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Referat:

Im Rahmen der vorliegenden Arbeit wurde eine Methode zur Aerosoltypisierung ent-

wickelt, die sowohl für bodengebundene als auch für weltraumgestützte Lidarsysteme an-

wendbar ist. Das Aerosol-Typisierungsschema wurde auf der Grundlage der “Optimal Esti-

mation Methode”(OEM) entwickelt und ermöglicht die Identifizierung von bis zu vier ver-

schiedenen Aerosolkomponenten in einem Aerosolgemisch, sowie die Quantifizierung ihres

Beitrags zum Aerosolgemisch in Bezug auf das relative Volumen. Von den vier Aerosolkom-

ponenten wird angenommen, dass sie physikalisch voneinander getrennt und extern gemischt

sind. Zwei Aerosolkomponenten repräsentieren jeweils absorbierende (FSA) und weniger

absorbierende (FSNA) feine Partikel, die verbleibenden zwei Komponenten repräsentieren

sphärische (CS) und nicht-sphärische (CNS) grobe Partikel. Diese vier Komponenten re-

präsentieren die am häufigsten beobachteten Aerosolarten in der Atmosphäre: Rauch, Luft-

verschmutzung, Meersalz und Wüstenstaub.

Die von Lidargrössen abgeleiteten optischen Parameter, die in diesem Typisierungssche-

ma verwendet werden, sind das Lidar-Verhältnis und das lineare Depolarisationsverhältnis

der Partikel bei zwei unterschiedlichen Wellenlängen (355 und 532 nm), die “color ratio”der

Rückstreuung (532/1064 nm) und der Ångströmexponent (355/532 nm). Diese intensiven

optischen Eigenschaften können auf unterschiedliche Weise kombiniert werden, was die Me-

thode flexibel und somit anwendbar auf Lidar-Systeme mit unterschiedlichen Konfiguratio-

nen (z. B. mit einer oder mehreren Wellenlängen) macht.

Die Funktionalität des Schemas wurde mittles Anwendung auf Fallstudien mit bekann-

tem und unbekanntem Aerosolbedingungen überprüft. Der Algorithmus wurde auch auf

einen Langzeitdatensatz angewendet, um eine saisonale Charakterisierung der Aerosolver-

teilung zu erhalten. Es konnte gezeigt werden, dass OEM zur Aerosoltypisierung eingesetzt

werden kann. Des Weiteren wurde gezeigt, dass sie zur Unterstützung der bodengestützten

Validierung der Datenprodukte und Algorithmen der geplanten Satellitenmission Earth-

CARE verwendet werden kann.
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Abstract:

Within the framework of the present work, an aerosol typing methodology applicable to

both ground-based and spaceborne lidar systems has been developed. The novel aerosol

typing scheme was developed based on the optimal estimation method (OEM) and allows

the identification of up to four different aerosol components present in an aerosol mixture

as well as the quantification of their contribution to the aerosol mixture in terms of relative

volume. The four aerosol components considered in this typing scheme represent the most

commonly observed aerosol particles in nature and are assumed to be physically separated

from each other and, therefore, can create external mixtures. Two components repre-

sent fine-mode particles, absorbing (FSA) and less absorbing (FSNA), and the remaining

two aerosol components represent coarse-mode particles, spherical (CS) and non-spherical

(CNS). These components can adequately represent the most frequently observed aerosol

types in the atmosphere: combustion- and pollution-related aerosol, sea salt and desert

dust, respectively.

The lidar-derived optical parameters used in this typing scheme are the lidar ratio and

the particle linear depolarization ratio at two distinctive wavelengths (355 and 532 nm), the

backscatter-related color ratio (for the wavelength pair of 532/1064 nm) and the extinction-

related Ångström exponent (for the wavelength pair of 355/532 nm). These intensive optical

properties can be combined in different ways making the methodology flexible, allowing

thus its application to lidar systems with different configurations (e.g., single wavelength or

multiwavelength).

The functionality of the typing scheme was demonstrated by its application to case

studies of known aerosol conditions as well as to cases of non-characterized aerosol load.

The algorithm was also applied to a long-term dataset to provide a seasonal characterization

of the aerosol situation over Haifa, Israel. It was shown that the OEM is an effective

methodology that can be also applied for aerosol typing purposes, and that it can be used

to support the ground-based validation efforts of EarthCARE’s products and algorithms.
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Chapter 1

Introduction

The influence of aerosol on the Earth’s climate, by direct, indirect and semi-direct effects,

has been studied for several decades. Aerosol particles influence directly the Earth’s radi-

ation balance by scattering and absorbing shortwave and longwave radiation (McCormick

and Ludwig, 1967) and indirectly by acting as cloud condensation nuclei (CCN) and ice-

nucleating particles (INP), altering thus cloud radiative properties and lifetime (Twomey,

1977; Albrecht, 1989). The direct absorption of radiation by aerosol can induce changes in

the atmosphere’s temperature structure and thus influence cloud formation and convection

patterns, which is known as the semi-direct effect (Hansen et al., 1997; Ackerman et al.,

2000).

The quantification of these effects continues to be a major scientific topic, due to un-

certainties induced on the Earth’s radiation budget calculations that greatly exceed un-

certainties of any other climate forcing agent (Kaufman et al., 2002; Vardavas and Taylor,

2011; IPCC, 2013). The greatest part of uncertainty in predictions of radiative forcing

is attributed to limited knowledge of spatial and temporal distribution of aerosols, their

physico-chemical properties and the processes they are involved in (e.g., aerosol-cloud in-

teractions; Boucher et al. (2013)). It becomes obvious that a reliable estimation of the

aerosol effects on climate requires detailed information on the aerosol conditions, such as

the aerosol vertical distribution, and the optical, microphysical and chemical properties,

which are a function of the aerosol type and age.

Continuous aerosol monitoring on global scales can be achieved via coordinated re-

search strategies and infrastructures. Observational ground-based networks, satellites, air-

craft and ships are platforms that can facilitate both in-situ and remote-sensing aerosol

measurements. The Aerosol Robotic Network (AERONET) established by the National

Aeronautics and Space Administration (NASA) and PHOTONS (French National Centre

for Scientific Research, CNRS) is a pioneering and one of the first and principal networks of

ground-based remote-sensing aerosol observations (Holben et al., 1998). AERONET sites

1
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are distributed across different locations around the world, covering thus diverse aerosol

regimes. AERONET provides high-quality data of spectral aerosol optical depth (AOD),

inversion products (i.e., microphysical and radiative properties), and precipitable water

(Holben et al., 2001). However, sun/sky and lunar photometer measurements can only

provide information about the whole atmospheric column.

The vertical aerosol distribution is a key factor for evaluation of the aerosol direct ra-

diative effect, since the lifetime and climate response of aerosols are not only type but also

altitude dependent (Hansen et al., 1997) and thus columnar measurements alone are not

sufficient. Light detection and ranging (lidar) is an active remote-sensing technique that

allows for vertically resolved aerosol measurements. Lidar instruments emit light prefer-

ably at different wavelengths, which interacts with molecules and aerosol particles in the

atmosphere. The detection of the backscattered light, along with the polarization state of

the backscattered light, provides information on the optical and microphysical properties of

different aerosol types along with their vertical distribution (Ansmann and Müller, 2005).

Several lidar networks have emerged around the globe in the last decades. The NASA

Micro-Pulse Lidar Network (MPLNET) has sites mainly across North America (Welton

et al., 2002), the Asian Dust and Aerosol Lidar Observation Network (AD-Net) is expand-

ing in East Asia (Sugimoto et al., 2014), and most parts of Europe are covered by the

European Aerosol Research Lidar Network (EARLINET; Pappalardo et al. (2014)). These

networks operate different lidar systems and therefore have different capabilities. For in-

stance, MPLNET is equipped with an elastic-backscatter lidar that operates at 532 nm.

AD-Net is mostly equipped with Raman lidars operational mainly at 532 and 1064 nm.

Similarly, EARLINET stations are mostly equipped with multiwavelength (355, 532 and

1064 nm) Raman lidars. Elastic lidar systems have limited capabilities (e.g., with respect

to aerosol typing) compared to Raman lidar systems, since two physical quantities, the

particle backscatter and extinction coefficients, need to be determined by one measured

quantity i.e., the elastic lidar return (Ansmann and Müller, 2005). On the other hand, with

the Raman lidar method (Ansmann et al., 1992) the backscatter and extinction coefficients

can be determined independently. In addition, spectral information provided by multi-

wavelength lidars advance aerosol typing and can be used to derive microphysical particle

properties (via inverse modelling). However, despite the widespread of the stations of the

aforementioned networks, spatial coverage by ground-based systems is limited.

