data; the latter is proved by incorporating the
three depolarization measurements (30) at 355, 532 and 1064 nm in non-spherical particle

retrieval, which will be discussed in detail in Sect. 4.3.

4.2.2 Influence of measurement noise

The 3f + 2a optical dataset are perturbed by the noise model described in Sect. 4.1.2 for
100 times to form the error-contaminated optical data. Statistics of the retrievals for all error-
contaminated data reveals the influence of measurement noise. Figure 4.15 and Figure 4.16
show boxplots of retrieval error as well as fitting error when inverting the error-contaminated
data, just like the error-free cases shown in Figure 4.3 and Figure 4.4. Compared with the results
from the error-free optical data, dispersion of the major parts (~65%) of the retrieval errors
does not change much, indicating the robustness of retrieval. It suggests that although the
incorporated constraints (both smoothing and a priori constraints) may bias the retrieval from
the correct value to some extent, they are important to suppress the influence of measurement
error. What is essential is to improve the accuracy of the constraints, particular the a priori
constraint on m;. As for the measurement fitting, errors in spectral extinction coefficients

apparently enlarge while those in backscattering almost keep unchanged.

69



4. Assessment of BOREAL performance by simulation and sensitivity study

40 5 40

~ 20f 1= 20} ]
g 1L Hie ® g L
= o=z tt{ g 0 --%—-----.—T—r---%"" ==1-1
S : 0
W —20F T \T‘ 1 w -20f T \I‘ .
—40} {1 -aof k
1.0 le-1 1.0 le=2 :
PR A FR e RN}
= = ]
£ 00 -—%-—— N s SOt i B HR ST (N0 S s R S s S S Sy B
T | % = _
-0.5¢ 1 -0.5¢ 1
R T VCR STe MOTWmc BF e
Figure 4.15. Same as Figure 4.3 but under the error-contaminated condition.

A =355nm A=532nm A=1064nm

Bc-T |—[Z|—§—| |—| |—.—|: | I—Ej_l—( |

oSS s N (s O (N
Mcl | [r:Lj | - }—:i:l—' i "Eﬂ_‘

I R A Y

I 1 1 1 1 1 1 1 1 1 1 1 1 1 I
-0.10 -0.05 o0.00 0.05 0.10 -0.10 -0.05 0.00 0.05 010 -0.10 -0.05 0.00 0.05 0.10

£(w) £(w) (@)
BCaf — T +—— |} ———L_ F——f
BFaf +——— T F+—— ||  —— T3 1 i
MC.a f — T |} — : |
MEaf —— T F—— |} — T} |} |
scf - - o o
BF B[ HH 1 e 1 —H
MC.B HIH - HIH - HIH
L SUU U UL SUUUE UUUN D00 | U0 SUUS SUUN SO0 . DU UUN | 00 SO0 SO0 == e
=50 =25 00 25 5.0 =50 -25 00 25 5.0 =50 -25 00 25 5.0
£(@) (%), €(B) (%) £(@) (%), £(B) (%) £(B) (%)

Figure 4.16. Same as Figure 4.4 but under the error-contaminated condition.

To further compare retrieval accuracies under error-free and error-contaminated conditions,
Table 4.5 shows the magnitudes of the means and standard deviations of the errors in retrieving

Vi, Terr, Mg, My, @ , together with the mean and standard deviation of the fitting error, &, are
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calculated. The mean and standard deviation of a retrieval error for a VSD type are derived by
performing statistical calculation to all results corresponding to this VSD type. The summation
of the two quantities is taken as a measure of the total retrieval accuracy for that retrieval
variable. It once again demonstrates the noise level for 3/ + 2a measurements from state-of-
the-art lidar systems does not has a strong influence on the retrieval stability of BOREAL. The

extent of accuracy reduction is comparable or less than the standard deviation of the noise.

Table 4.5. Comparison of the retrieval accuracy derived under the error-free (EF) condition and error-
contaminated (EC) condition. The magnitudes of the mean and standard deviation are respectively the first and

second terms inside the paratheses, and the total retrieval accuracy is the number outside the paratheses.

S CATCD B R 1) MO SO O LIy
MF  12(6+6) 10 (6+4) 3 (142) 3 (043) 2(1+1) 2 (2+0)
= MC  22(12+10)  16(7+9) 4 (143) 4 (143) 5 (3+2) 1 (1+0)
R BF  16(8+8)  12(5+7) 4 (143) 6 (2+4) 3 (2+1) 1 (1+0)
BC  22(2+20) 23 (7+16)  4(1+3) 5 (243) 4 (3+1) 1 (140)
MF  13(6+7) 13 (6+7) 3 (142) 3 (043) 2 (1+1) 2 (2+0)
O MC  22(11+11)  16(6+10) 4 (1+3) 4 (1+43) 5(3+2) 1 (1+0)
R OBF  16(7+9)  14(5+9)  4(143) 6 (2+4) 3 (2+1) 1 (140)
BC  24(3+21)  23(5+18)  3(0+3) 5 (243) 4 (3+1) 1 (1+0)

4.2.3 Retrieval accuracy for typical aerosol types

In previous sections, retrieval of the aerosol models covering comprehensive ranges of state
variables helps in establishing a general analysis on BOREAL’s performance. However, some
of the aerosol models are not very common in nature. For instance, the MC or BC ensemble of
spherical particles is more likely to be non-absorbing sea salt aerosol of which both real and
imaginary parts of refractive index are unlikely to be very high; if the MF ensemble is
composed of biomass-burning aerosol with a high content of black carbon, it is less possible to
have a low imaginary part. For practical usage, it is worth evaluating the retrieval accuracy for
several typical aerosol types based on the above retrieval results. Therefore, based on the study
by Dubovik et al. (2002), a subset of the previously defined aerosol models is extracted. The
elements of the subset represent biomass-burning, urban and oceanic aerosols. Moreover,
according to the type of burnt vegetation, the biomass-burning aerosol is further divided into
the grass-burning aerosol (GBA) and forest-burning aerosol (FBA). Plus, by the difference in
chemical composition, the urban aerosol rich in water-soluble particles from industrial

activities is designated as the water-soluble urban aerosol (WUA), while that generated by
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fossil fuel combustion is designated as the combustion urban aerosol (CUA). The

microphysical properties of these aerosol types are listed in Table 4.6.

Table 4.6. Microphysical properties of typical aerosol models. Note that they are extracted from Table 4.1 and

form a subset of the predefined aerosol models.

Aerosol type mg my VSD type
Grass-burning aerosol (GBA) 1.5 0.015 MF, BF
Forest-burning aerosol (FBA) 1.5 0.005
Water-soluble-urban aerosol (WUA) 1.4 0.005
Combustion-urban aerosol (CUA) 1.45 0.01

Oceanic aerosol (OA) 1.4 0.001 MC, BC

Table 4.7 lists magnitudes of retrieval errors for each aerosol type when the optical data is
error-free. It is no doubt that the largest error occurs in the OA retrieval since compared to
others, this type is characterized by small my, m; and large 1. Retrieval errors in Vi, ro¢ and
mpg for GBA, FBA, WUA and CUA are all not greater than 15%, 15% and 0.03, respectively.
In all cases, spectral SSA can be retrieved with an accuracy better than 0.04. In general, retrieval
accuracy for monomodal types is superior to that for bimodal types, except for CUA. Table 4.8
lists the retrieval errors under the error-contaminated condition. The statistics of each 100-
runing set is represented by the mean and standard deviation (in the paratheses). It can be seen
that the means do not have systematical bias from the values shown in Table 4.8 and the

standard deviations are comparable with or less than the noise level.

Table 4.7. Magnitudes of retrieval errors for each aerosol type under the error-free condition.

Biomass-burning

Aero. type and sub- Urban aerosol Oceanic aerosol
type aerosol (OA)
GBA FBA WUA CUA

VSD type MF BF MF BF MF BF MF BF MC BC

e(Vp) (%) 3 10 2 9 12 14 10 5 44 49

e(resr) (%) 6 7 5 6 3 13 11 2 37 47

e(mg) X 1072 0.3 2 0.1 1 1 3 2 0.1 9 9

e(my) x 1073 2 4 0.9 1 0.1 5 33 1 5 5

e(@)gms X 1072 1 2 1 1 02 3 2 03 4 4
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Table 4.8. Same as Table 4.7, but under the error-contaminated condition. Mean and standard deviation (inside

the paratheses) of 100 retrievals are shown.

Aero. type Biomass-burning aerosol Urban aerosol Oceanic
and sub-type GBA FBA WUA CUA aerosol (OA)
VSD type MF BF MF BF MF BF MF BF MC BC
(V) (%) 3 11 3 8 11 15 10 4 43 49
@ &4 @ 6 O & @ QO 3) 2)
e(resr) (%) 6 8 5 5 5 12 12 0.1 36 46
& B3 6 © © & & (6 4) )
e(mg) X 1072 0.4 2 0 0.7 1 3 2 0.2 9 9
04 (02 04 @©O49 (@O (05 (08 (02 (05 (049
e(my) x 1073 2 5 1 2 0 5 3 0.3 5 5
@)) (1) (06) (05 (04 @©49 @ 04)  (0.2) (0.1)
&(@)rums 1 2 0.7 0.8 0.3 0.3 2 0.4 4 4
X 1072 (1) (I) (03) (03) (02) (0.2) (04) (0.2) (0.1) (0.2)

4.3 Retrieval of non-spherical particles (mineral dust aerosol)

4.3.1 Scattering properties computed with different scattering models

Since this section involves the use of different scattering models, namely the Sphere,
Spheroid and IH models, before analyzing retrieval processes, it is necessary to investigate the
comparability of the relevant scattering properties computed with the different scattering
models by forward simulation.

Figure 4.17 shows bulk phase matrix elements (P, ), (P;,) and (P,,) simulated with the TH,
Spheroid and Sphere models at 532 nm. The phase function, (P, ), is normalized to the value
at a scattering angle of 30°, while (P;,) and (P,,) are normalized to (P;,). They are calculated
from a particle ensemble that has a monomodal lognormal distribution with 7. = 1.5um,
mg = 1.5 and m; = 0.0015. These values of the microphysical properties of the ensemble are
close to typical dust aerosol according to Dubovik et al. (2002) and Di Biagio et al. (2019). It
can be seen that there is difference in (P;,) between spherical and non-spherical particles for
scattering angle greater than 80°, while significant differences in (P;,) and (P,,) are
observable across the whole scattering angle range. On the other hand, the angular variations
of the phase matrix elements simulated with the Spheroid and IH models are in general
consistent. In particular, the quite similar (P;;) produced by the two non-spherical models
agree with the conclusion drawn by Mishchenko et al. (2002) that detailed shape and

orientation of a single particle is not important to the bulk scattering intensity due to the
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averaging effect. The most noticeable difference between the two non-spherical models

emerges for (P,,) — the simulated angular distributions show a same variation trend but with

different magnitudes.
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Figure 4.17. Bulk phase matrix elements (P;;), (P;2) and (P,,) simulated with the IH, Spheroid and Sphere
models at 532 nm, calculated from a particle ensemble with monomodal lognormal VSD (7e¢ = 1.5 pm) and
CRI=1.5-0.0015i. {P;;) is normalized to the value at a scattering angle of 30°, while (P;,) and (P,,) are

normalized to {(Py,).

Figure 4.18 shows bulk SSA and asymmetry factor against the size parameter, for mg =
1.5 but different values of my, simulated with the IH, Spheroid and Sphere models. The varying
size parameter is calculated from 4 = 355nm and a series of VSDs having the same o, with
the VSD used in Figure 4.17 but different mode radii. The SSAs computed by different models
do not show significant difference for m; = 0.001 or size parameter less than 10. As the size
parameter and m; become larger, compared to the non-spherical models which produce quite
similar SSA throughout, the Sphere model produces smaller SSA. In particular, the figure
indicates that the SSA of an ensemble with r, = 2um and m; = 0.01 at 355 nm, which
corresponds to a size parameter of 35, will decrease by 0.04 if the spherical rather than non-
spherical model is used. For the asymmetry factor, difference between the Sphere and Spheroid
models reaches its maximum when the size parameter is around 7 and the difference starts to
decrease after this value, while, to the contrary, the difference between the Spheroid and IH

models starts to emerge and gradually increase for size parameter greater than 7.
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Figure 4.18. Bulk SSA, (@), and asymmetry factor (g) against the size parameter, for my = 1.5 but different

values of m;, simulated with the IH, Spheroid and Sphere models. A series of VSDs with the same geometric

standard deviation as the VSD used in Figure 4.17 but different mode radii are used for the calculation.

Figure 4.19 shows a, f and § of particle ensembles with different r.¢, mg and my at 532
nm simulated by the three scattering models. It can be seen that as 7,4 grows, «a firstly increases
and then decreases. At the same time, sensitivity of o to my and particle shape gradually
vanishes. For small particles, a of spheres is the highest probably because for the same volume-
equivalent radius, a spherical particle has the largest projected area. On the other hand, the
variation of m; does not change a. The variation trend of  is the same as a. However, it shows
stronger dependence on particle shape: the 8 of spherical particles is obviously stronger than
that of non-spherical particles. Meanwhile, unlike a, there is obvious sensitivity of 5 to both
mpg and m;. The PLDR, §, of spheroidal and IH particles present distinct and complex patterns.
When 7. is small, § simulated with the Spheroid model and that simulated with the TH model
have the same variation trend, but the latter is a little lower in magnitude. However, as 7q¢
grows, the § curves from the two non-spherical models diverge and present disparate trends. It
is worth figuring out that for small ¢, § shows more sensitivity to particle size than CRI,

while the situation reverses as g rows.
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Figure 4.19. @, B and PLDR (&) at 532 nm simulated with the IH, Spheroid and Sphere models for different mg,

m; and 7.¢. The VSDs used for the calculation are the same as those used in Figure 4.18.

From the above simulations one can see the scattering properties simulated with the IH,
Spheroid and Sphere models are within comparable ranges. Compared to angular-integrated
properties ((w), (g)and a), the angular-related properties (5, §and (P;;)) are more sensitive to
the change of particle shape. For lidar-related properties, the main difference between the
spherical and two non-spherical models lies in 8, while the main difference between the two
non-spherical models lies in §. The sensitivity to CRI can be found in 8 and partly found in §

depending on the size parameter.

To further compare difference between the two non-spherical models when reproducing
lidar-measured optical properties, Figure 4.20 displays the RMS differences in (38 + 2a) and
in (38 + 2a + 36) simulated by the Spheroid and IH models for different CRIs and effective
radii. It can be seen that the difference between the two non-spherical models apparently
enlarges after the incorporation of 36. For both (38 + 2a) and (38 + 2a + 36) data, the
modeling difference grows with the increase of 7. A sudden increase of the slope occurs at
Tere~1 um for (38 + 2a) data. Whereas for (38 + 2a + 36) data, the point where the leap of
the slope happens and the magnitude depend on mgy and m;, respectively. In particular,
difference in (38 + 2a + 38) of a particle ensemble with reg of 10 um and m; of 0.01 can
reach as high as 100%.
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Figure 4.20. RMS differences in (38 + 2a) (upper row) and in (38 + 2a + 38) (lower row) simulated by the

Spheroid and IH models for different CRIs and effective radii. The VSDs used for the calculation are the same as
those used in Figure 4.18

4.3.2 Retrieval results

The non-spherical aerosol models defined in Table 4.1 are retrieved using the retrieval
configurations specified in Sect. 4.1.2. The following sub sections respectively present the
results derived when the non-spherical scattering model is set to the [H model (Sect. 4.3.2.1)

and Spheroid model (Sect. 4.3.2.2).