The limitation of spatial coverage has been partly overcome since the 1980s by space-

borne passive sensors, such as the early Advanced Very High Resolution Radiometer and

the Total Ozone Mapping Spectrometer (AVHRR and TOMS, respectively). These sensors

were primarily designed for other purposes, but provided valuable information and advanced

the understanding of the aerosol global distribution (Mishchenko et al., 1999; Herman et al.,
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1997; Torres et al., 2002). However, they provided little or no information regarding the

vertical distribution of aerosols. Since then, the situation has been greatly improved with

the development of more sophisticated and accurate sensors as well as satellite aerosol

retrievals. Such a sensor is the Moderate Resolution Imaging Spectroradiometer (MODIS)

on board NASA’s twin polar-orbiting satellites Terra and Aqua, which, since February 2000,

perform near-global observations of atmospheric aerosols, providing one of the most reliable

satellite datasets of AOD over ocean and land (Bréon et al., 2011; Nabat et al., 2013).

The Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) on board NASA’s

Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) satellite

was the first polarization lidar in space to provide global long-term atmospheric measure-

ments (Winker et al., 2009). For more than 15 years, CALIOP has measured vertical profiles

of attenuated backscatter at visible and near infrared wavelengths, along with depolariza-

tion in the visible channel. However, as an elastic-backscatter lidar, CALIOP is not able to

perform direct extinction measurements. To enable the calculation of the extinction from

the backscatter signals, the aerosol extinction-to-backscatter ratio (or lidar ratio) needs to

be assumed. Since the lidar ratio depends on the microphysical and chemical properties of

the scattering particles present in the atmosphere, an aerosol typing scheme was developed

for CALIPSO (Omar et al., 2005, 2009; Kim et al., 2018). CALIPSO’s typing algorithm is

able to classify and assign typical lidar ratio values to six different aerosol types, which are

desert dust, biomass burning, background (clean continental), polluted continental, polluted

dust and clean marine (more details regarding the typing scheme are discussed in Ch. 2).

It becomes clear that the goodness of the extinction retrievals is always dependent on this

typing scheme, even though several quality control procedures are in place (Winker et al.,

2009).

Recently (2018), the European Space Agency (ESA) launched the wind lidar mission

Aeolus (Stoffelen et al., 2006). The satellite is equipped with a high-spectral-resolution

lidar (HSRL; Wandinger (1998)), the Atmospheric Laser Doppler Instrument (ALADIN).

ALADIN acquires one-directional horizontal tropospheric and stratospheric wind profiles

(mainly west-east), aiming to improve weather forecast, advance atmospheric dynamics re-

search and evaluate climate models (Stoffelen et al., 2006; Straume et al., 2020). Apart from

being the first wind lidar in space, ALADIN is also the first lidar in space able to measure

extinction coefficients directly and even though aerosol monitoring is not the main scope of

Aeolus (coarse resolution), aerosol and cloud optical properties are retrieved with ALADIN

as spin-off products (Ansmann et al., 2007; Flamant et al., 2008; Straume et al., 2020).

Recently, Baars et al. (2021) demonstrated that spin-off products such as the backscatter

coefficient, the extinction coefficient and the lidar ratio derived from ALADIN, even though

preliminary (due to the ongoing algorithm improvements and quality assurance updates)
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agree very well with ground-based lidar measurements. This is a great step towards the

harmonization of multiple satellite instruments, especially when keeping in mind the up-

coming Cloud, Aerosol and Radiation Explorer (EarthCARE) joint mission of ESA and the

Japanese Aerospace Exploration Agency (JAXA), scheduled for launch in 2023.

EarthCARE’s payload consists of four instruments: an ATmospheric LIDar (ATLID), a

Cloud Profiling Radar (CPR), a Multi-Spectral Imager (MSI) and a Broad-Band Radiome-

ter (BBR) (Illingworth et al., 2015). ATLID is a 355-nm HSRL that will provide direct

cloud and aerosol profile measurements of backscatter and extinction coefficients. Further-

more, ATLID is able to measure the depolarization ratio of the atmospheric particles –

an ideal parameter for aerosol typing – as well as ice particle characteristics (Illingworth

et al., 2015; do Carmo et al., 2021). The primary goal of EarthCARE is radiative closure,

which is aimed to be achieved in a synergistic approach from the two active and two passive

instruments. One key element for this goal is a proper aerosol typing scheme, to calculate

the aerosol’s radiative properties. For this purpose, the Hybrid End-To-End Aerosol Clas-

sification (HETEAC) model has been developed (Wandinger et al., 2016a). As the name

indicates, the HETEAC model delivers the required theoretical description of aerosol micro-

physics that is consistent with experimentally derived optical properties (hybrid approach)

to close the loop from observations and aerosol microphysics to radiative properties (end-

to-end approach). Since the contents of this dissertation are related to the developments of

HETEAC, a more complete description is provided in Ch. 2.

Once in orbit, EarthCARE’s HSRL will provide accurate measurements of the extinction

and backscatter coefficients, which will continue and improve the already existing record of

global aerosol lidar measurements initiated by CALIPSO. With HETEAC and a synergistic

combination of HSRL and MSI measurements, aerosol classification and quantification of

the radiative impact will be available at global and regional scales. As for every satellite

mission, ground-based remote-sensing measurements are essential for EarthCARE’s product

and algorithm validation. To achieve this goal and with a specific focus on the aerosol clas-

sification and the radiative impact quantification, an aerosol typing methodology applicable

to both ground-based and spaceborne lidar systems has been developed and is presented in

this dissertation. The methodology is based on the optimal estimation method (Rodgers,

2000) and allows the identification of aerosol mixtures consisting of up to four different

aerosol components from lidar measurements. The methodology is rather flexible, allowing

thus its application to lidar systems with different configurations (e.g., single wavelength

or multiwavelength). Microphysical and optical properties of the predefined aerosol com-

ponents are in accordance with HETEAC, thus permitting direct comparisons, algorithm

harmonization and further support to the validation activities for EarthCARE.

In Chapter 2, an overview of typing techniques commonly used in previous studies is
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provided. Chapter 3 presents an introduction to lidar-derived aerosol-type-dependent pa-

rameters (intensive optical properties), along with a collection of intensive aerosol properties

from ground-based lidar measurements that serves as a baseline for the development of the

aerosol typing scheme. Chapter 4 describes in detail the principles of the newly developed

typing algorithm. Chapter 5 is devoted to the application and intensive discussion of the al-

gorithm in selected case studies, while Chapter 6 demonstrates the application to long-term

lidar observations obtained from field campaigns. The summary in Chapter 7 illustrates the

comprehensive results of this dissertation and concludes with an outlook.
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Chapter 2

Lidar-based aerosol typing

This chapter provides an overview of recent developments in the research field of aerosol

typing based on intensive (i.e., concentration-independent) aerosol properties derived from

lidar. Traditionally, different intensive optical parameters can be combined to classify major

aerosol types and the mixtures that they are involved in (Sasano and Browell, 1989; Sugi-

moto et al., 2002; Ansmann et al., 2002; Müller et al., 2002, 2003, 2005; Mattis et al., 2002,

2004; Tesche et al., 2009b, 2011a; Groß et al., 2011, 2013; Weinzierl et al., 2011; Kumar

et al., 2018; Papagiannopoulos et al., 2018; Nicolae et al., 2018). These parameters are the

lidar ratio (or the extinction-to-backscatter ratio), the particle linear depolarization ratio,

the Ångström exponent and the color ratio (ratio of backscatter coefficients at different

wavelengths). The aforementioned intensive optical parameters reveal information about

the size, shape and absorption efficiency of the aerosol particles, allowing thus to identify

and type them (more details are provided in Ch. 3). In the following, the most important

schemes for this study are discussed. Specific focus is given to HETEAC, as it is the basis

of the developments presented in this work.

2.1 Dust and non-dust separation – POLIPHON

During the SAMUM–2 campaign (Ansmann et al., 2011a), several lofted aerosol plumes

containing mixtures of desert dust and biomass-burning aerosol were observed with lidars

at Praia, Cape Verde (Tesche et al., 2009b). This complex mixture was identified mainly

by depolarization values that were too high for pure smoke layers and too low for pure

desert-dust-containing layers. To allow the assessment of the radiative effects of this aerosol

mixture, a methodology for separating the optical properties of desert dust and biomass-

burning particles as a function of height was developed by Tesche et al. (2009b).

The methodology was initially applied to separate dust and smoke, but can be used to

separate dust from any other non-dust aerosol as well. Starting point is the volume depo-

7
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larization ratio δvol, which includes contributions of both molecules and aerosol particles,

δvol =
β⊥m + β⊥p
β
∥
m + β∥p

, (2.1)

where β is the backscatter coefficient and subscripts m and p denote molecules and parti-

cles, respectively. For simplicity, the wavelength dependence (λ) has been omitted, but of

course βm, βp and δvol are functions of the wavelength. Then, the molecular and particle

contributions are separated by using the following relationships:

βx = β⊥x + β∥x , (2.2)

β∥x = βx

1 + δx
, (2.3)

β⊥x = βxδx

1 + δx
, (2.4)

where the subscript x denotes either the molecular or the particle contribution. By using

Eq. (2.3) and (2.4) all the terms at the right side of Eq. (2.1) can be replaced, and the

following expression is obtained:

δvol =
βmδm
1+δm + βpδp

1+δp
βm

1+δm + βp
1+δp

. (2.5)

Simple conversion and rearrangements yield to:

δp =
βm(δvol–δm) + βpδvol(1 + δm)
βm(δm–δvol) + βp(1 + δm) . (2.6)

Similarly, the same steps from Eq. (2.1) to Eq. (2.6) can be used to separate desert dust and

non-dust contributions. The subscripts volume (vol), molecules (m) and particles (p) can

be replaced by particles (p), dust (d) and non-dust particles (nd), respectively. Then the

following equation is obtained:

δp =
βndδnd(1 + δd) + βdδd(1 + δnd)
βnd(1 + δnd) + βd(1 + δnd)

. (2.7)

The backscatter coefficient of dust particles is determined after substitution of βnd with

βp–βd and calculation of δp from Eq. (2.6):

βd = βp
(δp–δnd)(1 + δd)
(δd–δnd)(1 + δp)

. (2.8)
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The dust backscatter coefficient can be multiplied by the respective dust lidar ratio Sd to

obtain the dust particle extinction coefficient:

αd = Sdβd. (2.9)

The estimates of the particle linear depolarization ratio of pure non-dust particles δnd and

pure dust particles δd needed for the calculations above are key input parameters for this

method and were derived from values found during the SAMUM–1 campaign after compar-

ison with already existing climatologies from the literature. Values of 31% for dust and 5%

for non-dust (i.e., smoke) were used at 532 nm.

Depending on the lidar and its configuration, this approach can provide data sets of three

backscatter (355, 532 and 1064 nm) and two extinction coefficients (355 and 532 nm) for

the dust and non-dust components (i.e., 3+2 configuration) as it has been demonstrated in

Tesche et al. (2009b) and other studies (Tesche et al., 2011b; Marinou et al., 2017). Further

refinements to the methodology (polarization-lidar photometer networking; POLIPHON)

have allowed the separation of dust particles into fine and coarse mode (Ansmann et al.,

2011b, 2012; Mamouri and Ansmann, 2014) as well as the derivation of CCN- and INP-

relevant aerosol parameters (Mamouri and Ansmann, 2016, 2017).

2.2 The CALIPSO aerosol typing scheme

As mentioned in Ch. 1, CALIPSO has its own typing algorithm (Omar et al., 2009) that

is able to classify up to six different aerosol types, namely desert dust, biomass burning,

background (clean continental), polluted continental, polluted dust and clean marine. This

typing scheme is essential for the correct assignment of lidar ratios to features (aerosol or

cloud layers). Since CALIOP is a simple elastic-backscatter lidar (Winker et al., 2009; Omar

et al., 2009; Young and Vaughan, 2009), the lidar ratio is needed for further data processing,

i.e., to derive the backscatter coefficient and make an estimate for the aerosol extinction

coefficient. This means CALIOP is not able to conduct direct extinction measurements

although this parameter is often used and depends strongly on the a priori typing.

After a feature mask has been applied to the measurements, to identify regions of the

same optical properties (i.e., features), the typing scheme categorizes the features into the

aforementioned six aerosol types by means of a decision tree. The decision tree takes

into account the lidar-derived feature-integrated volume linear depolarization ratio and

attenuated backscatter, feature height information as well as external information such

as geographical location, underlying surface type and season. Once an aerosol type has

been selected from the decision tree, the corresponding lidar ratio (at 532 and 1064 nm) is

assigned to the feature.
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Behind the aforementioned six aerosol types, there are aerosol models that are obtained

from a multiyear AERONET cluster analysis (Omar et al., 2005; Cattrall et al., 2005)

of the optical and physical properties of characteristic aerosol types (Omar et al., 2005)

and, therefore, are representative for the most frequently observed aerosol mixtures at

AERONET sites. In addition, every aerosol model has its own, predefined size distribution

and microphysical properties (e.g., refractive indices).

With the release of new updated data versions, several limitations in the classification

scheme emerged. Kanitz et al. (2014) compared the CALIPSO typing scheme against

aerosol-typing-relevant parameters obtained by a ground-based lidar that was located in

the coastal city Punta Arenas, Chile. It was shown that CALIOP’s data analysis classified

the detected aerosol either as polluted dust, polluted continental aerosol, or smoke, while the

ground-based lidar analysis indicated the presence of marine particles. This discrepancy was

the result of the surface-dependent CALIPSO typing scheme, which did not allow marine

aerosol to be present over land. Another similar surface-dependent limitation is that Asian

dust and biomass-burning particles from boreal fires observed above the polar region were

missclassified as either clean continental or polluted continental, due to the fact that these

were the only aerosol types allowed above surfaces characterized as snow, ice or tundra.

Therefore, to address such limitations, a new updated version (version 4) of the algorithm

was developed and released by Kim et al. (2018). Major changes in the algorithm include

the introduction of four aerosol types for stratospheric aerosol, namely polar stratospheric

aerosol (PSA), volcanic ash, sulfate/other and smoke. Regarding tropospheric aerosols,

all types are now allowed over polar regions, a new aerosol mixture (dusty marine) was

introduced and the polluted continental and smoke types have been renamed to polluted

continental/smoke and elevated smoke, respectively. In addition, the existing lidar ratios

for clean marine, dust, clean continental, and elevated smoke categories have been revised

to reflect the current knowledge state for these types. The aforementioned changes lead to

a more accurate feature type identification and aerosol type classification and, thus, more

reliable extinction retrievals (Kim et al., 2018).

CALIPSO’s typing scheme updates did not resolve the ambiguity regarding the aerosol

type naming, which varies heavily in different aerosol studies and applications. Apart from

pure aerosol types (e.g., clean marine, desert dust), all the other aerosol mixtures, referred to

also as types, are in some degree vague. For example, the aerosol type “clean continental”,

which is included in CALIPSO’s typing scheme, is frequently encountered in many other

classification schemes (e.g., in Papagiannopoulos et al. (2018) discussed in Sec. 2.3). The

clean continental aerosol is typically described as a mixture of anthropogenic pollution and

natural aerosol (e.g., sea salt). Clean continental aerosol layers are high-transmittance

layers (low AOD, Ansmann et al. (2001)), with low depolarizing ability (δvol < 0.07, Omar
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et al. (2009)), lidar ratios ranging between 20 and 53 sr (Omar et al., 2009; Kim et al.,

2018) and Ångström exponents above 1 (Ansmann et al., 2001). This high variability in the

observations typed as clean continental further suggests that the term itself is very general

and that the determination of the different aerosol components present in the mixture is

quite hard. For instance, in the latest update of CALIPSO’s typing scheme (version 4, Kim

et al. (2018)) the lidar ratio for clean continental is set to 53 ± 24 sr at 532 nm, suggesting

that the mixing state of this mixture can vary significantly (from less absorbing sea salt

particles to highly absorbing smoke particles), without any further quantification. Such

classification results are not particularly helpful for the quantification of the radiative effect

or for atmospheric models and data assimilation.

2.3 Aerosol typing by utilizing the Mahalanobis distance

Another way of aerosol typing can be performed by separating classes/clusters of measure-

ments that have predefined characteristics and then adding new points/measurements into

these classes based on the distance of the measurements from each class center. A distance

metric frequently used is the Mahalanobis distance (Mahalanobis, 1936), defined as

DM(x–xx–xx–x) =
√

(x–x)TSSS–1(x–x). (2.10)

In Eq. (2.10), xxx represents the multidimentional observation vector, xxx the mean class, SSS the

class covariance matrix and DM the ellipsoids, centered around the mean of each class. As

Eq. (2.10) suggests, the Mahalanobis distance metric takes into account the variance in each

variable and their corresponding covariance making it, thus, an ideal metric for classification

purposes. Once the clusters have been defined, any new measurement serves as a new point

and its Mahalanobis distance to each of the clusters is calculated. Then, this new point is

assigned to the closest class (smallest Mahalanobis distance).