4.3.2.1 IH model

Figure 4.21 shows retrievals of VSD for the three dust VSD types (columns) and at different
values of CRI (rows). Both the real and imaginary parts increase from the top row to the bottom
row. The optical data are error-free. It can be seen that using the non-spherical model to invert
the full 35 + 2a + 30 synthetic measurements receives the best result. The influence of using
the Sphere model and inverting 3/ + 2a data on retrieval accuracy differs for different VSD
types and CRIs. Except for (mg = 1.6, m;{ = 0.009), the Sphere model underestimates V;,

overestimates g, and causes apparent bias of r,. From Figure 4.19 we infer that the
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underestimation of V; by the Sphere model is a reaction to the enhancement of backscattering
due to the spherical assumption. Moreover, in the case where (mg = 1.4, m; = 0.001), severe
underestimation of V; happens no matter which scattering model is used, as long as only 35 +
2a data are inverted. As seen in the scenario of retrieving spherical particles, this is owed to the
underdetermination of the 34 + 2a system and accompanied by noticeable overestimation of
mg and m;, indicating severe cross-talks between the state variables. When the IH model is
used as the forward model in BOREAL, the mode radius and geometry standard deviation are
easier to be underestimated in the absence of 30. It is worth mentioning that for the case
(mg = 1.4,m; = 0.001), the incorporation of 35 greatly improves the retrieval accuracy,
particularly for the monomodal VSD types (TD and FD). This suggests the sensitivity of
depolarization measurements to large particles, which has been already proved from aspects of
theoretical calculation (Sassen, 2000) and retrieval application (Dubovik et al., 2006; Gasteiger
and Freudenthaler, 2014).
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Figure 4.21. True VSDs (black solid lines) of the dust types in Table 4.1 and the retrievals that are derived from
the configuration (35 + 2a + 36, IH) (blue solid lines), (34 + 2a, IH) (orange dash-dot lines), and (35 + 2a, Sphere)
(green dot lines), under the error-free condition. The rows correspond to different true CRIs and the columns

correspond to the three VSD types: transported dust (TD), fresh dust (FD) and bimodal dust (BD).
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To further evaluate the retrieval accuracy of non-spherical particles, we examine, under the
error-free condition, the retrieval error, €(V), €(efr), E(Mg) , e(m;), (@) rus, and the fitting
error, &;:. As shown in Figure 4.22, the improvement of retrieval accuracy once the 39 data are
included is clearly seen, while other features are also worth mentioning. Firstly, in the absence
of depolarization measurements, both Sphere and IH models underestimate the size (V, Tefr)
and overestimate the CRI of the ensemble when mg and m; are low. This trend is consistent
with the retrievals of coarse-mode spherical particles presented in Sect. 4.2. Secondly, the use
of Sphere model leads to large enhancement of backscattering, as shown in Figure 4.19, which
in turn influences retrieval accuracy in two ways. Specifically, to cancel the enhancement, (1)
VSD and m; can be retrieved in reasonable ranges while my is significantly underestimated;
or (2) mg can be retrieved in a reasonable range while the particle size (Vi 7o) 1s largely
underestimated and m; is severely overestimated. The former circumstance happens in the
cases where myp > 1.4 and is also reported by Veselovskii et al. (2010). The latter occurs at
mg = 1.4 and might cause more serious outcomes: it would mislead one into considering the
retrieved ensemble is composed of more absorbing particles with lower SSA — the optical
property more determined by m; than by mg. Finally, Figure 4.22 shows some abnormal results
derived with the retrieval configuration (38 + 2a, IH) at mg = 1.6. In these cases, each
retrieval can only find one individual solution located in the Substitute space (Sect. 3.5) and as
a result, the fitting errors soar over 8% compared to other cases. The retrieved VSDs shown in
Figure 4.21 suggest the abnormal overestimates of 7.¢ in these cases could be due to the

underestimates of modal geometry standard deviation. We found increasing cy, (see Sect.

3.4.2.1) could improve the results for these cases to some extent.
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Figure 4.22. Distributions of e(V,), €(7efr), £(mg) , e(my), €(@)rus, and the fitting error, &, derived from (34
+ 20 + 36, IH) (blue solid), (34 + 2a, IH) (orange dash-dot), (35 + 2a, Sphere) (green dot), under the error-free
condition, with respect of the true CRIs. The x-axis in each panel suggests the index of the true CRI values, as

listed in Table 4.9.
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Table 4.9. Index of the true CRI (mg, m[) pairs as the x-axis of each panel in Figure 4.22.

Index 1 2 3 4 5 6 7 8 9
(1.4, (1.4, (1.4, (1.5, (1.5, (1.5, (1.6, (1.6, (1.6,
0.001) 0.005) 0.009) 0.001) 0.005) 0.009) 0.001) 0.005) 0.009)

(mg, my)

To further evaluate the performance of different retrieval configurations on retrieving the
defined non-spherical particles, we calculated the magnitudes of mean and standard deviation
of the retrieval and fitting errors for each VSD Type, and exploit the summation of the two
quantities as a measure of type-resolved accuracy. The calculation results for both error-free
(EF) and error-contaminated (EC) conditions are listed in Table 4.10. In the paratheses, values
on the left represent the mean and those on the right represent the standard deviation; the
summation out of the paratheses measures the overall accuracy. For the error-free cases,
retrieval accuracy deteriorates with the increases of the mode radius and number of modes. The
incorporation of 30 reduces retrieval errors by a factor of 2 to 14 with regard to different
retrieval quantities and VSD types. Compared to inverting 35 + 2a with the IH model, results
derived with the Sphere model have worse accuracy due to errors in forward modeling. On the
other hand, regardless retrieval configuration, fitting errors for the error-free cases are much
smaller than the set measurement standard deviation (4.2% for 34 + 2a, 4.5% for 3 + 2a + 39),
other than the BD type retrieved with the configuration (35 + 2a, IH) which has been discussed

above as a special case.

Comparing the results derived under the error-contaminated condition with those under the
error-free condition, one can see measurement noise causes the largest relative reduction of the
retrieval accuracy for the (35 + 2a + 34, IH) configuration. For the relative retrieval errors
like £(V;) and €(7efr), the increase in magnitude is comparable to the standard deviation of the
measurement noise. In most cases, the decline of statistical accuracy due to the introduction of
measurement noise is mainly reflected by the rise of data dispersion (increase of the standard
deviation). Nonetheless, in some cases, the mean values also apparently change under the noisy
condition, compensating the increase of standard deviation to some extent. Compared to the
error-free cases, the fitting error, &g, rises to a magnitude comparable to the standard deviation

of the noise, as well as the standard deviation set in BOREAL.
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Table 4.10. Same as Table 4.5, but for non-spherical particles retrieved with different retrieval configurations.

NP AT BT I B emyx 107 SRS g (95

34243 4 (242) 3 (1+2) 8 (2+6) 8 (4+4) 9 (5+4) 1 (140)

TD 3+2 29 (14+15) 26 (11+15) 58 (28+30) 33 (16+17) 19 (1148) 1 (1+0)

o Sph  35(15+20) 40 (25+15)  134(59+75)  188(99+89) 58 (34+24)  2(1+1)
& 34243 14 (10+4) 12 (8+4) 6 (1+5) 5(3+2) 6 (5+1) 1 (140)
£ FD 3+2 47 (31+16) 44 (28+16) 84 (43+41) 42 (24+18) 17(10+7) 2 (1+1)
£ Sph 56 (37+19) 59 (45+14) 133 (63+70) 156 (91+65) 46 (29+17) 1 (1+0)
= 34243 14 (8+6) 6 (2+4) 18 (7+11) 9 (7+2) 10 (6+4) 2 (2+0)
BD 3+2 50 (27423) 41 (4+37)  102(33+69) 47 (16+31) 24 (1549) 6 (3+3)

Sph  56(33+23) 40 (28+12) 129 (67+62) 81 (58+23) 32 (19+13) 1 (1+0)

- 34243 10 (149) 12 (3+9) 19 (2+17) 13 (2+11) 15 (9+6) 4(3+1)
E TD 312 32(12420)  29(9+20) 63 (27+36) 37 (15+22) 22(1349)  3(2+1)
E Sph  37(16+21) 42 (26+16) 133 (61472) 177 (92+85) 57 (34+23) 3 (2+1)
E 34243 19(3+16)  16(0+16) 16 (2+14) 9 (0+9) 12 (7+5) 4(3+1)
£ r 3n 50 (31419) 47 (28+19) 92 (46+46) 68 (30+38) 24 (14+10) 3 (2+1)
S Sph 60 (39+21) 62 (46+16)  132(58+74)  185(101+84) 53 (34+19) 2 (1+1)
5 34243 22(3+19) 27 (6+21) 36 (11425) 20 (6+14) 20 (12+8) 4 (3+1)
5 BD 3+2 50 (34425) 41 (17+24) 126 (63+63) 66 (36+30) 28 (18+10) 4 (2+2)
Sph  58(36+22)  45(30+15)  124(61+63) 110 (70+40) 41 27+14)  1(140)

4.3.2.2 Spheroid model

The results for the Spheroid cases are shown in Figure 4.23 and Figure 4.24 and Table 4.11.

These results are similar to those in the IH cases so that similar conclusions can be drawn. In

spite of this, it should be noted that compared with the IH model, the accuracy declines when

using the Spheroid model to retrieve FD and BD types from the full 35 + 2a + 30 data, which

is probably due to the fact that the 36 calculated by the two models have different sensitivity to

the retrieval parameters.
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Figure 4.23. Same as Figure 4.21, but the Spheroid model is used to generate the 35 + 2a + 36 data and serves as

the forward non-spherical model in the retrieval process.
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Figure 4.24. Same as Figure 4.22, but the Spheroid model is used to generate the 35 + 2a + 36 data and serves as

the forward non-spherical model in the retrieval process.
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Table 4.11. Same as Table 4.10, but the Spheroid model is used to generate the 35 + 2a + 36 data and serves as

the forward non-spherical model in the retrieval process.

RO ) ) SR emyx 107 SRS g (95)

34243 8 (5+3) 6 (3+3) 9 (4+5) 11 (7+4) 11 (6+5) 2 (2+0)

TD 3+2 27(12+15)  22(8+14)  53(24+29) 39 (19+20) 28 (16+12) 1 (140)

. Sph  36(14+22)  37(18+19)  131(54+77)  195(100495)  65(43+22)  1(1+0)
2 34243 27 (23+4)  24(20+4) 17 (9+8) 24 (18+6) 17(10+7) 2 (2+0)
L FD 342 41 (24+17)  36(0+16)  63(27+36) 54 (27+27) 43 (24+19)  1(1+0)
£ Sph 51 (31420) 50 (33+17)  131(66+65) 177 (98+79) 73 (55+18) 1 (1+0)
- 34243 28(20+8) 21 (14+7) 26 (14+12) 36 (28+8) 24 (18+6) 2 (2+0)
BD 3+2 48 (324+16) 26 (2+24)  78(32+46) 61 (27+34) 36 (21+15)  5(3+2)

Sph  50(20+30) 34 (18+16)  135(75+60) 93 (63+30) 53 (37+16) 1 (1+0)

- 34243 12(1+11) 11 (1+10) 17 (3+14) 18 (4+14) 18(11+7) 4 (3+])
T TD 342 29(11+18)  26(8+18)  59(26+33) 47 (21426) 31 (18+13) 3 (2+1)
E Sph  37(15+22)  38(19+19) 127 (53+74) 187 (97+90) 66 (43123) 3 (2+1)
E 34243 30 (18+12)  26(14+12) 21 (7+14) 32 (14+18) 23 (13+10) 4 (3+1)
£ r 3n 44 (26+18)  39(22+17) 66 (29+37) 61 (32429) 47 (27+20) 3 (2+1)
S Sph  54(33+21) 52 (34+18)  130(62+68) 197 (108+89)  79(58+21) 2 (1+1)
5 34243 32(17+15)  26(10+16) 37 (16+21) 55 (28+27) 35(20+15) 6 (313)
5 BD 3+2 52 (30+22)  34(13+21) 94 (44+50) 74 (42+32) 40 (23+17) 3 (1+2)
Sph  52(27+25) 41 (22+19) 126 (66+60) 124 (79+45) 59 (41+18) 1 (1+0)

4.4 Chapter summary

This chapter evaluates retrieval performance of BOREAL via simulations. Retrieval
accuracy is assessed by comparing the inversion results of synthetic measurements with the
realistic aerosol models (microphysical properties) that generate the synthetic measurements.
When retrieving spherical particles, the Sphere model is used as the forward model and 35 +
2a measurements are inverted. Simulation results show that the best retrieval accuracy is
achieved if the aerosol ensemble is only composed of fine-mode particles. One of main factors
that influence retrieval stability turns out to be the cross-talk between state variables which
stems from both lack of sensitivity and underdetermination of the retrieval system. Therefore,
it is of great importance to improve the accuracy of the a priori constraints, particularly on the
imaginary part of CRI. On the other hand, the algorithm shows good performance on resisting
measurement noise. The reduction of retrieval accuracy caused by measurement noise is less
than or comparable with the standard deviation of the introduced noise. An estimate of retrieval
accuracy and fitting error for retrieving spherical particles from 34 + 2a data under both error-
free and error-contaminated conditions can be found in Table 4.5.

Next, to evaluate BOREAL’s capability of retrieving non-spherical dust particles, results

derived from using different forward models (Sphere, Spheroid and IH models) and types of

86
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input measurements (35 + 2a, 3 + 20 + 39) are compared and discussed. It adequately shows
that the incorporation of 36 can thoroughly improve retrieval accuracy. In the absence of 36
measurements, using the correct non-spherical scattering model as the forward model faces
issues similar with those in the spherical particle retrieval, while using the wrong Sphere model
usually leads to two outcomes depending on the true CRI: loss of (1) accuracy of the real part
(underestimated) or (2) accuracy of both volume concentration (underestimated) and the
imaginary part (overestimated). Summaries of retrieval accuracy for non-spherical particles
under error-free and error-contaminated conditions can be found in Table 4.10 and Table 4.11.

In the next chapter, we will present results of retrieving real aerosol events detected by
LILAS. Compared to the synthetic measurements, a distinct point of inverting real
measurements is that the error of the forward model is included. Accordingly, apart from
evaluating retrieval accuracy for real aerosols, applying BOREAL with different scattering
models included to the real measurements also provides us with a tool to evaluate the capability

of the scattering models to reproduce the real lidar data.