Burton et al. (2012) were the first to apply the Mahalanobis distance to classify aerosol

observations into their respective aerosol types. Based on specific samples of known aerosol

types, eight aerosol classes were constructed (pure dust, dusty mix, maritime, polluted

maritime, urban, fresh smoke, smoke and ice) and HSRL measurements of aerosol inten-

sive parameters were used for the classification procedure. The parameters used were the

particle linear depolarization ratio (at 532 nm), the lidar ratio (at 532 nm), the backscatter-

related color ratio (532-to-1064 nm) and the ratio of particle depolarization ratios (spectral

depolarization ratio, at 1064-to-532 nm). The relative discriminatory power of each inten-

sive parameter (Wilks’ overall and partial lambda statistic, Hill and Lewicki (2007)) was

also explored by this study, and it was found that the depolarization ratio had the most

weight in the classification procedure, followed closely by the depolarization spectral ratio
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and the lidar ratio. The backscatter color ratio was found to be the parameter with the

least discriminatory power.

A similar approach has been applied by Papagiannopoulos et al. (2018) aiming at build-

ing a classification tool able to provide near-real-time aerosol typing information for EAR-

LINET. Based on EARLINET classified data, eight aerosol classes were defined initially

(clean continental, polluted continental, dust, mixed dust, polluted dust, mixed marine,

smoke and volcanic ash). Four classifying parameters were used: the particle linear depo-

larization ratio (532 nm), the lidar ratio (532 nm), the Ångström exponent (355/1064 nm),

and the ratio of lidar ratios (532-to-355 nm). The aerosol classes represent the most fre-

quently observed aerosol types over the EARLINET stations and, as in every supervised

learning technique, are crucial to the overall predictive performance of the algorithm. The

impact of the number of aerosol classes to the classification performance was also investi-

gated in this study. For this purpose, the classes number varied between eight and four.

The error rate in the classification was found to decrease monotonically with decreasing

number of aerosol classes (from 39% to 10%). The prediction rate of the automatic clas-

sification showed positive results when compared against the already classified data. More

specifically, the less the classes the highest the learning success of the algorithm but with

the cost of a much coarser classification. Nevertheless, the algorithm is flexible (available

observed variables), automated and the application to such a large (and continuing) dataset

of great importance for the scientific community.

2.4 Neural network aerosol typing algorithm based on lidar

data

In a recent study, Nicolae et al. (2018) explored the potential of an Artificial Neural Net-

work (ANN) for the identification of the most probable aerosol type, using multispectral

lidar data. The Neural Network Aerosol Typing Algorithm Based on Lidar Data (NATALI)

uses ANNs with different learning rules that were trained to classify aerosols using only a

combination of mean layer intensive optical parameters (i.e., lidar ratios, Ångström expo-

nent, color ratios) from the provided aerosol backscatter and extinction coefficient profiles

of lidar systems, without any additional information. The ANNs were trained using syn-

thetic data based on an aerosol model that was developed for this reason. A spheroidal

shape representation is considered for particles based on OPAC-defined internal mixtures

(Optical Properties of Aerosols and Clouds, Hess et al. (1998)). The aerosol microphysical

properties were derived from the Global Aerosol Data Set (GADS, Koepke et al. (1997)).

To account for the natural variability of the optical properties, different mixing ratios and

relative humidity (RH) values were considered. The uncertainty of the observations was



2.4. NEURAL NETWORKAEROSOL TYPING ALGORITHMBASEDON LIDARDATA13

also taken into account.

The input data required are typical EARLINET data products, namely backscatter

coefficient (355, 532, 1064 nm), extinction coefficient (355, 532 nm) and linear particle

depolarization (532 nm) if available (so-called 3β + 2α + 1δ configuration). As a first step,

NATALI identifies the geometric boundaries of the aerosol layers by utilizing the gradient

method for the 1064-nm backscatter coefficient profile (Belegante et al., 2014). Then, for

each detected aerosol layer, mean layer intensive optical parameters and their corresponding

uncertainties are calculated at all available wavelengths and wavelength combinations (e.g.,

in the case of backscatter-related color ratios). As a first quality assurance procedure, the

calculated intensive optical properties are checked and only the layers with values that fall

within acceptable range limits (e.g., lidar ratio values between 5 and 200 sr) are considered

for further evaluation. In the second step, three ANN perform simultaneously and provide

the most probable aerosol type that is then assigned to the feature represented by the input

data. The identification of the most probable aerosol type is realized through a voting

procedure that takes into account the confidence level of the ANN output and the overall

retrieval stability (i.e., within uncertainty range).

The algorithm has two different classification modes, based on the information avail-

able, and the quality of the output product is dependent on the quality of the optical

parameters provided as input. The first one is the high-resolution mode, which includes

depolarization ratio information and allows the identification of 14 aerosol mixtures. When

no depolarization ratio is available, the low-resolution mode allows the identification of five

predominant aerosol types. The 14 aerosol mixtures included in the high-resolution mode

are: continental, continental polluted, dust, maritime, smoke, volcanic, coastal, coastal pol-

luted, continental dust, continental smoke, dust polluted, maritime mineral, mixed dust

and mixed smoke. In the low-resolution mode the aerosol mixtures include only continen-

tal, continental polluted, smoke, dust, maritime and volcanic aerosol. Finally, the output

includes the intensive optical parameters within each identified aerosol layer, along with

their mean values and corresponding uncertainty, and the most probable aerosol type.

An extensive performance analysis of the methodology and the ANN was also carried

out. In particular, the aerosol model outputs were compared with literature-based intensive

optical parameters for each aerosol type considered, ANN’s performance during the learning

phase was compared to the synthetic data and finally NATALI retrieval performance was

tested against the EARLINET-CALIPSO classification retrieved aerosol types. NATALI’s

overall performance was good (more detailed information in Nicolae et al. (2018)), being

able to correctly classify most aerosol types in both high-resolution and low-resolution

mode. However, the depolarization ratio (high-resolution mode) provided considerably

higher confidence retrieval results, especially for aerosol mixtures. Pure aerosol types were
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recognized by NATALI for all values of RH. However, ANNs showed a decreased performance

with an increase in RH only for continental smoke and continental dust for high-resolution

typing and for continental smoke and mixed smoke for low-resolution typing. On the other

hand, for coastal polluted, RH increase results in an increase of typing performance.

2.5 Hybrid End-To-End Aerosol Classification model

HETEAC is an aerosol classification model that was developed for the EarthCARE mis-

sion (Wandinger et al., 2016a). The model serves as a common baseline for development,

evaluation and implementation procedures within all the development activities for Earth-

CARE. Data synergy between EarthCARE’s ATLID, MSI and BBR is further supported

with HETEAC as consistency between their aerosol products is ensured. The approach is

hybrid, meaning that the theoretical description of the aerosol microphysics is consistent

with the aerosol optical properties obtained by observations. In addition, the end-to-end

model approach ensures a uniform representation of the different aerosol types in terms of

microphysical, optical and radiative properties.

The first step in the HETEAC model development is the definition of the basic aerosol

components. Based on an experimental basis of optical properties from ground-based lidars

at EarthCARE’s wavelength (355 nm), four components were defined as representatives of

the aerosol types observed in nature. These components comprise of two fine modes, one

strongly absorbing and one weakly absorbing, and two coarse modes, one with spherical

particles and one with non-spherical particles. A detailed description and insights of the

aerosol components is provided in Sec. 4.1.3.

For each of these components, a mono-modal particle size distribution and a wavelength-

dependent complex refractive index is assigned to obtain their microphysical description,

based on ESA’s Climate Change Initiative (CCI) project Aerosol cci (Holzer-Popp et al.,

2013). The mode radii and refractive indexes are obtained from AERONET and are con-

sidered typical for the aerosol components. To describe the scattering of the non-spherical

particles, two models were examined. One is the spheroid model introduced by Dubovik

et al. (2006) and the other one is proposed by Gasteiger et al. (2011). While both mod-

els are widely used in several applications (e.g., Dubovik et al. (2006) in Aerosol cci and

Gasteiger et al. (2011) in OPAC), the model and spheroid distribution chosen for HETEAC

was the one of Gasteiger et al. (2011), mainly due to the degree of reproducibility of the

observations.

To account for aerosol mixtures of two or more modes, a multimodal representation is

achieved by mixing rules. Each mode has specific scattering properties per unit particle

volume, which are then used, in combination with the relative volume contribution of each
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mode, to derive the optical properties of the aerosol mixture. This procedure results in

lookup tables (LUT) of the optical and radiative properties for the different mixing ratios

between the aerosol modes at 355 nm. Even though HETEAC is optimized for the 355 nm

wavelength, LUT have been constructed for other wavelengths as well. Once EarthCARE

is in orbit, the LUT can be used in reverse to reveal the mixing ratio of the four different

aerosol components from ATLID’s measurements (at 355 nm only).

2.6 Discussion and research questions

The complexity and necessity of accurate aerosol typing is well revealed by the different ap-

proaches and methodologies developed solely for that purpose. The scientific efforts towards

resolving the aerosol classification issue are translated, among others, into methodology

developments that are spanning from rather simple and straightforward threshold-based

techniques to advanced ANN algorithms.

Nevertheless, the issue remains highly subjective in several aspects. For instance, aerosol

type naming varies heavily depending on the studies, leading to ambiguous assumptions

on the atmospheric aerosol loading and subsequent conclusions, as discussed already for

the CALIPSO typing methodology (Sec. 2.2). The naming of the different aerosol types

is usually driven by the aerosol’s source origin (e.g., marine, desert dust, continental),

providing thus not sufficient information on the microphysical properties of the aerosol

particles (i.e., size, shape).

Optical parameter values, assigned to aerosol types and used in several aerosol classifica-

tion schemes as well as in atmospheric modeling, are another issue that polarizes the scien-

tific community. These values, their thresholds and uncertainties to some extent depend on

the instrument performing the measurements and, thus, generalizations are required (e.g.,

a global lidar ratio for desert dust, regardless of its source origin). Several campaigns aimed

to improve the knowledge on certain aerosol types, e.g., the SAMUM–1 and SAMUM–2 field

experiments (Ansmann et al., 2011a), which focused on the investigation of the relationship

between chemical composition, shape morphology, size distribution and optical effects of the

dust particles originating from the Saharan desert. Another location-focused campaign was

the Central Asian Dust Experiment (CADEX, Hofer et al. (2017, 2020)), which focused on

long-term observations of the optical and microphysical properties of Central Asian mineral

dust. It was the first time that ground-based lidar observations were conducted in Central

Asia at Dushanbe, Tajikistan. While CADEX lasted two years (2014–2016), it resulted

in major findings in terms of optical properties of Central Asian dust, establishing it thus

as a separate aerosol type. In addition, the campaign pointed out the necessity of a per-

manent ground-based station, which was later on established as part of EARLINET. It is
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obvious that campaigns aiming at monitoring a specific aerosol type, in a specific location

where it is found in abundance, are very important in the global efforts of aerosol type

standardization. In addition, global satellite observations also help shed light on previously

unexplored areas and observational gaps. However, till nowadays there is no commonly

accepted aerosol-type-linked range of optical properties.

As mentioned already, lidar-based aerosol classification and typing methodologies are

based mainly on lidar-derived aerosol optical properties (Sec. 3.1). Different combinations

of these aerosol properties have been used in aerosol classification studies (e.g., the lidar

ratio, particle linear depolarization ratio, backscatter color ratio and depolarization spectral

ratio in Burton et al. (2012)). Most studies conclude that the particle linear depolarization

ratio along with the lidar ratio are really crucial for classification and typing purposes (e.g.,

Sassen, 1991; Tesche et al., 2009a,b; Groß et al., 2011; Burton et al., 2012; Papagiannopoulos

et al., 2018; Nicolae et al., 2018). However, there is still no clear suggestion on the minimum

number of optical parameters required for classification purposes. While considering many

optical parameters might be necessary sometimes, it could also lead to an overclassification

of the aerosol.

Table 2.1: Summary of the lidar-based aerosol typing schemes presented in Ch. 2.
Typing
scheme

Ground-
based

Space-
borne

Height-
resolved

Layer-mean
values

Quantification

POLIPHON

CALIPSO

Mahalanobis

NATALI

HETEAC

A summary of the key aspects of the aerosol typing developments discussed in this

chapter is presented in Tab. 2.1. These key aspects can be categorized in the applicability

of the typing scheme (i.e., ground-based or spaceborne lidars), on the type of input required

(i.e., height-resolved profiles of optical parameters or layer-mean values) and on whether or

not a quantification of the aerosol types present in the mixture observed is provided. Tab. 2.1

reveals that no typing scheme is superior to others and that the application influences heavily

the choice of the methodology. For instance, if one is interested in height-resolved aerosol

typing based on ground-based lidars, POLIPHON is a suitable choice, as its output provides

the height-resolved fraction of backscatter and extinction coefficient attributable to dust and

non-dust particles. A minor drawback of this methodology is that the non-dust category is

not automatically labeled/classified. On the other hand, if one is interested in automatic

typing procedures, the Mahalanobis distance methodology (Sec. 2.3) or NATALI (Sec. 2.4)

are to be preferred. Key difference between these two methodologies is that the first one
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depends on a supervised learning technique, while the second one uses ANN that have been

trained via a supervised learning technique, but perform the classification unsupervised.

Driven by the advantages and disadvantages of the methodologies discussed above and

by considering the need of ground-based validation of the upcoming EarthCARE mission, a

new aerosol typing methodology was developed and is presented in Ch. 4. The methodology

is based on HETEAC, but utilizes the optimal estimation method to provide a quantification

of the contribution, in terms of relative volume, of four different aerosol components to an

aerosol mixture. The aerosol components retrieved are named based on their microphysical

and optical properties. The methodology is flexible in terms of required input and thus

suitable for most lidar systems (ground-based or spaceborne). A synopsis of the key research

questions aimed to be addressed by this dissertation is provided below.

Research questions

This dissertation endeavours to provide answers to the following key questions:

1. Can an optimal-estimation-based methodology be applied effectively for aerosol typing

purposes?

2. Is it possible to describe an aerosol mixture observed by means of basic aerosol com-

ponents?

3. Can we retrieve the contribution of each aerosol component, in terms of relative

volume, leading thus to a quantitative characterization of the aerosol mixture?

4. Is the proposed methodology sufficient for ground-based validation purposes and fur-

ther support of EarthCARE’s aerosol classification scheme (HETEAC)?

To address these questions, it is essential to begin with the construction of a basis

of lidar-derived aerosol intensive optical parameters at different wavelengths. The basis

will allow the identification of the different major aerosol types and the different mixtures

that they form as aerosol components, as well as their corresponding optical properties

(Ch. 3). An optimal-estimation-based methodology was chosen as it ensures to provide the

statistically most likely conditions that produce a given measurement, i.e., intensive optical

properties (Ch. 4). At the same time, the goodness of the solution relies on the predefined

aerosol components and, therefore, the experimental basis constructed is a crucial element

for the typing scheme proposed. The retrieval scheme proposed here is then applied to

several case studies, as well as to a long-term dataset, to asses whether or not it provides

results that allow for a quantitative characterization of the aerosol mixtures (Ch. 5, 6).
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Chapter 3

Optical properties of different

aerosol types

As discussed in the literature review (Ch. 2), intensive, i.e., concentration-independent, par-

ticle optical parameters can be used as “optical footprints”, allowing thus the identification

and classification of the different aerosol types. This chapter begins with a brief overview of

lidar-derived optical parameters that can and have been used in previous studies for aerosol

typing (Sec. 3.1).

The typing methodology that is described in detail in the following chapter (Ch. 4) relies

on measured intensive optical properties and, similarly to HETEAC (Sec. 2.5) but for more

wavelengths (355 and 532 nm), an experimental basis of ground-based lidar measurements

at various locations and from various platforms was created. More specifically, the lidar

ratio, the particle linear depolarization ratio and the Ångström exponent (backscatter- and

extinction-related) at the aforementioned wavelengths were used to create the experimental

basis. The experimental basis allows the exploration of the solution space for the proposed

typing methodology, i.e., the identification of the different aerosol types (or clusters) and

their optical properties. In addition to the combination of optical parameters shown in the

following, all possible combinations available are presented in Appendix A.

3.1 Aerosol-typing-relevant optical properties

Multiwavelength polarization Raman lidars emit polarized light at different wavelengths

(typically at 355, 532 and 1064 nm) into the atmosphere. The fraction of the light that gets

backscattered by molecules and particles is detected by the instrument’s receiver with a

high temporal resolution. After the appropriate corrections (e.g., background subtraction,

temporal averaging, overlap correction), the retrieved profiles of backscatter (β) and extinc-

19
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tion (α) coefficients (typically at 355, 532 and 1064 nm for β and 355, 532 nm for α) can

be used to calculate optical parameters that are usually called intensive, i.e., concentration-

independent, particle optical properties. These parameters, along with the particle linear

depolarization ratio (at 355 and 532 nm), are sensitive to the size, shape and refractive

index of the atmospheric particles and therefore can be used effectively for aerosol char-

acterization (Ansmann and Müller, 2005; Müller et al., 2007; Freudenthaler et al., 2009;

Groß et al., 2011). These intensive parameters are discussed in more detail in the following

sections.