87






5 Application of BOREAL to real lidar data

In this chapter, BOREAL is employed to retrieve aerosol properties of various atmospheric
events detected by LILAS, including 4 cases of biomass burning aerosol (BBA), 2 cases of
dust aerosol (DA) and 1 case of continental polluted aerosol. The BBA particles were emitted
by wildfires in North America and then transported towards western Europe. During the
transport complex ageing processes of BBA particles might significantly alter their optical and
microphysical properties. The DA cases consist of one fresh dust measured near the source
during the Dust Aerosol Observation (DAO) campaign (Hu et al., 2020) and another
transported dust event observed at ATOLL. For the DA cases, results derived from different
scattering models (i.e., the Sphere, Spheroid and IH models) and measurements (i.e.,
conventional (34 + 2a) and (38 + 2a + 30)) are compared. The continental aerosol case
happened in the springtime of Lille when heavy aerosol masses were concentrated in the

boundary layer (BL) and the atmospheric condition above the BL is clear.

5.1 Transported biomass burning aerosols

Biomass burning is one of the main contributors to atmospheric pollutants like black carbon
(BC) and primary organic aerosol (POA), trace gases and greenhouse gases. Biomass burning
aerosols (BBA) have profound influence on regional and global radiation balance, cloud
formation and precipitation, as well as human health (Andreae, 2019). Apart from
anthropogenic sources such as agricultural burning and indoor biofuel use, open vegetation fire
(wildfire) is becoming a more and more important natural source of BBA in recent years, with
increases in both frequency and intensity (Schoennagel et al., 2017). Fresh BBA emitted from
wildfire are composed of fine aggregates of BC cores coated with organic carbon (OC)
condensations and thus are usually more absorbing compared to other aerosol types (China et
al., 2013). However, during long-range transport, complicated ageing processes can happen,
altering the size, shape, inner composition and as a result, the optical properties of the BBA

particles.
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5. Application of BOREAL to real lidar data

5.1.1 Overview of the selected BBA cases

During routine observations at the ATOLL/Lille platform, aged BBA plumes originated
from different sources were detected by LILAS. Here we select four aged BBA episodes to
retrieve. Among them, Case 1 and Case 2 are two distinct BBA plumes from 2023 Canadian
wildfire and simultaneously passing over Lille; Case 3 and Case 4 are BBAs generated by
Creek fires and Oregon fires respectively, subject to 2020 Californian Wildfire. Detailed
information about the four selected cases is shown in Table 5.1.

Because ATOLL/Lille is also an AERONET station, we present AERONET retrievals
closest to the cases for information. To ensure the quality of the selected AERONET retrievals,
the following criteria are applied:

(1) if available, adopt level 2 retrievals in priority;

(2) otherwise, adopt level 1.5 retrievals with sky residual < 5%, solar zenith angle > 50°

and AODa40 > 0.15;
(3) from the retrievals selected by (1) or (2), pick the one closest to the lidar measurement.
The AERONET retrievals determined by the above criteria for each case, together with the

columnar AODua40, are shown in Table 5.1 as well.

Table 5.1. Information about the selected BBA cases.

Case 1 Case 2 Case 3 Case 4
Obser. site ATOLL/Lille ATOLL/Lille ATOLL/Lille ATOLL/Lille
Time period  20:30-22:30 20:30-22:30 22:00 UTC 12- 23:00 UTC 17-
UTC, 27 May UTC, 27 May 03:00 UTC 13, 03:00 UTC 18,
2023 2023 Sep. 2020 Sep. 2020
Source West Canada Northwestern US  California, US Oregon, US
Ageing 5 days 5 days 4 days 6 days
Layer 3.5-5km 12-12.3 km 5-6.5 km 7-8 km
Layer AODs3; 0.065 0.009 0.157 0.083
AERONET 17:58 UTC, 13:55 UTC, 7:07 UTC,
retrieval 27 May 2023 11 Sep. 2023 18 Sep. 2020
Columnar 0.261 0.853 0.182
AODuy4
Reference Hu et al. (scientific report, 2023) Hu et al. (2022)

About 45 days of smoke plumes ranging from the troposphere to lower stratosphere were
detected by LILAS since 14 May 2023. Back trajectory analysis suggests these particles come
from fire emission in Canada. Figure 5.1 shows a one-week time series of the backscattered
lidar signal at 1064 nm, where an almost continuous layer separated from the BL can be
identified. Aerosol classification based on fluorescence capacity, PLDR and relative humidity

suggests it has high concentration of BBA (Hu et al., scientific report, 2023). Here we focus on

90



5. Application of BOREAL to real lidar observations

the measurement taken between 20:30-22:30 UTC, 27 May 2023. The time-averaged vertical
profiles of aerosol optical properties are shown in Figure 5.2, from which two distinct layers,
one from 3 to 5.5 km (Case 1) and another from 11.5 to 12.5 km (Case 2), are able to be
identified. Figure 5.3 is a combination between the back trajectory of the lower layer (4 km)
and the higher layer (12 km) and the UVAI measured by the ozone mapping and profiler suite
(OMPS) satellite, from which different transport paths of the aerosol masses can be identified.
The UVAI mapping indicates the burning source of the higher layer (i.e., northeastern coast of

the US), while cannot trace the burning source of the lower layer.
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Figure 5.1. One week (from 24 to 30 May 2023) time series of LILAS range-corrected backscattered signal at
1064 nm, at ATOLL/Lille. (cited from Hu et al. (scientific report, 2023), AUSTRAL processing)
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Figure 5.2. Optical profiles of extinction coefficient (o), backscattering coefficient (5), PLDR (6), lidar ratio (LR)

and fluorescence capacity (Gg = Br/fBs32), averaged between 20:30 UTC and 23:30 UTC, 27 May 2023, at
ATOLL/Lille.
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Figure 5.3. 5-day backward trajectory starting on 27 May 2023 at two heights: 4 km represented by the blue curve
and 12 km represented by the green curve, over ATOLL/Lille (start marker), together with the UVAI measured by
the ozone mapping and profiler suite (OMPS) satellite on 22 May 2023.

The 2020 California Wildfire started from the beginning of May and lasted until the end of
that year, making it the most extensive wildfire event in Californian modern history

(https://www.fire.ca.gov/incidents/2020/, last access: October 16, 2023). In September, large

amounts of aerosol plumes were continuously detected by LILAS (Figure 5.4). We focus on
two representative time intervals to retrieve: Case 3 between 22:00 UTC 12 and 03:00 UTC 13,
and Case 4 between 23:00 UTC 17 and 03:00 UTC 18. The time-averaged vertical profiles of
aerosol optical properties corresponding to the two cases are shown in Figure 5.5 and Figure
5.6, respectively. Back trajectory analysis to the selected layers (5-6.5 km in Case 3 and 7-8
km in Case 4) confirms they are aged BBAs respectively originated from the fires in Creek,

Southwestern California and Oregon, the US (Hu et al., 2022).
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Figure 5.4. LILAS range-corrected backscattered signal at 1064 nm during the smoke episode on 10-22 September
2020, at ATOLL/Lille (cited from Hu et al. (2022), AUSTRAL processing).
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Figure 5.5. Optical profiles of a, f, LR, fr and Gr (Br/fBs32), averaged between 22:00 UTC 11 September and
03:00 UTC 12 September, 2020, at ATOLL/Lille (Case 3) (adapted from Hu et al. (2022), AUSTRAL processing).

Gg x 1074
12 000 :
— 355 — 1064 — 355 —— 355 B
— 532 — 355 — 532 — 532
—_— 532 — 1064
10 000
E 8000 A ] \ \ . ?\)
£
o
T 60001 14, . -
/ '?5 ¢ % S
4000 A .
(a) (b) (c) @) o O
2000 H i o] i }
0 100 0.0 2.5 25 50 750.0 02 0 5
alMm-1]  Bl(Mm*sr)™1) LR[sr] PLDR Be*1074

Figure 5.6. Same as Figure 5.5, but the average time is between 22:30 UTC 17 September and 03:00 UTC 18

September, 2020 (Case 4) (adapted from Hu et al. (2022), AUSTRAL processing).

5.1.2 Results and discussion

Figure 5.7 shows the retrieval of VSD and SSA for the selected cases. Other retrieved

microphysical properties are listed in Table 5.2. The a priori constraint on CRI is set to the
“Absorbing” type (Table 3.1) and the Sphere model is used as the forward model of BOREAL.
Considering the non-negligible PLDR at 355 and 532 nm for the Californian Wildfire cases,

the non-spherical models are also applied to these cases and the relevant results will be

presented at the end of this sub section.
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Figure 5.7. Retrieval of VSD (left) and SSA (right) for the selected cases. The a priori constraint on CRI is set to
the “Absorbing” type (Table 3.1) and the Sphere model is used as the BOREAL forward model. Refer to Table

4.8 for retrieval accuracy.
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Figure 5.8. AERONET-retrieved VSD (left) and SSA (right) for the measurement times listed in Table 5.1. Also
refer to Table 5.1 for the corresponding AOD.

Table 5.2. Fitting error, as well as other microphysical properties retrieved with BOREAL for the selected BBA

cases. AERONET-retrieved fine-mode effective radius, regrs, mp and my (spectrally averaged values) are also

listed.
BOREAL AERONET
) ViGmian®)  regm)  me m ey TR T
Casel 12 4.89 0.4 154 0019
Case2 14 3.57 0.27 151 0007 221 133 0013
Case3 5 13.86 0.19 157 0011 019 156 0.002
Cased 8 9.68 0.31 153 0015 027 154  0.009

The VSD retrieved in each case is composed of a mono-fine mode. The retrieved values of

Tefr are within the typical range of transported BBA which is generally larger than fresh particles (Reid
et al., 2005). The values of ro¢ indicate a correlation between the particle size and ageing time: the
longest transported BBA from the Oregon fire (Case 4) has the largest ¢ 0f 0.31 pm, while the shortest
transported BBA from the Creek fire (Case 3) has the smallest rq¢ of 0.19 pm. The BBAs from the
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Canadian fire present intermedium values. It has been well-proved that the size of BBA particles grows
with the ageing process. According to the study by Reid et al. (2005) (as well as the references therein),
freshly emitted BBA is initially formed by BC aggregates with small size, which serve as
condensation nuclei and the main absorbing component in BBA. In general, the size of BBA
increases for the first time after a few hours of the generation as the organic carbon (OC), which
is less absorbing than BC, condenses upon the BC core. During the ageing process, the size
can keep increase as a result of coagulation of OC. Meanwhile, with the accumulation of the
OC coating, BBA particles become less absorbing (increase of SSA and decrease of m;) (Abel
et al., 2003). The retrieved SSA varies between 0.91 and 0.97 at 532 nm, well consistent with
the range for aged BBA and higher than that for fresh BBA. Note that in the Canadian fire case,
the lower layer (Case 1) and upper layer (Case 2) show quite different SSAs, resulting from the
lower m; retrieved for the upper layer. This might be explained by the difference of the fire
source, which is further associated with the vegetation type, combustion process and ambient
temperature. It has been demonstrated that the BBA generated from the flaming process which
often occurs in grass-type burning and produces higher contents of BC are more absorbing,
compared to the BBA generated from the smoldering process which is often the case for forest-
type burning with lower temperature and produces higher contents of OC (Reid et al., 2005).
Different transport paths and altitudes of the two layers, which are related to particle ambient
conditions such as temperature, pressure and relative humidity (RH), could be another factor
affecting the chemical composition of the BBA.

The AERONET retrievals (VSD and SSA) in Table 5.1 for the cases are shown in Figure
5.8. The AERONET-retrieved fine-mode effective radius, regs, Mg and my (spectrally
averaged values) are listed in Table 5.2. Note that they are shown here for reference only rather
than comparison with the BOREAL retrievals. Differences in measurement time and vertical
resolution between the sun-sky photometer and lidar make their results less comparable.

However, for BOREAL and AERONET retrievals, the variations of 7. (refflf), mg (Mmg) and

m; (m;) from Case 1 to 4 have consistent trends. In particular, the BOREAL-retrieved effective
radii show good consistency with the AERONTE-retrieved fine-mode effective radii (although
the 7.¢ for Case 2 is apparently larger, it has limited impact on the columnar property due to
the low concentration).

For further comparison, Table 5.3 lists retrievals of BBA microphysical properties reported
by other literatures. It can be seen the ranges of my, m; and @ws3, derived from different studies

are quite variable, related to processes of combustion, ageing and transport. For example, in
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the measurements of the long-lasting stagnant haze over sites of Mexico and US (Kreidenweis
etal., 2001), higher contents of sulfate from local pollution were examined, which lead to more
hygroscopic particles with lower my and higher @ws3,. Potential systematic difference in
retrieval results may be also caused by different instruments and retrieval methods used. For
example, in spite of the same datasets as Dubovik et al. (2002), Yamasoe et al. (1998) derived
systematically higher my (from 1.53 at 440 nm to 1.58 at 1020 nm, results are not shown here)
with a different retrieval strategy.

It is worth mentioning that PLDRs in these cases are not negligible. The phenomenon that
BBA in the upper troposphere and lower stratosphere (UTLS) has higher PLDR than that in
the troposphere, as shown in Figure 5.2, has been previously observed (Hu et al., 2019;
Khaykin et al., 2020). An enhancement of PLDR of the BBA from the Oregon fire compared
to the BBA from the Creek fire can also be identified from Figure 5.5 and Figure 5.6. Therefore,
for Case 2 and Case 4, we compared the results derived from the non-spherical models (i.e.,
the Spheroid and IH models) with those derived from the Sphere model (not shown here).
When inverting (3 + 2a), we found, comparing to the Sphere model, the non-spherical models
lead to higher SSA due to a reduction in my and at the same time, higher &, (e.g., in Case 4,
&g increases to 20% for the Spheroid model and 34% for the IH model, compared to 8% for
the Sphere model.) When inverting (3 + 2a + 30), the usage of non-spherical models leads to
an extra mode centered at ~ 0.05 um, as well as high fitting error (15% for the Spheroid model

and 19% for the IH model).
Table 5.3. Microphysical properties of fresh or aged BBA reported by other authors

Reference Instrument Source  Ageing Tegr(LM) mg my Ws30
Dubovik et Sun phot. Amazon Statistic - 1.47+0.03 0.009+0.003 0.93+0.02
al. (2002) forest averaged
Us, - 1.5£0.04  0.009+0.003 0.94+0.02
Canada
boreal
Brazil Statistic - 1.52+0.01 0.015+£0.004 0.89+0.03
cerrado  averaged
Zambia - 1.51£0.01 0.021+0.004 0.84+0.02
savanna
Kreidenweis Sun phot. + US, 2 days-2 0.15- 1.41-1.45 - 0.97-0.98
etal. (2001) In-Situ Mexico  weeks 0.16
Wandinger  Lidar Canada 8 days 0.16- 1.64-1.77 0.043-0.053 0.79-0.83
et al. (2002) boreal 0.27
Miiller et al. Lidar Canada 2 weeks 0.24-04 1.39-1.56 0.001-0.006 0.89-0.98
(2005) boreal
Alados- Lidar + Iberian 1 day 0.13- 1.49-1.53 0.02 0.8-0.87
Arboledas Star phot. forest 0.17
etal. (2011)
Pereiraetal. Lidar Iberian  1-2 days 0.17- 1.49-1.61 0.01-0.024  0.89-0.95
(2014) forest 0.19

96



5. Application of BOREAL to real lidar observations

5.2 Desert dust aerosols

5.2.1 Overview of the selected desert dust cases

As mentioned previously (Sect. 3.4.2.1, Sect. 4.1.1), the optical and microphysical
properties of dust aerosols depend on both properties of the source soil and transport processes.
Thus, microphysical properties of fresh dust (Case 1) and transported dust (Case 2) are
retrieved and compared with each other. Case 1 records the dust episode observed on 15 April
2019 at a meteorological station in Kashi, China (39.50N, 75.93E), close to the Taklamakan
desert. It belongs to the first phase of the DAO campaign where intensive field measurements
close enough to the Taklamakan dust source were taken during the dust outbreak season (Hu et
al., 2020). Figure 5.9 shows the range-corrected signal at 532 nm starting at 11:00 UTC 15
April 2019, from which we can tell the BL height started to rises at around 15:00 UTC and
cirrus clouds were continuously present. Figure 5.10 shows the time-averaged optical profiles
between 18:00 and 20:00 UTC 15 April. It can be seen that the optical properties are quite
stable below 2.2 km the value of PLDR indicates the pure dust layer. We average the profiles
between 2 and 2.2 km perform retrieval with BOREAL. Detailed information about Case 1 is
summarized in Table 5.4 and can be further found in Hu et al. (2020).
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Figure 5.9. LILAS range-corrected backscattered signals at 1064 nm since 11:00 UTC 15 April 2019, at Kashi,
China (cited from Hu et al. (2020), AUSTRAL processing).
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Figure 5.10. Optical profiles averaged for the period 18:00-20:00 UTC, 15 April 2019, at Kashi site: (from left to
right) extinction coefficient («), backscattering coefficient (), lidar ratio (LR), PLDR, extinction Angstrom
exponent (EAE) and backscattering Angstrom exponent (BAE), as well as water vapor mixing ratio and relative

humidity (cited from Hu et al. (2020), AUSTRAL processing).

Case 2 records an aerosol event on 21 March 2022 observed at ATOLL/Lille. Figure 5.11
presents the range-corrected signals at 1064 nm on that day. An elevated but not continuous
layer above the BL with high VDR can be identified. Figure 5.12 shows the time-averaged
optical profiles between 20:00 and 23:00 UTC 21 March. Compared with Case 1, the PLDR at
355 in Case 2 is noisier in the whole layer. We average the profiles between 5.4 and 5.6 km
perform retrieval with BOREAL. Back trajectory of this layer and the UVAI map from OMPS
(Figure 5.13) indicate it could be related to a dust event in the Saharan region 7 days ago: the
aerosol mass crossed over the Mediterranean circled above middle France before finally

appeared over Lille. Detailed information about Case 2 is summarized in Table 5.4.
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Figure 5.11. LILAS range-corrected backscattered signals (top) at 1064 nm on 21 March 2022, at ATOLL/Lille
(AUSTRAL processing).
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20:00-23:00 UTC, 21 March 2022, Lille
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Figure 5.12. Optical profiles averaged for the period 20:00-23:00 UTC, 21 March 2022, at ATOLL/Lille: (from
left to right) a, S, 0, LR and Gr (AUSTRAL processing).
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Figure 5.13. 7-day backward trajectory starting on 22 March 2022 at 5.3 km represented by the blue curve, over
ATOLL/Lille (start marker), together with the UVAI measured by OMPS on 15 May 2023.

Table 5.4. Summary of the selected dust cases.

Case 1 Case 2
Date 15 April 2019 21 March 2022
Time period (UTC) 18:00-20:00 20:00-23:00
Site Kashi (39.50N, 75.93E) Lille (50.61N, 3.14E)
Dust source Taklamakan Sahara
Ageing Fresh ~ 7 days
Layer (km) 2-2.2 5.4-5.6
Layer AODs3, 0.032 0.014
AERONET retrievals 03:50, 15 April 2019 15:58, 21 March 2022
Columnar AOD4 0.646 0.284

99



5. Application of BOREAL to real lidar data

Like the BBA cases, we also present the AERONET retrievals passing the checking criteria
in Sect. 5.1.1. The selected AERONET measurement times, together with the columnar AODs

at 440 nm, are specified in Table 5.4.

5.2.2 Results and discussion

Figure 5.14 and Figure 5.15 show the results of retrieval (a-d) and measurement fitting (e-
/) for the selected cases, together with the AERONET retrievals. The retrieved 7¢, V; and &g,
(RMS of the fitting error) are summarized in Table 5.5. Spherical and non-spherical models are
used and measurements with and without 36 are inverted. Among the selected cases, Case 2
has larger fitting error compared to Case 1, indicating a possible degradation of retrieval quality.
In both cases, particle size is retrieved as a monomodal distribution no matter which retrieval
configuration is employed. Comparing Case 1 and Case 2, the latter has a smaller r.¢, in
accordance with previous studies on dust transport processes showing a decrease of particle
size compared to freshly emitted particles due to deposition (Maring et al., 2003; Reid et al.,
2008). When only (3f + 2a) are inverted, different scattering models result in limited changes
in VSD, V; and r¢. After including 38, mode radius is retrieved larger in the transported dust
case while keeps unchanged in the fresh dust case, whereas V; and r.¢ are apparently higher
for both cases. With regard to the CRI retrieval, there are some features consistent with the
simulation results. Firstly, using the Sphere model always leads to the lowest my and the
highest m;; secondly, considering additional 36 measurements reduce m;, except for the IH
model in Case 1. The reduced my, in turns, results in an increase of SSA. The values derived
from the (35 + 2a + 30, non-spherical model) and from the (35 + 2a, Sphere) configurations

make the upper and lower bounds of retrieved SSA.
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retrieval indicated in Table 5.4 is also shown (red dashed lines) for comparison.
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Table 5.5. For each dust case, 1o, V; and &, (%) retrieved with Sphere, Spheroid and TH models from (3 + 2a)

and (3B + 2a + 38) measurements, together with the AERONET-retrieved re¢ for comparison.

Retrieval configuration 3+ 2a 3B+20+35 AERONET
Retrieval results Sphere  Spheroid IH Spheroid IH
Terr(LM) Case 1 0.72 0.71 0.78 1.12 0.8 1.68
Case 2 0.46 0.48 0.47 0.54 0.55 1.45
Ve(um3/cm3) Case 1 57 51 53 83 58
Case 2 13 12 11 14 14
&it (%) Case 1 1.2 1.4 1.6 3.2 2.6
Case 2 3.1 34 5.6 6.5 7.9

In spite of the fact that fitting errors for the Spheroid and IH models are not significant and
similar with each other, one should be aware of the differences in retrieval results due to the
use of different scattering models. Discrepancy between the non-spherical models in the results
retrieved from (34 + 2a + 30) should be larger than the results from (34 + 2a) measurements
because the main contrast between the IH and Spheroid models shows in the reproduction of &
(see Figure 4.19 and Figure 4.20). This has been proved in Case 1, whereas in Case 2 the
situation is reversed: the inversion of (35 + 2a) brings larger discrepancy between the two non-
spherical models. The reason is not currently understood but might be partly related to the
measurements with degraded quality — as shown in Figure 5.11, 8555 is quite noisy for Case 2.
In this regard, more cases of transported dust with better measurement quality are needed.
However, comparing the two cases shows that when inverting (34 + 2a + 30), difference
between the IH and Spheroid models becomes larger for larger particle r.¢ (supported by
Figure 4.20). In addition, the positive correlation between mg and m;, and the negative
correlation between myg and V; are also consistent with rules of cross-talk discussed in Chap.
4.

For Case 1, the difference between the two non-spherical models could be further examined
via calculating intensive lidar quantities (i.e., lidar ratio and PLDR) from the AERONET-
retrieved microphysical properties. Note that for AERONET retrieval, the results derived from
using the Spheroid model and IH models as the forward model should be enough similar. It is
because the measurements to invert — i.e., the sun irradiance and sky radiance are only related
t0 (Cext)» (Csca) and (P;), which are calculated to be similar by the two non-spherical models,
unless for the backward direction. The calculation results, together with the lidar measurements
are shown in Figure 5.16. It can be seen that the lidar ratios reproduced by the two models are
quite consistent with each other and with the measurements in the UV-VIS region. However,
as the wavelength increases, the IH model generates higher lidar ratio but both models

underestimate the lidar measurement. The PLDR reproduced by the Spheroid model is
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obviously smaller than that by the IH model, as well as smaller than the measurements,
especially in the UV-VIS region. Accordingly, compared to the IH model, the Spheroid model
retrieves lower my and m; in order to produce higher values of lidar ratio and PLDR that fit

the measurements.
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Figure 5.16. Reproduced lidar ratio and PLDR by the IH model (blue solid lines with the triangle marker) and
Spheroid model (orange solid lines with the square marker) from the AERONET retrieval in Case 1, as well as

the lidar measurements with measurement errors for the Case 1.

The AERONET-retrieved VSDs contain fine and coarse modes in both cases. Compared
with the Case 1, a larger fraction of the fine-mode particles is found in Case 2, which could be
from the BL. Both AERONET retrievals present coarse modes with larger 7, and 7.¢ compared
to the BOREAL retrievals. This could be partly explained by the lack of sensitivity of the lidar-
related optical Kernels to large particles, as have been demonstrated in Chap. 3. The angular
scattering measurements of the sun-sky photometer is crucial for retrieving the size distribution
of large particles (Eck et al., 2008). Miiller et al. (2013) also reported smaller dust 7. retrieved
from (34 + 2a + 10) lidar measurements, compared with the aircraft in-situ measurements
(Weinzierl et al., 2009). With regard to CRI and SSA, for Case 1, the AERONET-retrieved
values are between those derived from the configurations of (34 + 2a + 10, IH) and (35 + 2a +
10, Spheroid). Whereas in Case 2, the AERONET retrieval may be more impacted by the

particles within the BL, showing a columnar my lower than typical pure dust aerosol.

5.3 Continental aerosol pollutants

The location of northern France makes it not only a crossroad of various transported

aerosols but also a pool of multiple particulate pollutants. The Hauts-de-France region is the

103



5. Application of BOREAL to real lidar data

2" most densely populated area in France with 6 million inhabitants, affected by intense local
traffic, residential, industrial and agricultural emissions as well as continental pollution from
central Europe (Roig Rodelas et al., 2019). Long-term in-situ measurements of submicron (PM1)
particles at the ATOLL platform indicate a dominated contribution of organic aerosols (OA),
followed by, from high to low, contributions of nitrate, ammonium, sulfate and BC (Velazquez-
Garcia et al., 2023; Chebaicheb et al., 2023). Here, we present a case study of retrieving the
microphysical properties of continental aerosol pollutants observed by LILAS at ATOLL.
Detailed information is shown in Table 5.6. On 4 March 2022, dense aerosol loading in the BL
was detected (Figure 5.17). Daily AODa4o measured by AERONET was up to 0.44 and
extinction Angstrom exponent (EAE440-870) was 1.6, suggesting the dominance of fine-mode
particles. Figure 5.18 shows the measured optical profiles averaged for the period 20:00-22:00
UTC, 4 March. We average the layer between 1.5 and 1.7 km to perform the retrieval. The low
PLDR and fluorescence capacity indicate the presence of urban-type aerosol (Veselovskii et al.,

2022).

Table 5.6. Information about the continental aerosol case

Date 4 March 2022

Time period (UTC) 20:00-22:00

Site Lille (50.61N, 3.14E)
Aerosol source Northern German

Layer (km) 1.5-1.7

Layer AODs3; 0.044

AERONET retrievals 15:20 UTC, 4 March 2022
Columnar AODyq4 0.449
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Figure 5.17. LILAS range-corrected signals at 1064 nm from 00:00 to 24:00 UTC 4 March 2022, at ATOLL/Lille
(AUSTRAL processing).
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20:00-22:00 UTC, 4 March 2022, Lille
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Figure 5.18. Same as Figure 5.12 but for the period 20:00-22:00 UTC, 4 March 2022, at ATOLL/Lille

Figure 5.19 shows the retrieved VSD, CRI and SSA of the selected layer, together with the
AERONET level 2 retrieval product derived from the closest measurement (15:20 UTC, 4
March). Compared to the transported BBA and DA cases, here the results retrieved with
BOREAL and AERONET should be more comparable because from Figure 5.17 one can see
most of the aerosol particles were concentrated in the BL. It can be seen that the selected layer
is dominated by fine particles with a 7.¢ (0.179 pm) consistent with AERONET-retrieved fine-
mode 7egr (0.177 pm). On the other hand, compared with the lidar-retrieved values, the
AERONET-retrieved mp is lower, suggesting the existence of water-soluble particles, while
the m; is higher, especially towards the longer wavelengths. As a result, the AERONET-
retrieved SSA is smaller than the lidar-retrieved value, especially towards the longer
wavelengths. As discussed in Chap. 4, due to the influence of the a priori constraint on mg,
BOREAL tends to overestimate the real part when particles’ real and imaginary parts are both
low. However, the discrepancy in CRI between lidar and AERONET retrievals might also result
from the coarse-mode particles which are retrieved by AERONET only.

The CRI and SSA retrieved with BOREAL from lidar measurements show the particles are
not absorbing, which is in line with the results of in-situ measurements. Analyses of multi-year
Aerosol Chemical Speciation Monitor (ACSM) measurements at ATOLL point out that in
spring, the emitted carbonaceous components (OC and BC, which are main contributors to the
absorption coefficient of the regional aerosol) usually decreases to a relatively low level due to
the reduction of residential heating activities compared to winter; whereas the amount of nitrate
and ammonium aerosols (less absorbing compared to OC and BC) significantly increases due
to the use of fertilizers in agricultural activities and gas-to-particle conversion of NOx from

traffic emission under favorable photochemical conditions (Velazquez-Garcia et al., 2023;
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Chebaicheb et al., 2023). Furthermore, the 2-day back trajectory in Figure 5.20 shows the
retrieved aerosol mass was transported from the northeastern side to the region, where

significant contributions of ammonium nitrate have been identified (Roig Rodelas et al., 2019).
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Figure 5.19. VSD, CRI and SSA of the selected layer retrieved with BOREAL from LILAS measurements,
together with the AERONET level 2 retrieval product derived from the closest measurement (15:20 UTC, 4
March). Refer to Table 4.8 for BOREAL retrieval accuracy, and Table 5.6 for layer and columnar AODs.
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Figure 5.20. 2-day back trajectory starting on 00:00 UTC 5 March 2022 over ATOLL/Lille.