3.1.1 Lidar ratio

The particle lidar ratio (Sp) or simply lidar ratio (S), defined as the extinction-to-backscatter

ratio (p denotes particle),

Sp(R) = α
p(R)
βp(R) , (3.1)

is a valuable quantity for aerosol characterization. The lidar ratio reveals information

regarding the size, shape and the absorption efficiency of the aerosol particles. The particle

size and the lidar ratio are usually inversely related, while the particle absorption efficiency

and the lidar ratio are directly related (e.g., S increases with particle absorption efficiency).

When spherical and non-spherical particles have the same size range, the non-spherical

ones tend to exhibit higher lidar ratio values (Müller et al., 2007). However, all these

different effects could counterbalance each other, leading to similar lidar ratios for different

aerosol types. For example, in the study of Müller et al. (2007), planetary boundary layer

(PBL) observations from Saharan desert dust (observed during the SAMUM–1 campaign)

and Central European urban haze (observed within the EARLINET framework) exhibited

similar lidar ratio values of 55–60 sr at 355 nm. It becomes clear that, since large, non-

spherical, moderately absorbing particles (such as desert dust particles) exhibit similar lidar

ratios as small, spherical and absorbing particles (e.g., urban haze particles), the lidar ratio

alone is not sufficient to adequately characterize the different aerosol types observed in the

atmosphere and, therefore, additional information is needed.

3.1.2 Particle linear depolarization ratio

As mentioned earlier, lidars emit polarized light and during the backscatter process, parts

of this light get unpolarized. The depolarization ratio (Schotland et al., 1971) usually refers

to the ratio of signals measured in the perpendicular and parallel receiver channels (cross-

polarized and co-polarized, respectively). Cross-polarized (⊥) refers to light with a state

of polarization that is perpendicular to the one of the emitted laser light, and co-polarized

(∥) refers to light that has the same state of polarization as the emitted laser light. The
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linear volume depolarization ratio (δvol) comprises contributions of molecules and aerosol

particles (subscripted as m and p, respectively) and is defined as:

δvol =
β⊥

β∥
=
β⊥m + β⊥p
β
∥
m + β∥p

. (3.2)

The molecules and particles can be considered independently, leading to the molecular (δm)

and particle (δp) linear depolarization ratio, respectively:

δm = β
⊥
m

β
∥
m

. (3.3)

δp =
β⊥p
β
∥
p

. (3.4)

The particle linear depolarization ratio (δp or often denoted as δ, Eq. (3.4)) is an intensive

property of the ensemble of scattering particles and can be used for aerosol typing because

spherical particles do not alter the state of polarization of the emitted light (δp ≈ 0), while

non-spherical particles do (δp > 0). For instance, for the same example that was discussed

in Sec. 3.1.1, desert dust particles exhibit particle linear depolarization ratio values of 30%–

35%, while for urban haze particles the respective values are less than 5%. While the lidar

ratio does not provide enough information to allow distinguishing one type from another in

this case, the particle linear depolarization ratio provides the information that is needed to

distinguish spherical from non-spherical particles.

3.1.3 Ångström exponent

The Ångström exponent (Å) is a parameter that contains information regarding the spectral

dependency of the aerosol optical properties (Ångström, 1964; Ansmann and Müller, 2005)

and can be obtained from, e.g., multiwavelength lidars. An Ångström exponent of zero

denotes wavelength independence of the investigated quantity. The Ångström exponent

can be calculated for the backscatter coefficient (β), the extinction coefficient (α) and the

lidar ratio (S) when they are available at least for two distinctive wavelengths λ1 and λ2,

respectively (Ansmann et al., 2002).

The so-called backscatter-related Ångström exponent can be acquired from the particle

backscatter coefficients at the wavelength pairs of 355 and 532 nm and 532 and 1064 nm,

respectively:

Åβ355/532 = −
ln(β532β355

)
ln(532

355)
, (3.5)
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Åβ532/1064 = −
ln(β1064β532

)
ln(1064

532 )
. (3.6)

Similarly, for the extinction-related Ångström exponent it is:

Åext = −
ln(α532

α355
)

ln(532
355)

. (3.7)

In general, the extinction-related Ångström exponent is around zero for large particles,

while scattering by small particles exhibits a strong wavelength dependence and causes Å

values greater than unity (Eck et al., 1999). The Ångström exponent of molecules (much

smaller compared to small aerosol particles) is around 4 (Antoine and Morel, 1998). Con-

tinuing with the example from Müller et al. (2007), which has been discussed already in Sec.

3.1.1 and 3.1.2, Saharan desert dust particles have extinction-related Ångström exponent

values of 0.2±0.2, while for urban haze particles these values are of the order of 1.4±0.5 and,

thus, the Ångström exponent would be a good additional typing parameter in the specific

example. The extinction- and backscatter-related Ångström exponents act as a proxy for

the size of the particles and, thus, a separation between large and small particles can be

achieved.

3.1.4 Backscatter color ratio

The backscatter color ratio is an intensive property similar to the Ångström exponent. It

is defined as the ratio of the backscatter coefficients acquired at two different wavelengths

λ1 and λ2, respectively:

Cβλ1/λ2 =
βλ1
βλ2

. (3.8)

Typically, backscatter color ratios are inversely related to the aerosol particle size and,

therefore, have been used for aerosol classification purposes (Sasano and Browell, 1989;

Sugimoto et al., 2002; Burton et al., 2012). The backscatter color ratio does not contain

any additional information compared to the backscatter-related Ångström exponent.

3.2 Intensive optical properties at 355 and 532 nm

3.2.1 Data collection

Figure 3.1 shows a collection of ground-based observations of lidar ratio and particle linear

depolarization ratio (at 355 nm) acquired during different field campaigns at different loca-

tions using mainly (but not only) Polly lidar systems, which are part of the TROPOS-led

PollyNET (Baars et al., 2016). In addition to a basic experimental data set published in
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Illingworth et al. (2015), new findings and new aerosol types identified during recent mea-

surement campaigns have been added to consolidate and extend both the basis of HETEAC

and the typing approach proposed in this thesis (described in Ch. 4).

All these different data points have been determined and identified using the same

standard methodology. The first step is the identification of the aerosol layers followed by

calculations of the layer-mean aerosol properties. Then these layer-mean aerosol properties

can be attributed to one aerosol type or to a mixture. To further support the aerosol type

characterization, an air mass source attribution scheme is usually applied to the selected

case.

Figure 3.1: Intensive optical properties of different aerosol types, measured at 355 nm mainly
within the PollyNET framework. Measurements from SAMUM–2 and Eyjafjallajökull (vol-
canic ash) were performed also with the Raman-polarization lidars POLIS (University of
Munich).

The smoke category (depicted by black/purple circles in Fig. 3.1), which so far included

data from the EUCAARI campaign in the Amazon Basin in 2008, was significantly ex-
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tended (with respect to the HETEAC basis) to include smoke observations from other

locations and from other fire types (e.g., smoldering or flaming combustion). Tropospheric

and stratospheric smoke observations from the most recent field campaign DACAPO-PESO

at Punta Arenas, Chile have been included in the basis (Floutsi et al., 2021; Ohneiser et al.,

2020). For the stratospheric observations, the smoke particles originated solely from the

record-breaking Australian wildfires of January 2020, while for the tropospheric observa-

tions, smoke particles originated also from fires that occurred in South America. Data for

smoke from boreal forest fires in western Canada that reached and was observed above

Central Europe (Leipzig, Germany) in 2017 were also included (Haarig et al., 2018). The

collection of tropospheric smoke observations (originating from various locations and ob-

served above Europe) by Haarig et al. (2018) was also incorporated. These observations

gave new insights in the highly variable nature of the optical properties of smoke particles.

Especially the different properties of smoke in the troposphere and stratosphere (resulting

from Pyrocumulonimbus convection) were not realized before the 2017 smoke event and

were first published by Haarig et al. (2018) and Ansmann et al. (2018). Smoke observations

acquired during the MOSAiC campaign in the Arctic were also added to the basis (Ohneiser

et al., 2021). The smoke particles originated mainly from wildfires in Siberia that occurred

in July and August 2019 and reached stratospheric heights due to self-lifting effects. Smoke

observations conducted at Elandsfontein, South Africa were considered as well (Giannakaki

et al., 2016). These smoke observations exhibit a wide range of optical properties (due to

differences in their chemical composition) and broaden even further the regional scales at

which measurements were conducted.