5.4 Chapter summary

In this chapter, we applied BOREAL to lidar measurements to retrieve and interpret typical
aerosol types, including biomass burning aerosol (BBA), dust aerosol and continental polluted

aerosol. Several cases were studied and compared with results from AERONET, previous
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studies and meteorology data to partly validate the reliability of BOREAL. In the cases of BBA,
we retrieved microphysical properties of aged BBA particles consistent with previous studies:
for instance, increasing particle size and SSA compared to freshly emitted BBA particles. We
are also able to identify the influences of the burning source and ambient conditions on the
microphysical properties of BBA. The retrievals of fresh and transported dust aerosols show a
decrease of particle size for the latter, which is in accordance with previous studies showing it
is caused by deposition of the coarse mode during the transport process. All three models are
able to fit the measurement well. However, one should be aware of the differences in retrieval
results caused by these models, which is another evidence of the underdetermination. The
influence of assuming spherical particles in the retrieval is consistent with our simulation
results in the last chapter: for instance, decrease of the real part and increase of the imaginary
part. The difference between the Spheroid and IH models when inverting (35 + 2a + 30)
measurements increases with the increase of particle size. More dust measurements, especially
for transported dust, with high signal-to-noise ratio (SNR) are needed to conduct
comprehensive comparison of the two non-spherical models. In the continental aerosol case,
we successfully located the source of the aerosol mass and retrieved the microphysical
properties with BOREAL, from which we infer it could be related to agricultural activities
(fertilizing) or traffic emission (gas-to-particle conversion) in neighbor countries. In addition,
comparison of lidar retrievals with AERONET retrievals is nontrivial because of differences in
measurement time and vertical resolution. Comparisons with the results retrieved with other
lidar-aerosol retrieval algorithms and/or with air-borne in-situ measurements are needed to

further validate BOREAL retrievals.
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6 Conclusions and perspectives

6.1 Conclusions

Height-resolved information on aerosol optical and microphysical properties provided by
lidar is of significant importance to understand the vertical distribution, transport and evolution
of aerosols, which in turns helps in data assimilation and better constraining atmospheric
models. Compared with aerosol optical properties which are directly measured by lidar,
acquisition of aerosol microphysical properties has to resort to “retrieval methods” and depends
on the sensitivity of the measured optical properties, making it a challenging task. Regarding
more optical quantities detectable by advanced lidar systems and increasing requirement of
more detailed aerosol microphysical properties, this thesis aims at retrieving heigh-resolved
aerosol microphysical properties from measurements of multi-wavelength Mie-Raman-
depolarization lidars. As a result, the Basic algOrithm for REtrieval of Aerosol with Lidar
(BOREAL) algorithm has been developed, tested and applied. Compared with traditional linear
retrieval algorithms which prevailed in the past two decades, it is based on maximum likelihood
estimation and highlighted by its flexibility, automaticity, as well as capabilities of inverting
non-linear models and incorporating a priori constraints of different kinds.

Detailed description of algorithmic principles as well as implementation is given in Chap.
3. BOREAL inverts (35 + 2a) or (38 + 2a + 3J) measurements into particle volume size
distribution (VSD), real part (mr) and imaginary part (m1) of the complex refractive index (CRI),
from which particle total volume concentration (V1), effective radius (refr) and bulk single
scattering albedo (SSA) are then calculated. The core of the inversion procedure is non-linear
fitting to the measurement and constraint terms weighted by the errors. Three physical models,
1.e., the Sphere, Spheroid and Irregular-Hexahedral (IH) models, are integrated into BOREAL
for forward calculation (i.e., forward model) of the fitting process. These models describe
scattering processes of spherical and non-spherical particles, respectively. To completely cover
the size range of the aerosol to be retrieved, retrievals are performed for a series of pre-defined
inversion windows to derive a set of individual solutions. The final solution is the mean of the
qualified individual solutions (i.e., solution space) selected by criteria based on fitting error

and VSD shape. Two kinds of constraints, namely the smoothing constraint on size distribution
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and a priori constraint on CRI, are adopted. Different modes of the a priori CRI constraints
are included in BOREAL, allowing free switch according to the objective aerosol type
(absorbing, non-absorbing and dust). Furthermore, it is worth pointing out that the non-linear
strategy used in BOREAL allows it to flexibly incorporate measurements related to particle
microphysical properties through non-linear physical models.

The results of sensitivity study and the assessment of BOREAL retrieval accuracy based on
simulated data are presented in Chap. 4. When retrieving spherical particles from conventional
(3f + 2a) measurements, the best accuracy is achieved for particle ensembles with fine-mode
dominated VSD and relatively medium or high mr and mi. One of the main factors that
influence retrieval stability turns out to be the cross-talk between state variables, which stems
from both lack of sensitivity and underdetermination of the retrieval system. It stresses the
importance of the a priori constraint on CRI, particularly on m to improve the accuracy. On
the other hand, the results of retrieving non-spherical particles demonstrate that: (1)
incorporating 38 measurements is of significant importance to improve the retrieval accuracy,
particularly the accuracy of the CRI; (2) assuming non-spherical particles to be spherical
undermines retrieval accuracy in two possible ways depending on the true CRI: underestimates
the real part or overestimates the imaginary part and, at the same time, severely underestimate
the volume concentration. Results of random noise tests show for both spherical and non-
spherical particle cases, the reduction of retrieval accuracy due to measurement noise is less
than or comparable with the measurement standard deviation, indicating its robustness on
resisting measurement noise.

Application of BOREAL to real lidar measurements in Chap. 5 generally shows consistency
between BOREAL-retrieved results and those from AERONET inversion and previous studies.
The inversions of observations of long-range transported biomass burning aerosols (BBAs)
derive typical microphysical properties of aged BBA. In the retrievals of dust aerosol cases, a
shift of the distribution mode to smaller size for transported dust compared to fresh dust is
observed, which is an evidence of particle deposition during the transport process. The retrieval
of aerosol pollutants concentrated in the boundary layer (BL) shows they were composed of
fine-mode particles with less absorption. Combining the back trajectory analysis and previous
studies on seasonal variation of aerosol components in this region, we infer there is a large
fraction of transported nitrate and ammonium which are mainly emitted from springtime
agricultural activates and converted from NOx precursors of traffic emission.

This study proves the flexibility of BOREAL in incorporating multi-types of information

apart from conventional extinction and backscattering measurements, which is important to
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better constrain and stabilize aerosol microphysical property retrieval using lidar measurements.
On the other hand, the algorithm is highly unsupervised since, by default, the only argument to
specify is the aerosol type and then the retrieval process is fully automated. Therefore, it is
particularly useful for inverting massive measurements of a certain aerosol type and combines
with lidar-aerosol typing algorithms like NATALI (Nicolae et al., 2018) or FLARE (Miri al.,
submitted). Last but not least, we emphasize that BOREAL is a generalized lidar-aerosol
retrieval algorithm which can be applied to not only to LILAS data but also to (34 + 2a + 30)
from any lidar system with measurement accuracy comparable to LILAS. Its flexibility also
allows one to easily test reduced dataset (e.g., 34 + 2a + 16 with 16 at 532 nm) or augmented
dataset (e.g., 38 + 2a + 30 with an extra o at 1064 nm), as well as different forward models.
Thus, it has potentiality to be a basic retrieval algorithm for lidar communities (e.g.,
EARLINET). In collaboration with the AUSTRAL development team in LOA, the first version
of BOREAL has been integrated into AUSTRAL as retrieval module following its lidar data
processing chain, which will make it an efficient tool to analyze massive lidar measurements

in an automated manner.

6.2 Perspectives

There are several interesting perspectives following this work. Firstly, we are aware that
there remains large potentiality of improvement for BOREAL. For example, one problem when
retrieving aerosol with BOREAL is that the retrieved CRI is actually bounded by the ranges of
mg and m; prescribed by the forward model which, however, cannot be taken into account in
the optimization procedure. As a result, overflow occurs sometimes during the iteration if the
mpg, m; values are close to the edges of the domain. Thus, some constrained optimization
approaches for nonlinear minimization subject to bounds might be considered in future. We
saw a trend of underestimating particle size in the retrievals of large particles and we owed it
to the lack of sensitivity of available lidar measurements. It might be partly solved by making
use of the “nonlinear” characteristic of BOREAL and retrieving parameterized size distribution
(e.g., retrieving 1, g of a lognormal distribution) which, on the one hand, is easier to be
constrained by a priori knowledge on aerosol types and, on the other hand, reduces the total
number of retrieved variables. In this study, aerosol mixture was not considered, which is,
however, a quite common status of aerosols in the nature. To retrieve the mixing state of aerosol,

future work should be planned for finding optimal variables which could represent mixing
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components and, at the same time, do not increase system underdetermination and make
measurements have enough sensitivity. For this purpose, aerosol mixing rules (e.g., Maxwell
Garnett effective medium approximation, Bruggeman approximation and so on) might be
applied.

This study figured out the importance of reliable a priori information to enhance aerosol
characterization from lidars. Accordingly, improvements in lidar-aerosol typing algorithms are
necessary to establish a type-resolved a priori database of microphysical properties. For
example, an aerosol typing algorithm (FLARE) based on machine learning, making use of the
extinction, backscattering, depolarization, fluorescence and relative humidity from LILAS, is
being developed in LOA (Miri et al., submitted). Meanwhile, we are developing a more
powerful lidar system, LIFE (Laser-Induced Fluorescence Explorer), with an additional 1064
nm extinction channel and 4-5 fluorescence channels, whose measurements allow more
possibility in aerosol characterization with BOREAL (Boissiere et al., in preparation).

Furthermore, possible synergy with other instruments (e.g., sun-sky photometers) is also
attractive given that information contents of stand-alone lidar measurements are still
insufficient to accurately retrieve aerosol microphysical properties in some cases (e.g., size
distribution of large particles).

Both validation and application purposes necessitate more case studies. In particular, more
dust cases with high measurement quality are needed for a more comprehensive assessment of
non-spherical scattering models. Retrieval of UTLS BBA and comparison with tropospheric
BBA are also of great interest (Hu et al., in preparation) in order to evaluate its impacts on
radiative balance, as a contribution to the PyroSrat project (Khaykin et al., 2020). In addition,
we are planning to invert lidar measurements taken in periods when simultaneous airborne in-
situ measurements are available so as to compare the inversion results with the in-situ measured
results as a way of validation. For example, we could benefit from the AERO-HDF campaign

conducted by LOA in July 2023, over the Hauts-de-France region.
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Appendix A

Comparison between AUSTRAL and SCC. Extinction, backscattering coefficients and
particle linear depolarization ratio (PLDR) at 532 nm measured by LILAS and processed by
AUSTRAL and SCC, for time period 21:00-22:00 UTC, March 2, 2021, at ATOLL/Lille (Hu
et al., report in ACTRIS-France, 2022).
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Abstract: Lidar plays an essential role in monitoring the vertical variation of atmospheric aerosols.
However, due to the limited information that lidar measurements provide, ill-posedness still remains
a big challenge in quantitative lidar remote sensing. In this study, we describe the Basic algOrithm for
REtrieval of Aerosol with Lidar (BOREAL), which is based on maximum likelihood estimation (MLE),
and retrieve aerosol microphysical properties from extinction and backscattering measurements
of multi-wavelength Mie-Raman lidar systems. The algorithm utilizes different types of a priori
constraints to better constrain the solution space and suppress the influence of the ill-posedness.
Sensitivity test demonstrates that BOREAL could retrieve particle volume size distribution (VSD),
total volume concentration (Vy), effective radius (Refr), and complex refractive index (CRI = n — ik) of
simulated aerosol models with satisfying accuracy. The application of the algorithm to real aerosol
events measured by Lllle Lidar AtmosphereS (LILAS) shows it is able to realize fast and reliable
retrievals of different aerosol scenarios (dust, aged-transported smoke, and urban aerosols) with
almost uniform and simple pre-settings. Furthermore, the algorithmic principle allows BOREAL to
incorporate measurements with different and non-linearly related errors to the retrieved parameters,
which makes it a flexible and generalized algorithm for lidar retrieval.

Keywords: maximum likelihood estimation; retrieval of height-resolved aerosol microphysical
properties; analysis of lidar measurements

1. Introduction

Atmospheric aerosols play a significant role in the Earth’s climate change and radiative
forcing. They can not only change the scattering and absorption of incident solar irradi-
ance, but also affect the formation and optical properties of clouds through aerosol-cloud
interactions [1]. The tempo—spatial variation of aerosols properties and sources makes up a
dominant source of uncertainty for the assessment of the Earth’s radiative forcing and the
global temperature projection, although important progress has been made since the last
decade thanks to the progress in both atmospheric modeling and observation systems [2].

Remote sensing is an effective way to continuously monitor the temporal and spa-
tial distributions of aerosols and access their microphysical properties, such as particle
volume size distribution (VSD), complex refractive index (CRI = n — ik), morphologic
parameters, and so on. Passive remote sensing, like regional global surface networks [3] or
space-borne instruments [4,5], is capable of providing long-term aerosol monitoring with
global coverage, whereas it cannot derive height-resolved aerosol properties, which are im-
portant for accurately assessing aerosol radiative forcing [6]. In this context, light detection
and ranging (lidar) technology has been widely used for atmospheric remote sensing [7].
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However, at the early stage of lidar remote sensing, due to relatively high measurement
uncertainty [8], the retrieval of aerosol microphysical properties was usually conducted
under the assumption of the Junge VSD or known CRI, which limits the application to real
measurements [9-11].

More general retrieval methods were proposed since the 1990s when the technique
of Raman lidar [12,13] or High Spectral Resolution Lidar (HSRL) [14], which is capable
of simultaneously measuring the extinction coefficient («) and backscattering coefficient
(B) with enough accuracy, was developed. Based on such an instrumental leap, on the
one hand, lidar networks on a continental scale—such as the European Aerosol Research
Lidar Network under the framework of the Aerosol, Clouds, and Trace gases Research
InfraStructure (EARLINET/ACTRIS), Micro Pulse Lidar Network (MPLNET), and Asian
Dust Lidar Network (ADNET)—have been established since 2000 to extend the spatial
coverage of ground-based lidar observations [15-17]. On the other hand, a number of
algorithms aimed at retrieving tropospheric aerosols from lidar measurements have been
proposed. For example, a well-known method is to linearly inverse the Fredholm integral
composed of VSD and optical kernels for a series of CRIs and certain radius ranges using
regularization or principal component analysis. Then, a family of solutions which minimize
the so-called discrepancy will be selected and averaged [18-23]. Another method is based
on Look up Tables (LUTs), such as the arrange and average method [24], which utilizes
combined measurements of «, 3, and lidar ratio (LR) at several wavelengths.

Previous studies demonstrated that “33 + 2«”, i.e., backscattering coefficients at
355 nm, 532 nm, and 1064 nm and extinction coefficients at 355 nm and 532 nm, is the
least lidar measurements to retrieve aerosol microphysical properties [20,25-27]. How-
ever, this inversion system is ill-posed because, on the one hand, the measurements
are highly interdependent on each other and, on the other hand, the number of re-
trieval parameters in which we are interested is usually more than the number of the
measurements. Chemyakin et al. [28] pointed out that the main difficulty in lidar inversion
is the non-uniqueness of the solution. Indeed, such difficulty is faced by some retrieval
algorithms, such as the linear regularization method and principal component analysis
method, which have to identify the proper solution space from all the “solutions” derived
by performing linear inversion at every point in the searching domain composed of all non-
linear parameters (e.g., CRI) [18-23]. For example, the minimum discrepancy method [20]
could find two “qualified” solutions corresponding to different local minima far from
each other. In this circumstance, additional constraints on the searching domain must be
applied [29]. However, with the development of more advanced lidar systems, as well as
the increasing need of synergy with other types of instruments, more aerosol microphysical
properties non-linearly coupled with each other are expected to be retrieved quantitively.
As a result, traditional linear retrieval algorithms will suffer from both increase of com-
putational burden and algorithmic complexity. In this regard, we propose a non-linear
retrieval algorithm, BOREAL (Basic algOrithm for REtrieval of Aerosol with Lidar), based
on maximum likelihood estimation (MLE) to reduce the ill-posedness of 33 + 2« and
improve the identification of solution space by incorporating a priori constraints from multi
sources. Although the statistical optimization strategy used in BOREAL allows flexibility
to incorporate different types of measurements, for example, profiles of depolarization
ratio (8) and fluorescence, only 33 + 20 data are inverted at this preliminary stage. This
study will contribute to the development of an automated aerosol retrieval of Lllle Lidar
AtmosphereS (LILAS), operated under the frame of ACTRIS/EARLINET [30,31], and other
LILAS-like lidar systems.

The following sections of this paper are organized as follows: in Section 2, we demon-
strate the principle and implementation of the BOREAL algorithm; in Section 3, we test the
algorithm through sensitivity study using synthetic data; in Section 4, to further evaluate
BOREAL'’s performance, it is applied to a set of real aerosol events (dust, aged smoke, and
urban aerosols) detected by LILAS during the SHADOW-2 campaign and in operation at
the Atmospheric Observatory of LilLe (ATOLL); and Section 5 concludes this paper.
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2. BOREAL Algorithm
2.1. Modeling the Problem

The optical data consisting of extinction and backscattering coefficients measured by
lidars can be modeled through particle bulk single-scattering properties:

Inmax 3oy (A, 1, k, In7)

In Fanin 43

ay = v(Inr)dInr + ey, 1)

In rmax 3Ubac ()\, n, k/ ln r)
Pr= /

L 13 o(lnr)dInr +eg, (2)

where eyt and oy, are extinction and backscattering cross sections of a single spherical
particle, respectively, functions of wavelength A, real part of the CRI (1), imaginary part of
the CRI (k), and particle radius (7). The particle VSD, v(Inr), is a continuous function of
Inr, and €. stands for the error in extinction or backscattering measurements. gext and op,¢
can be calculated from various scattering models, such as Mishchenko et al. [32] and Yang
and Liou [33].

Because of the finite number of measurements, v(Inr) is approximated by the linear
combination of a set of base functions {¢;(Inr)}:

N
o(Inr) = Y vipi(Inr) (3)
=1

where v; is the weight factor of ¢;. A smooth function with continuous second derivative
can be approximated by a piecewise cubic polynomial, which can be expressed as a linear
combination of a B-spline basis [34,35]. On the basis of previous studies and for the sake of
simplifying the computation [18,20,36,37], we utilize the B-splines of the first degree as the
base functions which have the following definition:

0, Inr <In ri-1

Inr—Inr; 4
Inri—Inr;_ 17

. — j j—1
4’] (h’l 7’) - lner—lnr

Inrj—Inr;”

Inrj 1 <Inr <lInr;

(4)

Inr; <Inr <lInrj

0, Inr>lInrjq

where the piecewise nodal grids are logarithmic equidistant and 7y = 7, 7N = "max. Cor-
respondingly, v; is equal to v (In rj). With the increase of the number of B-spline functions,
i.e., the increase of N in Equation (3), both approximation accuracy and ill-posedness will
increase. To balance the two competing factors, N is set to 8 in this study. We found this to
be the smallest value to represent aerosol bimodal size distributions with acceptable accu-
racy and, at the same time, not to cause too large ill-posedness in the inversion procedure.
N = 8 was also adopted by other studies where linear inversion methods were used for the
3B + 2« data [18,21,25,38]. With Equations (3) and (4), Equations (1) and (2) can be written
in the vector—matrix form:

y; = f1(x) + &1 = K(n,k)v + ¢ )

where y, is the vector of lidar measurements. For a typical aerosol lidar with a Nd: YAG
laser, y; = [a355, 2532, B355, P532, ,51064}T- g1 represents the vector of measurement errors,

v=[v,00, ", vN]T collects the weight factors, and x = [VT, n, k} T. K is the kernel matrix
with the elements

Inrii1 305(n, k, Inr
{K(n, k) }; :/ Sein b In7)

ey n 103 ¢j(ln r)dinr (6)
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where i corresponds to the element of y. At current stage, we use the database of
Dubovik et al. [37], where the kernel matrices of spherical particles and spheroidal particles
with a fixed axis ratio distribution were precalculated, for fast calculation of & and 3. Other
scattering models for specific non-spherical particles, such as the super-spheroid model
and the advanced bulk optical model [39,40], will be implemented in the next step.

According to the definition by Hadamard [41], Equation (5) is ill-posed, as there are
typically 5 lidar measurements, but 10 parameters to be retrieved. Since most of realistic size
distributions of aerosol particles are smooth functions (with continuous second derivatives),
we introduce the following smoothing constraint on VSD:

Y2 =0=£H(x)+e=Hv+e @)

where H is the operator to calculate the second-order difference of v. ¢; acts as a weight
factor of the constraint.

To further reduce the ill-posedness, a priori constraints are also applied to the real and
imaginary parts of the CRI [42]:

Y3 = na = f3(X) + &3 = n+ ¢y, (8)

Vi =ka = fa(x) + &4 =k + ¢, 9)

where the subscript ‘a’ means the a priori value and ¢..., the a priori standard deviation,
also acting as weight factors of the corresponding constraints. It has been proved in many
studies that the 33 + 2 measurements do not have enough sensitivity to accurately retrieve
the CRI, especially to the imaginary part [20,21,23,43]. The introduction of the a priori
constraints on CRI is in fact equivalent to prescribing a reasonable range for the retrieved
CRI (centered at 15, ko with spread of ¢;,, and ¢, respectively). This strategy is feasible
in most cases because the aerosol type can be determined before the retrieval from lidar
observations [44—47] and supplementary information (satellite data, atmospheric transport
model, etc.) and type-resolved aerosol CRIs from in situ measurements or multi-angle
passive remote sensing [48,49] are available.
For clarity, we rewrite Equations (5) and (7)—(9) into a uniform form:

y; =fi(x) +e,(1=1,2,3,4) (10)

where | = 1 represents the equations describing the lidar measurements and [ = 2, 3, 4
represent the equations about a priori constraints. If we assume ¢; values are independent of
each other and follow the Gaussian probability density function, the likelihood function [50]
of the retrieval parameter vector x can be expressed as

Lx) =TT, P(yilx) HIW P{—;[Yz—fl(X)]TCfl[Yz—fz(X)]} (11)

where P(y;|x) represents the conditional probability of y;, and C; is the covariance matrix
of g. || represents the determinant operator. According to the MLE, the value of x
maximizing the likelihood function is the maximum likelihood estimate of x, which is
equivalent to minimizing the following cost function:

2x) = Y0 by — 617Gy, — £1(%)] (12)

In this way, the search of the retrieval parameter vector x is converted to an optimal
problem. Since negative values of the retrieval parameters do not carry any physical
meaning, we implement logarithmic transformation to avoid negative values in the retrieval
parameters [36] and rewrite Equation (12) as below:

=Y Y- F0OITS Y, — F(X)] (13)
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where X = Inx, Y, = Iny;, and F(X) = In[f;(eX)]. The measurement variances after the
transformation (i.e., the diagonal elements of S;) are related with their relative variances.
For instance, in the term representing the lidar measurements (I = 1):

sizln[§<1+,/1+4y%>} z% (G <1) (14)

Note that by converting Equation (12) to Equation (13), we assume the measurements
conform to the multivariate lognormal probability density function. For measurement
noise of positively defined characteristics, this assumption is supported by both theoretical
analysis and experimental results [51], and for a very small variance, lognormal distribution
is almost equivalent to normal distribution.

2.2. Optimization Procedure

The minimization of Equation (13) is in fact a multi-term nonlinear least-square fitting
weighted by the corresponding covariance matrices. It is implemented by the Levenberg—
Marquardt iteration [52] as below:

X+ — x () 4 Ax(),

1
AX#) — G, 'b, (15)

where A )
Gu = Zl:l Jl X(M)Sl_ JI,X(”) + r)/(u)D,

by =Y, JZT,;(<u> s [Y’ — K (X(u)>]

(16)

and the superscript (1) represents the uth iteration. J, y ) is the Jacobian matrix of F at X,

D is a scaling matrix controlling the relative iteration steps, and 7% is the overall scalar
factor controlling the speed of the convergence of the iteration process. The value of ()
should be adjusted in each iteration to ensure the reduction of the cost function and the
non-singularity of G. We adopt the following strategy to update (*) [36]:

2x2 (X(”)) W

() —
! pP—4q

where p and g are the number of total general measurements and the number of retrieval
parameters and, in our case, p = 13 and g = 10.

A study of Veselovskii et al. [25] shows that both extinction kernels and backscattering
kernels become highly interdependent and asymptotic to zero at large radii, which means
the large particles of the size distribution contribute less to the total optical data. Thus, it
is quite possible that the iteration can converge to an unrealistic but smooth monotonic
VSD curve with large values at large radii, which simultaneously fits all the terms in
Equation (13) quite well. We call such a VSD curve ‘oversmoothed’ and the cost function
‘overfitted’. To avoid this issue, we set the stopping conditions to

(X)) <p-g,

2. the number of iteration u reaches the prescribed maximum value, and the iteration
will stop if either of the above conditions is met. Condition 1 is based on the statistical
principle. Since we have assumed each Y; conforms to a Gaussian distribution, x>
conforms to a chi-square distribution with a degree of freedom (DOF) of p—4. A ‘good’
fit is derived if the ratio of x? and DOF is just not greater than 1 [53].

Setting an initial guess near the solution could accelerate the speed of convergence
compared with setting it arbitrarily. The type-resolved a priori value on CRI should not
be far from the actual value if the type of the aerosol could be correctly identified before
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retrieval. Thus, we set the initial guesses of 1, k to n,, ka, respectively. Correspondingly, the
initial guess of VSD is set to a constant function derived by fitting «as3;.

2.3. The Selection of Individual Solutions

The optimization procedure gives a solution for a specific aerosol size range, i.e.,
["min, max ), which is called an inversion window hereafter. A solution corresponding to
a specific inversion window is referred to as an individual solution. A proper inversion
window covering the real aerosol size range is important for deriving a realistic solution.
However, such a priori information is hardly available. Therefore, we decide to perform
the inversion for a set of pre-defined inversion windows covering the radius range of
0.05-15 pm and then select the qualified individual solutions by some extra constraints.
Due to the simultaneous retrieval of the VSD and CRI, there is only one individual solution
for an inversion window rather than several hundred derived by linear methods [20,21,23],
which simplifies the selection procedure.

Plenty of previous research reveals that, in most cases, the VSD of atmospheric aerosol
ensembles conforms to multi-mode lognormal distributions [49,54-57]. Thus, we take this
conclusion as an extra a priori constraint on VSD to select proper inversion windows (i.e.,
qualified individual solutions) because unproper inversion windows (either too wide or
too narrow) can cause significant oscillations of the retrieved VSD curve in the wing zones,
making it deviate from a ‘lognormal’ shape. However, such “deformed” curves can have
very low fitting error due to the ill-posedness of the system. Thus, in addition to selecting
qualified individual solutions by judging their fitting errors, we also select by judging
whether the retrieved VSD has a lognormal-like shape. Specifically speaking, the selection
procedure consists of the following steps:

1. Select the individual solutions with fitting errors less than the prescribed measurement
error (10% for all the measurement channels in this study);

2. Among the selected individual solutions, select those whose elements of v meet either
of the following inequalities:

v <02 U1 > U
v < 0.7v v1 < 0.05v
1 max or 1 max (18)
vg < Uy vg > Uy
vg < 0.70max vg < 0.05Umax

where vmax means the maximum retrieved element in v, and the multiple factors are
empirically chosen.

3. Among the selected individual solutions, select those whose standard deviations of
the VSD are greater than 0.35. This criterion is based on the study of Tanré et al. [58].
The standard deviation of a distribution v (Inr) is calculated by:

[Im (Iny — Inp)*o(Inr)d Inr

"min

oy = 19
v [ v(Inr)dInr 19)
where I
" Inr-o(lnr)dinr
re
= exp | min 20
H=oPp fr:;‘;ix o(Inr)dInr 20)

After determining the “qualified” individual solutions, we average them (the average
of both retrieved VSDs and retrieved CRlIs) to build the final averaged solution, which is
regarded as the retrieval result of the case.

In addition, to describe the bulk properties of a particle ensemble, total volume
concentration (V;) and effective radius (Reg) can be calculated from the retrieved VSD:

rmax
\4:/ o(Inr)dInr 1)
T

min
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[Imy(Inr)dInr
Rett = frmax Lo(Inr)dinr (22)
Tmin

a/)/(“_l)

Y,

2.4. Propagation of Measurement Error

In this part, we evaluate the influence of lidar measurement error on individual
solutions. According to Equation (15), if the iteration stops at u, we have

X =X = x0=1 4 Ax(=1) (23)

where X means the retrieved value of X. If the variation of X due to a lidar measurement
error dY; can be approximated to be linear, we derive

ax  ax® o ax(=1)  Hax(u-1)
- = +

— = = 24
aY, Y, Y Y, @4)
According to the rules of nested matrix calculus, we have
amxh (G- T 1 a0\ T
3, = (G “1bu1 ) ® ( G,- l)vec(D) ( 5Y, ) )

ox(u-1)

1 T T 71
+G -1 |:J (u—1) (; ]IX (u—1) l JI,X(uil) aYl

where

4

" T
s, [Yl ~F ( )} Z (]lxu ) 2.8 U) s,—l[yl _F (xw—l))} (26)

The operator ® represents the Kronecker product of two matrices and vec(-) means
the vectorization of a matrix [59] With Equations (25) and (26), we can calculate dX/dY,
iteratively and note that dx© /ay, = o. Correspondingly, the covariance matrix of X,
denoted as S, can be calculated from

o o T
R daX dX
S=(—-— S| = 27
(dY1> 1(‘”1) @)
and since X = exp X, the variation and covariance matrix of X, denoted as dx and C,

respectively, are
dx = exp XdX (28)

{€}; = E(®)E(%)) [exp {8}, 1] 29)

where E(%;) = exp(X; + {5},./2) is the expectation of the ith element of X and E ;) the
expectation of the jth element. Likewise, the variety and covariance matrices of V4 and Rt
can be calculated from

dl
dl = ﬁdi(, (I = W, Regt) (30)
dl di\T
CI = E Cf( ﬁ ’ (I = ‘/tr Reff) (31)

We are interested in deriving these above relations because they facilitate both the
calculation of retrieval sensitivity in sensitivity study and the calculation of retrieval
uncertainty in real application. However, their accuracies depend on the linearity of the
system when lidar measurements vary in a range of measurement errors. In the next
section, we will examine the feasibility of these relations by numerical simulations.
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3. Sensitivity Study

The first part of this section is focused on assessing the performance of the BOREAL
algorithm by inverting synthetic optical data generated by different aerosol models. We
derive retrieval results for these aerosol models with and without considering measurement
error, respectively, and compare them with their original values. In the second part of this
section, we evaluate the feasibility of the error propagation model proposed in Section 2.4.