The dust category considered for the development of HETEAC is based on Saharan dust

observations that were conducted at Cape Verde during the SAMUM–2 campaign in 2008

(Groß et al., 2011). In the present study, this category (depicted by orange/red rhombuses

in Fig. 3.1) has been extended to include Saharan dust observations over various locations

(e.g., over Portugal (Preißler et al., 2011), over Leipzig (Baars et al., 2016) and all the

Saharan dust observations provided in Baars et al. (2016)). Saharan dust measurements

from the first SAMUM campaign were also added (adapted from Tesche (2011) and Müller

et al. (2007)). Since the Eastern Mediterranean has been characterized as a hotspot for

climate change, measurements and monitoring of the aerosols over that region have been

intensified. Therefore, dust data from Cyprus obtained during the CyCARE campaign

(Ansmann et al., 2019) were added to the basis (brown/yellow squares in Fig. 3.1). The

dust particles observed above Cyprus originate either from the Saharan desert or the Middle

Eastern deserts (e.g., the Arabian desert) or are a mixture from both sources. Therefore,

their optical properties can be differentiated from the Saharan dust category. The CADEX

campaign (already mentioned in Ch. 2) advanced the knowledge of the optical properties of
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Central Asian dust. In particular, it was revealed that desert dust particles originating from

the Central Asian region exhibit lidar ratio values that are lower than those of dust particles

originating from the Saharan desert dust and comparable to the ones of dust particles

originating from the Middle Eastern deserts (Hofer et al., 2017). Therefore, Central Asian

dust measurements conducted in the framework of CADEX at Dushanbe, Tajikistan have

been added to the basis as a separate dust aerosol type (green/yellow rhombuses in Fig. 3.1,

Hofer et al. (2017)).

In HETEAC, the measurements considered for marine particles (i.e., sea salt) were

obtained during the SAMUM–2 campaign in Cape Verde. This category (blue/black cir-

cles in Fig. 3.1) has been extended with additional measurements from the North Atlantic

(reported in Groß et al. (2013)), to cover a broader geographical region. Recent marine

boundary-layer measurements from PollyXT on board of the German research vessel Po-

larstern (PS) have been included to the experimental basis (blue/black circles in Fig. 3.1,

Bohlmann et al. (2018)). Marine aerosol appears to have always similar optical proper-

ties regardless of its origin. However, in dry atmospheric conditions marine particles show

significantly higher depolarization ratio values. Dry marine particles were observed (and

measured) in the same PS cruise (Bohlmann et al., 2018) and have been introduced in the

basis as a separate aerosol type (blue/red rhombuses in Fig. 3.1). In addition, the marine

mixtures in the boundary layer that were observed during this cruise are now part of the

basis as an additional aerosol category (blue/white circles in Fig. 3.1).

The “Central European background” aerosol type has been introduced for the first time.

It includes measurements of the background aerosol load in a typical Central European

region (performed at Leipzig, Germany). The optical values of this type (yellow/green

triangles in Fig. 3.1) are similar to HETEAC’s aerosol type “Pollution” (Illingworth et al.,

2015) and depict exactly the close relation of those two aerosol types.

The categories of aerosol mixtures have been also extended and refined with respect

to those presented in Illingworth et al. (2015) (namely “Dust and Smoke” and “Dusty

mixtures”). For instance, the “Dusty mixtures” category in Illingworth et al. (2015) has

been renamed into “Dust and Marine” to better reflect the aerosol types present in the

mixture. New mixtures, such as Saharan dust and African biomass-burning aerosol (adapted

from Baars et al. (2016)), were also included in the broader “Dust and Smoke” category

(brown squares in Fig. 3.1).

As mentioned already, the typing methodology proposed in this work is applicable to

multiwavelength ground-based lidars and, therefore, the experimental basis has been ex-

tended to include optical properties of different aerosol types at 532 nm. Fig. 3.2 shows the

same collection of ground-based observations of lidar ratio and particle linear depolariza-

tion ratio as Fig. 3.1, but for 532 nm. In some cases, optical information was missing for
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532 nm, but also some additional measurements were added: Saharan dust measurements

over Portugal (Preißler et al., 2011), urban aerosol observations over the Pearl River Delta

in Guangzhou, China (Heese et al., 2017), pollution observed above Leipzig and dust and

pollution mixtures from India and Southeast Asia (Clarke et al., 2002).

Figure 3.2: Intensive optical properties of different aerosol types, measured at 532 nm
mainly within the PollyNET framework. Measurements from SAMUM–2 were performed
with the Raman-polarization lidar POLIS (University of Munich).

The basis presented here corroborated previous findings and provided new insights re-

garding aerosol types. In addition, the basis is regularly updated aiming to provide a

comprehensive climatology of the optical properties of the different aerosol types at differ-

ent wavelengths. Currently, measurements (especially particle linear depolarization ratios)

at the wavelength of 1064 nm are limited. However, we wish to extend the basis for that

wavelength too, since spectrally resolved aerosol-type-linked intensive aerosol parameters

are of great importance for aerosol typing. In a recent study, Haarig et al. provided the
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first-ever lidar measurements of the lidar ratio and particle linear depolarization ratio for

desert dust particles at all three lidar wavelengths (355, 532 and 1064 nm). The results are

very promising and particularly helpful towards the extension of the basis. The full list of

the aerosol types considered in the creation of the experimental basis presented in this work

as well as the data sources are summarized in Tab. 3.1.

Table 3.1: Reference list for the optical properties of the aerosol types used in the creation
of the experimental basis.

Aerosol type Reference

Volcanic Ash
Groß et al. (2012), Baars et al. (2016) and references

therein

Smoke

Müller et al. (2007), Baars (2011)1, Tesche (2011)2, Groß
et al. (2013), Baars et al. (2016) and references therein,
Giannakaki et al. (2016), Floutsi et al. (2021)3, Haarig

et al. (2018) and references therein, Ohneiser et al. (2021)4

Stratospheric
Smoke

Haarig et al. (2018) and references therein, Ohneiser et al.
(2020)3

Saharan Dust
Müller et al. (2007), Groß et al. (2011), Tesche (2011)2,
Kanitz et al. (2013), Baars et al. (2016) and references

therein

Central Asian
Dust

Hofer et al. (2020)5

Middle Eastern
Dust

Müller et al. (2007)

Dust and Smoke
Tesche (2011)2, Groß et al. (2013), Kanitz et al. (2013),

Giannakaki et al. (2016), Baars et al. (2016) and references
therein

Pollution
Groß et al. (2013), Kanitz et al. (2013), Giannakaki et al.

(2016), Baars et al. (2016) and references therein,
measurements at Leipzig (2018-2020)

Dust and
Pollution

Müller et al. (2007), Baars et al. (2016) and references
therein

Dried Marine Bohlmann et al. (2018)

Clean Marine
Müller et al. (2007), Groß et al. (2011), Groß et al. (2013),

Bohlmann et al. (2018)

Marine Mixture Bohlmann et al. (2018)

Dust and Marine Groß et al. (2011)

Central European
Background

Müller et al. (2007), measurements at Leipzig (2018)

1EUCAARI, 2SAMUM 3DACAPO-PESO, 4MOSAiC, 5CADEX

As both Fig. 3.1 and Fig. 3.2 indicate, the different pure aerosol types and their mixtures

spread over the 2D domain of the intensive particle parameters lidar ratio and linear depo-

larization ratio. On the bottom left corner, we observe the so-called marine aerosols, which
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consist mainly of coarse, water-soluble spherical sea-salt particles. Due to their large size

and low absorptivity, they produce low lidar ratios (of the order of 20–30 sr) and due to their

sphericity, they show low depolarization ratios (lower than 5%). Ångström exponents are

also low for this aerosol type (Cattrall et al., 2005; Müller et al., 2007; Burton et al., 2012).