3.1. Data Preparation and Initialization

As indicated in Section 2.3, we use the lognormal distribution to model the VSD of
aerosols composed of spherical particles:

ave v (Inr —In rv,i)Z] )
Oy,i

v(Inr) Tiny i§C N exp [ 2(73,1-
where the subscript i indicates the fine mode (i = f) or coarse mode (i = ¢). In each mode,
V; represents the volume concentration, ¢y ; the geometric standard deviation, and 7, ;
the mode radius. V; is the total volume concentration, the same parameter defined by
Equation (21).

According to previous characterization of aerosol types [30,49,60-63], we assumed 4
types of VSDs and 25 spectrally independent CRIs, as shown in Table 1. Synthetic optical
data (3 + 2«), which are to be inverted with BOREAL, were calculated from these aerosol
models with the Mie theory using the databank of Dubovik et al. [37].

Table 1. Aerosol models used for generating synthetic (33 + 2«x) data. The definitions of the
parameters describing the lognormal VSD can be found in Equation (32). Four VSD types (MF for
mono-fine mode, MC for mono-coarse mode, BF for bimodal with fine-mode-dominant, and BC for
bimodal with coarse-mode-dominant) and 25 combinations of complex refractive index (CRI = n — ik)
are prescribed.

SD Type Vs ryf Oyt Ve tv,c Ov,c Vi Regs
MF 1 0.2 0.4 0 0 0 1 0.18
MC 0 0 0 1 1.2 0.6 1 0.99

BE 2/3 0.2 0.4 1/3 2 0.6 1 0.26
BC 1/6 0.2 0.4 5/6 2 0.6 1 0.70
Hture 1.4,1.45,1.5,1.55, 1.6
ktrue 0.001, 0.005, 0.01, 0.015, 0.02

We use (11, €4,) = (1.5,0.1) as the a priori constraint on the real part of the CRI for
all the cases; (ka, &¢,) = (0.005,0.005) for non-absorbing cases, where kiye < 0.01; and
(ka,ex,) = (0.015,0.01) for absorbing cases, where kiye > 0.01. We will also use this
configuration for inverting real lidar measurements before an applicable aerosol typing
method is developed and a correlated type-resolved database of the a priori constraints is

established.

3.2. Evaluation of Retrieval Accuracy

Figure 1 shows the comparisons between the retrieved and true VSDs when #1yyre = 1.6
and kiyre = 0.01. The left column (Figure 1al-d1) represents the results when the synthetic
optical data were free of error (error-free), while the right column (Figure 1a2-d2) shows
the statistics of the results when measurement error is considered (error-contaminated),
which is accomplished by adding the error vector to the optical data and inverting the
error-contaminated optical data 100 times. The elements of the error vector are independent
of each other and conform to the Gaussian distribution: ~ N(0,0.1). From Figure 1, it
is seen that there are larger dispersions in the coarse mode than in the fine mode for
both error-free and error-contaminated optical data. This can be explained by the fact
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that the backscattering kernels decrease rapidly if the particle radius exceeds 2-3 um [25],
which undermines the contribution of the coarse mode to total backscattering when both

modes exist.

121(a1) (a2)

0.01 01 1 10 20 0.01

(b2)

0.01 0.1 1 10 20 0.01 0.1 1 10 20

dv /dinr

0.01 0.1 1 10 20 0.01 0.1 1 10 20

(d1)

0.01 0.1 1 10 20 0.01 0.1 1, 10 20

r(um) r(um)
Figure 1. Comparisons of the original volume size distributions (VSDs) of the aerosol models and the
retrieved VSDs. Four different VSDs in Table 1. (a. ME, b. MC, c. BE, d. BC) with complex refractive
index (CRI) equal to 1.6 -i0.01 were considered. The left column (al-d1) corresponds to the error-free
optical data, where the true VSDs (dashed lines), upper and lower limits of the selected individual
solutions (shaded areas), and the averaged solutions (circle solid lines) are shown. The right column
(a2-d2) represents the statistics of the results when measurement error is considered, which is
accomplished by adding the Gaussian error to the optical data and inverting the error-contaminated
optical data 100 times. The box-and-whiskers plots show the distribution of the retrieval results,
where the endpoints and horizontal lines from bottom to top correspond to the values below which
5%, 25%, 50%, 75%, and 95% of the results lie (namely, the percentile of the statistics). The blue solid
lines connect the mean values of each bin.



Remote Sens. 2022, 14, 6208

10 of 24

Table 2 shows the retrieval differences, defined as the difference between the retrieved
value and true value, in CRlIs, V;, and R corresponding to the scenarios presented in
Figure 1. For all these scenarios, both the real part and imaginary part are underestimated
by approximately 0.05 and 50%, respectively. The retrieved imaginary parts are quite close
to the a priori value (ka = 0.005 for kirye < 0.01), and the retrieved real parts lie in the
range [, Nyrue|. If the a priori constraint (ka, er,) = (0.015,0.01) is used, the imaginary
parts for all the cases will be overestimated, with retrieved values also near k, (not shown
here). These facts indicate the influence of a priori constraints on the retrieval of CRI,
especially on the imaginary part. To the contrary, the change of a priori constraints hardly
affects the retrieval of VSDs for these scenarios. From Table 2, the retrievals of the VSDs
for these scenarios have similar accuracies with §V; ranging in [-8%, —13%] and 6Rq¢
ranging in [—4%, —11%] if the optical data are error-free. On the other hand, measurement
error affects these retrievals in two aspects. Firstly, it causes bias in some parameters, for
example, the V4, Reg of Type BE, and Type BC. Such bias results from the overestimate of
the VSD of the coarse mode, which can be inferred from Figure 1. Secondly, it disperses the
retrieved parameters to a different extent, acting as statistical standard deviations shown in
Table 2: the magnitudes of dispersions in k, V4, Reg are comparable with the measurement
error, while those in 7 are much less than the measurement error.

Table 2. Retrieval differences !, defined as the difference between the retrieved value and true value,
inn, k, Vi, and R, for the scenarios presented in Figure 1. For the error-contaminated optical data,
mean differences and standard deviations (in parentheses) of the statistics are shown.

Error-Free Optical Data

Error-Contaminated Optical Data

on ok (5‘4 5Reff on ok (5‘4 (SReff
MF ~0.05 —53% 13% 11% —0.05(2%) —52%(10%) 16 (11%)  11% (15%)
MC —0.03 —49% 8% 4% 003 (1%)  —51% (8%)  —9% (12%)  —6% (12%)
BF —0.05 —49% 6% 4% —0.05 (2%) —47 (9%) 24% (19%) 15% (23%)
BC ~0.06 —44% 4% —4% —0.06 (1%)  —46% (9%)  10% (22%) 0% (26%)

1 The retrieval differences in 1 are in absolute values, while those in k, Vi, and R are in relative values.

Figure 2 shows the statistics of the absolute retrieval differences (the absolute value of
retrieval difference, which is always positive) of CRIs, V4, and R for all the scenarios in
Table 1. In general, compared with other aerosol types, retrieval differences for MF aerosols
have the lowest medium values and smallest dispersions, representing the best retrieval
accuracies among the four VSD types. On the other hand, BC aerosols have the largest
dispersions in Vi and dR.¢f, which likely results from the errors in coarse-mode retrieval.
For different retrieval parameters, measurement error enlarges the retrieval dispersion to
various extents, influencing V; and R¢ more than  and k. In particular, the dispersions of
6k are nearly the same with and without measurement error. Figure 3 shows in detail the
distribution of ok, from which we see 5k > 300% when kirye = 0.001, regardless of the VSD
type and nrye. This is because in these scenarios, the retrieved values of k are all close to
ka. Such retrieval difficulty is also faced in linear regularization methods [62]. Retrieval
accuracy of k improves with the increase of kiye and with #¢ye getting close to n,. For
example, ok smaller than 10% can be derived when kirye = 0.02 and nyye = 71, for all types
of size distributions.

Table 3 summarizes the third quartiles of the retrieval differences corresponding to
Figure 2, which we adopt as an overall estimate of retrieval accuracy with respect to the
VSD type. The sensitivity study shows that using the configuration in Section 3.1, the
values of VSD, V4, Regf, and CRI for typical aerosols could be retrieved with acceptable
accuracies by BOREAL in the case of relative measurement uncertainty in each channel less
than 10%. Note that the last quartile of 6k corresponds to the scenarios where kirye = 0.001,
which are all above 300%, according to Figure 3. Accordingly, once again, we emphasize
the importance of the a priori information on CRI, especially on the imaginary part, to
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effectively constrain the final solution. Retrieval accuracy for monomodal aerosols is
comparable to the result of Miiller et al. [21], where a linear inversion algorithm was used
to retrieve V4, Regr, and CRIL
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Figure 2. Box-and-whisker plots of retrieval differences, defined as the difference between the
retrieved value and true value, in Vi (%), Regs (%), 11, and k (%) with respect to the VSD types for all
the scenarios in Table 1. The left column (al-d1) corresponds to the error-free optical data and the
right column (a2-d2) to the error-contaminated optical data (i.e., each error-free scenario is perturbed
by Gaussian error 100 times, thus, 10,000 scenarios in total). The hinges and horizontal lines from the
bottom to top of the box-and-whiskers plots successively represent the 0, 25, 50, 75, and 90 percentiles
of the dataset. Data beyond the top hinge are designated outliers and shown as hollow circles.
Considering the size of the dataset, the outliers corresponding to the error-contaminated optical data
are not shown.
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Figure 3. Distribution of 6k for the retrieval scenarios in Table 1.
Table 3. Third quartiles of 5V, dRe¢, 61, and ok corresponding to Figure 2.
Error-Free Optical Data Error-Contaminated Optical Data
Vi 5Reff on ok Vi 5Reff on ok
MF 13% 8% 0.030 49% 26% 21% 0.045 51%
MC 24% 19% 0.031 43% 24% 22% 0.038 52%
BF 18% 16% 0.034 55% 25% 28% 0.040 52%
BC 23% 19% 0.042 55% 35% 36% 0.045 65%

3.3. Evaluation of the Error Propagation Model

In the second part of this section, we evaluate the feasibility of the error propagation
model proposed in Section 2.4. Note that in this subsection, all the retrieval parameters are
with respect to the individual solution.

Firstly, we evaluate when X, the function of lidar measurement y,, could be approxi-
mated to be linear as y; varying in y; & €;. To this end, we define the relative approximation
error (RAE) of a single retrieval parameter as

xpa — Xp

P:

where x is the true value of the retrieval parameter, £}, is the retrieved value when a known
perturbation is added to y;, and
Rpa = X +d% (34)

where % is the retrieved value when no perturbation is added to y;, and d£ is calculated
through the equations in Section 2.4. A low p indicates the linearization error is minor
compared with the retrieval error caused by lidar measurement error and algorithmic error.
In general, RAE should increase with the increase of measurement error because it could
substantially change the path of the minimization procedure, for example, changing the
iteration number from u to u’, which enlarges the difference between *p and £pa since dx is
evaluated for the iteration number u rather than u’.

For the scenarios in Table 1, we assigned suitable inversion windows corresponding
to their VSDs. Then, we perform retrieval and calculate the RAEs of V4, Reg, 11, and k when
the error-free optical data are perturbed by 1%, 5%, and 10%, respectively. Optical data
at different wavelengths are perturbed by the same magnitude but with different signs to
imitate random effects, as shown in Table 1 of [21]. Figure 4 shows the statistical results for
the MF aerosol, which are classified by whether the iteration number changes. As discussed
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Relative Approximation Error (RAE)

3.0

above, RAEs for the scenarios where the iteration number changes are 3-5 times higher
than those where the iteration number does not change. At the same time, the number of
scenarios where the iteration number changes increases with the increase of the magnitude
of perturbation. For a measurement uncertainty of 10% in each channel, (1) more than 80%
of the scenarios have their iteration numbers changed with quite large RAEs and (2) among
the scenarios with unchanged iteration numbers, more than 50% have the RAEs greater
than 0.3, 0.4, 0.1, and 0.1 in V4, Reg, 1, and k, respectively.

2.51

2.0

1.54

1.0 1

@ T 1%, 162 *T0) T T 1%, 38
m 5%, 74 | 14 m 5%, 126
m—10% 35 | mE 10%, 165
T 10
8]
61
4
= B
= L 0. SE =

Figure 4. Relative approximation error (RAE) of Vi, Ry, 1, and k for MF aerosols in Table 1. (a) The
results of which the iteration number does not change after the introduction of perturbation; (b) the
results of which the iteration number changes after the introduction of perturbation. The magnitudes
of perturbations (1%, 5%, and 10%) are labeled in the legend, followed by the counts of the cases. The
hinges and horizontal lines from the bottom to top of the box-and-whiskers plots represent 0, 25, 50,
75, and 90 percentiles of the dataset.

Then, under inversion windows the same as those mentioned above, we evaluate
the retrieval standard deviation (RStd) calculated with the error propagation model for a
measurement uncertainty of 10%. Figure 5 shows a case-by-case comparison of the RStds
of Vi, Regt, 11, and k calculated with the error propagation model (y-axes) and derived from
the statistics of the 100 inversions of error-contaminated optical data (same as the method
described in Section 3.2) (x-axes). From Figure 5, it is seen that the correlation of the RStd
depends on the retrieval parameter and VSD type and, generally speaking, the difference
between the calculation and experimental result is too large to allow the error propagation
model to be applicable for estimating the retrieval uncertainty of the individual solution
under 10% measurement uncertainty.
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Figure 5. Case-by-case comparison of the retrieval standard deviation (RStd) of (a) Vi, (b) Reg, (c) 1,
and (d) k calculated with the propagation model for a measurement uncertainty of 10% (y-axes)
and derived from the statistics of the 100 inversions of error-contaminated optical data (same as the
method described in Section 3.2) (x-axes). For each VSD type, individual solutions are derived for
suitable inversion windows. In each panel, the black solid line represents the 1-1 line, and between
the two dashed lines is the area where relative error is less than 50%.

4. Application to Real Lidar Measurements

To test the algorithmic performance on real aerosol events, we applied BOREAL algo-
rithm to three representative aerosol events detected by LILAS (LIlle Lidar AtmosphereS).
LILAS is a high-performance Mie-Raman-Fluorescent lidar system developed at Labora-
toire d’Optique Atmosphérique as of 2013. It is capable of measuring 38 + 2a 4 36 4 18p
simultaneously, where “3¢ ” is referred to as the particle depolarization ratio at 355 nm, 532
nm, and 1064 nm, while “15r” means the fluorescent backscattering coefficient centered at
466 nm. Detailed descriptions regarding the instrument and measurement uncertainties can
be found in Hu et al. [30] and Veselovskii et al. [31]. The computer used for the retrievals is
equipped with a 2.3 GHz Intel 8-Core i9 processor. Processing time of the CPU in each case
was counted as an indicator of the algorithmic efficiency.

4.1. Case 1: 10 April 2015, Dakar

This observation was recorded in Dakar during SHADOW-2 (study of Saharan Dust
Over West Africa) campaign in 2015. According to the analysis of Veselovskii et al. [64], on
10 April, dry dust transported from the Sahara Desert was dominant in the atmosphere.
Here, we retrieved the aerosol properties in the period of 00:00-02:00 UTC using BOREAL
and compared them with the results presented in Veselovskii et al. [64], where the regular-
ization method [38] was used to retrieve the aerosol microphysical properties. Since the
spheroids’ volume fraction (SVF) on that day was higher than 98%, according to AERONET
retrieval, we assumed the particles were totally spheroidal, which was also adopted in
Veselovskii et al. [64].

Figure 6 shows the comparison of aerosol optical parameters from lidar measurements
in the period of 00:00-02:00 UTC, 10 April 2015, and recalculated from the retrieval of
BOREAL. The layer 1500-4400 m, where mineral dust was mainly concentrated, was



Remote Sens. 2022, 14, 6208

15 of 24

(m)

Height

selected and resampled for the retrieval. The total processing time was ~1 min. The overall
difference between the lidar measurements and recalculated measurements was less than
10% for « and 5% for B. Figure 7 shows the comparison of the profiles of V4, Ref, and CRI
retrieved by BOREAL and presented in Veselovskii et al. [64]. The V; and R derived from
BOREAL were generally smaller but within the ranges of retrieval uncertainty provided
by Veselovskii et al. [64]. The profiles of the real parts of the CRI, in Figure 6b are in good
agreement. The increase of the extinction Angstrom exponent (EAE) and decrease of «
indicate that particles became smaller and less concentrated upon 3300 m, which is reflected
in Vi and Reg in Figure 7.
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Figure 6. LILAS measurements (solid lines) and the measurements recalculated from the retrievals
(dashed lines) on 10 April 2015, in the period of 00:00-02:00 UTC, at Dakar. (a) Extinction coefficients
(«); (b) backscattering coefficients (§3); (¢) Lidar ratios (LRs), and (d) Angstrom exponents of 355 nm
over 532 nm (AEgzss5_537), including extinction Angstrom exponent (EAE3s5_537) and backscattering
Angstrom exponent (BAE3s55_537). The layer 1500-4400 m was selected and resampled for the retrieval.
Measurements at different wavelengths are represented by the corresponding colors.
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Figure 7. Comparison of retrieval results derived by BOREAL from Figure 6 (blue solid lines) and
presented in Veselovskii et al. [64] (red hollow circles). (a) Vi; (b) Ref; () 11, and (d) k. The study
in Veselovskii et al. [64] did not provide the profile of k but an approximated value of 0.007 for the
whole dust layer (red dashed line). Because the particles are all assumed to be spheroids, results in
Table 3 cannot be used here as estimates of retrieval accuracies.
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To further investigate possible reasons for the underestimation of V; and Re¢ com-
pared with the results in Veselovskii et al. [64], Figure 8a shows the retrieved VSDs at
two heights where aerosols were concentrated. For each level, our result shows a strict
mono-coarse mode with ry, ~ 1 um, while an extra mode with y, ~ 3 um is shown in
Veselovskii et al. [64]. We attribute such differences to algorithmic principles. Due to the
optimal searching strategy, BOREAL derives only one individual solution for a specific
inversion window. Nevertheless, the linear regularization method [64] retrieves VSD for
every combination of CRI and inversion window pre-defined in the searching domain.
In addition, differences between inversion windows and selection criteria between the
two algorithms could also explain the different final averaged solutions. Due to the un-
derdetermination in lidar inverse problems, it is hard to judge which retrieval is closer to
the true state without the comparison with appropriate in situ measurements, which is
indeed needed for further validation. However, by checking the fitting errors shown in
Figure 6, we argue that the BOREAL-derived retrieval is reasonable enough for reproducing
3B + 2« lidar measurements. The right panel of Figure 8 shows a comparison of the VSDs
retrieved from the vertical-integrated LILAS measurements and from AERONET. The two
retrievals both have a single coarse mode with quite similar V;. However, LILAS/BOREAL
retrieval has smaller r, and Reg possibly due to: (1) the influence of retrieved CRI: the
LILAS/BOREAL retrieval gives a spectral independent CRI of n = 1.55 and k = 0.009, while
the AERONET retrieval gives a spectral independent # of 1.6 and a spectral dependent
k (decreasing from slightly above 0.004 to below 0.001 with the increase of wavelength);
(2) contributions of aerosols in the boundary layer are not taken into account in LILAS
retrieval; and (3) temporal difference of 7 h between the two retrievals.
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Figure 8. Comparison of VSD retrieval. (a) Comparison between the VSDs retrieved by BOREAL
(solid lines) and presented in Veselovskii et al. [64] (dashed lines) at 2 concentrated levels, the “*”
in the label of the ordinate means the multiplication symbol; (b) VSDs retrieved from the vertical-
integrated LILAS measurements (1500-4500 m, solid line) and from AERONET measurement at

17:15 UTC, 9 April (dashed line).
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4.2. Case 2: 11-12 September 2020, Lille

During this period, aged biomass burning aerosols (BBA) originating from California
wildfires were observed by LILAS in operation at ATOLL [65]. Here, we averaged the
measurements in the period of between 22:30-03:00 UTC, 11-12 September 2020, and
retrieved the layer 5000-9000 m. Note that the vertical resolution in this case was reduced
to 500 m due to the low SNR in the upper troposphere. Spherical and absorbing particle
assumptions were used in the retrieval.

Figure 9 shows the LILAS measurements and the recalculated measurements in that
period. The total processing time was ~1 min. The overall fitting error was less than 10% for
o and 5% for 3. Figure 10a,b show the retrieved profiles of, Vi, Retr, and CRI. The range of
EAE suggests that the aerosol layer contained mainly fine mode particles, which is reflected
in Reg in Figure 10a,b. The profile of V; reveals the particles were concentrated mainly
below 6500 m. The real part of CRI, n, varied between 1.51 and 1.60 while, the imaginary
part, k, between 0.012 and 0.015, which are in accordance with previous remote or in situ
measurements of transported biomass burning aerosols [49,66—68].
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Figure 9. Same as Figure 6 but for Case 2: 22:30-03:00 UTC, 11-12 September 2020, Lille. (a) «; (b) 3;
() LR, and (d) AE3s5-532. The layer 5000-9000 m was selected and resampled for the retrieval.

Figure 10c shows the retrieved VSDs at 5250 m, 6255 m, and 8265 m, together with the
AERONET level 2.0 retrieval on 11 September at 13:55 UTC. It can be seen that the selected
layer contains mostly fine mode particles which are well consistent with the fine mode
retrieved by AERONET. However, AERONET shows an extra coarse mode accounting for
approximately 30% of the total volume concentration. To determine possible reasons for
such a difference, note that the columnar EAE340 500 measured by AERONET was 0.8 [66],
while the EAEj355 53, of the selected layer measured by LILAS was 0.6. The decrease of
EAE could be due to an increase of particle size (i.e., there should be a coarse mode in
that layer) or an increase of the imaginary part (k) of the CRI when the fine-mode fraction
predominates [69]. The later could be reasonable in this case because the AERONET
retrieval returned a value of ~0.002, much lower than that retrieved by BOREAL. As
mentioned in Section 3.1, here we use (ka, &,) = (0.015,0.01) as the a priori constraint on k
because we inferred, with the help of fluorescent measurements of LILAS, that absorbing
BBA is concentrated in this layer. However, we also found during the sensitivity study that
backscattering kernels corresponding to the coarse-mode region decrease with the increase
of k, which means f3,, is less sensitive to the coarse-mode particles, resulting in suppression
of the coarse mode under measurement noise. Another possibility results from potential
uncertainty of the AERONET retrieval since it is the level 1.5 product (level 2.0 retrieval is
unavailable). Therefore, the comparison here is only qualitative.
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Figure 10. Retrievals for Case 2. (a) Profiles of V' and R.g; (b) profiles of n and k; and (c) comparison
of layer-resolved VSDs from the LILAS/BOREAL retrieval and column-integral VSD from the
AERONET retrieval at 13:55 UTC, 11 September 2020. The error bars in (a,b) are extracted from
Table 3.

4.3. Case 3: 30-31 May 2020, Lille

On the night of 30-31 May in the period of 21:00-02:00 UTC, a mixture of pollen grains
and urban aerosols from 500 m to 2500 m was observed by LILAS [70]. Considering the
wavelength limit of the 33 + 2« measurements, we retrieved the layer between 1300 m and
2200 m where background urban aerosols mainly concentrated, according to the aerosol
classification based on depolarization and fluorescence observations [47]. Spherical and
non-absorbing particle assumptions are used in the retrieval.

Figure 11 shows the LILAS measurements and the recalculated measurements in
that period. The total processing time was 24 s. Compared with the measurements in
previous two cases, the stable and low signals in this case suggest background aerosols,
which could consist of fine-mode particles according to the EAE3s55 53,. Figure 12a,b show
the retrieved profiles of Vi, Reg, and CRI. The R varied between 0.12 um and 0.15 pm,
which explains the range of EAE shown in Figure 11. The real part of CRI decreased
from 1.57 to 1.50 with the increase of altitude, while the imaginary part of CRI varied
between 0.0042 and 0.0049, slightly lower than the a priori value 0.005. Figure 12c shows
the retrieved VSDs at different heights, together with the AERONET level 2.0 retrieval on
30 May at 16:28 UTC. The VSDs from the LILAS/BOREAL retrieval are predominated by
fine particles with 0.1 um < r, < 0.2 um, which are well consistent with the fine mode
from the AERONET retrieval. The predominated coarse-mode retrieved by AERONET was
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very likely to be pollen grains because: (1) the daily cycle of pollen grains, where maximum
emission occurs near noon and less emission happens during the night, was validated by
in situ measurements [70]; (2) the selected layer excluded the influence of pollen grains
according to the aerosol classification result [47]; and (3) the EAE3s55 53, measured by LILAS
(~2) was larger than the EAEz49_509 measured by AERONET (~1.5), and the low value of
the imaginary part was retrieved, which indicate the lack of coarse-mode particles in the
selected layer.
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Figure 11. Same as Figure 6 but for Case 3: 21:00-03:00 UTC, 11-12 September 2020, Lille. (a) ; (b) 3;

(c) LR, and (d) AE3s5-532. The layer 1300-2200 m was selected and resampled for the retrieval.
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Figure 12. Retrievals for Case 3. (a) Profiles of V¢ and R.g; (b) profiles of n and k; and (c) comparison

of layer-resolved VSDs from the LILAS/BOREAL retrieval and column-integral VSD from the

AERONET retrieval at 16:28 UTC, 30 May 2020. The error bars in (a,b) are extracted from Table 3.
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5. Conclusions

The retrieval of height-resolved aerosol microphysical properties is of ever-increasing
interest in the field of aerosol remote sensing with the development of lidar networks based
on high-performance Mie-Raman lidar systems. In this study, we developed BOREAL, a
non-linear inversion algorithm based on maximum likelihood estimation (MLE) to retrieve
particle VSD, W, Reg, and CRI (n — ik) from the 38 (backscattering coefficient at 355 nm,
532 nm, and 1064 nm) + 2« (extinction coefficient at 355 nm and 532 nm) measured by the
Mie-Raman lidar. Compared with other linear retrieval algorithms such as the regulariza-
tion method and principal component analysis method, BOREAL simultaneously retrieves
VSD and CRI by performing optimal searching rather than walking through the whole
searching domain, which is evidently more efficient. Based on statistical principles, it is
seen that measurement errors are well considered, and their magnitudes serve as scaling
factors for the corresponding measurements. At the same time, a priori constraints are
treated as virtual measurements with straightforward statistical meaning. Furthermore,
the general form of the algorithm will remain unchanged, and computational burden will
not evidently increase if more measurements with non-linear forward models are incorpo-
rated. To realize stable and realistic retrieval from the ill-posed inversion system, BOREAL
(1) utilizes the smoothing constraint on VSD and the a priori constraint on CRI, (2) sets up
stopping conditions on the basis of statistical properties, and (3) selects qualified individual
solutions derived from a series inversion windows.

We used synthetic optical data (38 + 2a) generated by different aerosol models to test
the performance of BOREAL when one set of a priori constraint on the real part and two
sets of a priori constraints on the imaginary part of the CRI were employed. Sensitivity
tests show the robustness of the algorithm. For monomodal and bimodal aerosols with n
varying in 1.4-1.6 and k varying in 0.005-0.02, VSD, V4, Ry, and CRI could be retrieved
with acceptable accuracies when measurement uncertainty in each channel is up to 10%.
We conclude that 38 + 2a measurements have limit sensitivity to very low imaginary
parts (k~0.001) and large particles, which, in turn, increases retrieval uncertainty for these
parameters. At the same time, insufficient information content of 38 4 2« measurements
on the imaginary part increases the influence of the a priori constraint.

We proposed and evaluated an error propagation model, aiming to provide rigor-
ous and real-time estimate of the retrieval covariance matrix, which is a function of the
measurement covariance matrix. However, simulation results show that measurement
errors in 3 + 2« data are too large to obey a linear propagation rule, which makes the error
propagation model not applicable enough for most cases.

We applied BOREAL to several representative aerosol events: Saharan dust, trans-
ported smoke, and background urban aerosols during a pollen season detected by LILAS.
The retrieval of the dust case shows good consistency with the result presented by [64],
except for overestimates in V; and Re¢, which we attribute to the differences in algorithmic
principles. The comparisons with AERONET illustrate the advantages and limits of lidar
and sun photometer measurements and demonstrate that the aerosol events could be well
interpreted by our retrievals.

The next step will also focus on improving the retrieval of CRI, especially the imaginary
part. This might be accomplished by further constraining CRI with aerosol-typing results
using lidar measurements (for example, see Veselovskii et al. [47]). Another perspective is
to incorporate spectral depolarization measurements into the inversion scheme to realize
accurate retrieval of non-spherical particles. For this purpose, application of scattering
models accurately describing the backscattering of non-spherical particles and assessment
of information content of depolarization measurements are needed. At the same time, the
first version of BOREAL is being implemented into the AUSTRAL (Automated Server for
the Treatment of Atmospheric Lidars) [71] processing and inversion framework to more
efficiently evaluate the code with real lidar data and, finally, to implement automated
aerosol retrieval and further services.
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