However, marine particles adopt a cubic-like shape when exposed to dry atmospheric condi-

tions (with relative humidity lower than 45%) and can then produce higher depolarization

ratios (Haarig et al., 2017; Bohlmann et al., 2018). This fact was not realized earlier, e.g.,

in Illingworth et al. (2015) or in typing schemes such as the one of CALIPSO (Sec. 2.2) and

may have led to misclassification of this specific type (falsely classified as dust mixture). On

the top left corner, we observe a cluster of particles identified as smoke/biomass-burning

aerosol (BBA) particles. Smoke/BBA particles consist mainly of fine, nearly spherical,

partly water-soluble and partly insoluble particles and are usually much more absorbing

than other particle types. Typically, due to their small size and sphericity BBA parti-

cles produce low depolatization ratios (lower than 5%). The kind of burning (flaming or

smoldering fires) influences the size of the smoke particles and the released amount of soot

(insoluble material) and, thus, the optical properties of this aerosol type. The age of the

observed smoke particles also is a crucial parameter determining their optical properties

(Wandinger et al., 2002; Müller et al., 2005; Amiridis et al., 2009). Lidar ratios for aged

smoke are higher than the ones for fresh smoke (Burton et al., 2012; Haarig et al., 2018), a

fact that is well captured in the experimental basis (Fig. 3.1) given the wide range of lidar

ratios for smoke (ranging from 50 up to 120 sr). Particles defined as pollution can be found

near to the smoke/BBA cluster, exhibiting similar optical properties. The main difference

in those two clusters is the absoptivity of the particles present, which is determined by the

contribution of soot particles (Cattrall et al., 2005; Müller et al., 2007). Pollution aerosol

consists of fine, nearly spherical and weakly to moderately absorbing particles. Typical lidar

ratio values range from 50 to 70 sr depending on the soot content of the particles, while

due to their sphericity they do not cause significant depolarization of the backscattered

light. Another pure aerosol type comprises the dust particles. Their optical properties are

very different compared to those of the other aforementioned aerosol types, which makes

them, easily identifiable. Dust aerosol consists of coarse, non-spherical particles leading

to moderate lidar ratios (40–60 sr, Mattis et al. (2002)), but significant depolarization of

the backscattered light (20–35%, Freudenthaler et al. (2009)). Lidar ratios for desert dust

aerosols vary regionally, e.g., Central Asian dust particles tend to have lower lidar ratios

than Saharan dust particles, allowing thus even the identification of the source origin.

Mixtures of the aforementioned pure aerosol types appear to be scattered “in between”

those pure clusters, exhibiting intermediate values of lidar ratio and particle linear depo-

larization ratio (Fig. 3.1, Fig. 3.2) and making thus the classification process much more
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challenging. In such cases, the Ångström exponent can be used as an additional source

of information, which serves as a proxy for aerosol particle size. Larger values of the

extinction-related Ångström exponent indicate smaller particles and vice versa. This fact

is illustrated in Fig. 3.3, which depicts two aerosol mixtures (isolated from Fig. 3.1) in a 3D

domain of intensive optical properties (lidar ratio, particle linear depolarization ratio and

extinction-related Ångström exponent). Both mixtures contain dust and one more aerosol

component, which in one case is marine aerosol and in the other smoke aerosol (blue cir-

cle and brown square in Fig. 3.3, respectively). The two mixtures appear to have similar

optical properties when considering lidar ratio and particle linear depolarization ratio, but

the extinction-related Ångström exponent differs significantly. In the case of dust/marine

mixture the extinction-related Ångström exponent has a value of 0.55±0.22, indicating that

the mixture consists of coarse particles. On the other hand, for the dust/smoke mixture

the extinction-related Ångström exponent has a value of 1.10±0.20, indicating the presence

of fine particles in the mixture. Thus, the Ångström exponent should be considered for

aerosol typing and classification purposes, if available, as a qualitative indicator of aerosol

particle size.

Figure 3.3: Lidar ratio (S), particle linear depolarization ratio (δ) at 355 nm and extinction-
related Ångström exponent (AE) at the wavelength pair 355/532 nm for two aerosol mix-
tures. Errors have been omitted for readability.

3.2.2 Statistical analysis of intensive optical properties

Based on the datasets presented in Fig. 3.1 and Fig. 3.2, statistics of the intensive optical

properties can be calculated. The statistics are an efficient way to summarize what has been
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already discussed in Sec. 3.2.1, regarding the optical properties, and provide useful insights

on the distribution of the data. For the pure aerosol clusters, the statistics are presented

in the form of boxplots, in Fig. 3.4 and Fig. 3.5 for the 355 nm and 532 nm wavelengths,

respectively. In the boxplots presented here, minimum and maximum values are indicated

by the lower and upper whisker, median and mean values by the red lines and rhombuses,

respectively. The lower part of each box indicates the 25% percentile and the upper part

the 75% percentile. Red crosses represent the outliers.

As Fig. 3.4 indicates, the smoke cluster exhibits a positively skewed distribution for the

lidar ratio and for the particle linear depolarization ratio. This means that more than half

of the smoke data points have a lidar ratio lower than the mean lidar ratio (64 sr) and

similarly a particle linear depolarization ratio lower than the mean depolarization ratio

(3%). The data distribution for the marine and the dust lidar ratio as well as the marine

and the pollution particle linear depolarization ratio is positively skewed. The only cases

with a negatively skewed distribution are for the pollution lidar ratio and the dust particle

linear depolarization ratio.

On the other hand, in Fig. 3.5, the distribution of the smoke and the dust lidar ratio

is negatively skewed, while for the same categories the distribution of particle linear depo-

larization ratio is positively and negatively skewed, respectively. The data distribution for

the pollution category is positively skewed for both lidar ratio and particle linear depolar-

ization ratio. A symmetric data distribution (mean=median) is observed for the lidar ratio

of marine particles, while for the same aerosol type the particle linear depolarization ratio

distribution is positively skewed. The mean values of the intensive properties that were

presented in Fig. 3.1 and Fig. 3.2, are listed in Table 3.2.

It should be noted that, since the data for each aerosol type are collected from vari-

ous sources (see Tab. 3.1), naturally they exhibit a variation in the number of data points

per aerosol category (i.e., not equal distribution of the data points for the different aerosol

types). In addition, measurements were performed by different lidars and, therefore, not

all intensive optical parameters are always available for all the observations (e.g., lidar ra-

tio available only at one wavelength, or information on depolarization completely missing).

Nevertheless, all available measurements were considered for the creation of the experimen-

tal basis and the statistical analysis presented here. To be more specific, the number of

samples for the lidar ratio at 355 nm were 112, 38, 32 and 43 for smoke, marine, pollution

and dust category, respectively. Similarly, 53, 37, 21, and 43 samples (same aerosol type

order as above) were considered for the lidar ratio at 532 nm. The number of samples for

the particle linear depolarization ratio at 355 and 532 nm were 203, 38, 28, 38 and 161, 34,

14, 34, respectively.
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Figure 3.4: Statistics of the lidar ratio (left) and particle linear depolarization ratio (right)
at 355 nm for the four most commonly found pure aerosol types. It should be noted that
for the dust category all dust measurements, regardless of their source origin, have been
considered.

Figure 3.5: Statistics of the lidar ratio (left) and particle linear depolarization ratio (right)
at 532 nm for the four most commonly found pure aerosol types. It should be noted that
for the dust category all dust measurements, regardless of their source origin, have been
considered.

3.3 Aerosol components

From the experimental basis presented here (Fig. 3.1 and 3.2), four pure and most com-

monly occurring aerosol types are distinguished and the rest are mixtures containing at

least two of these pure aerosol types. The pure aerosol types are smoke, marine, (aerosol

of) anthropogenic (origin) (e.g., pollution, urban aerosol) and desert dust aerosol. These
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Table 3.2: Mean values of intensive properties at 355 and 532 nm, as derived from the
respective experimental basis.

Aerosol type S355 (sr) δ355 (%) S532 (sr) δ532 (%)

Smoke 64 3 79 2

Marine 22 1 22 1

Pollution 54 1.8 53 3

Dust 48 24 42 31

aerosol types can be “translated” into aerosol components, with predefined microphysical

and optical properties that reflect the aerosol types observed in nature. Even though there

are other aerosol types that could also be considered as aerosol components, (e.g., volcanic

ash or stratospheric smoke), we only consider these four to ensure consistency with HET-

EAC and the experimental findings. Two components are fine-mode particles, namely the

fine spherical absorbing (FSA) and the fine spherical non-absorbing (FSNA) component,

while the other two are coarse-mode particles, namely the coarse spherical (CS) and the

coarse non-spherical (CNS) component.

The FSA aerosol component, as the name indicates, describes aerosol of fine mode,

spherical in shape and highly absorbing. It can therefore be associated with aerosol from

direct combustion processes (e.g., smoke). When this component is present in an aerosol

mixture, it can be used as a qualitative proxy for the amount of insoluble soot contained

in that mixture. The FSNA component is from a microphysical perspective the same as

FSA, but less absorbing (smaller imaginary part of the refractive index). This component

can be associated with aerosol of anthropogenic origin (e.g., industrial pollution mixtures).

CS describes coarse mode, water-soluble particles, usually associated with sea salt particles,

under humid conditions. The spherical assumption holds with the exception of very dry

conditions (as described in Haarig et al. (2017)). This component has a weak absorption

efficiency. Finally, the CNS can be associated with dust particles. The shape of this

component can be approximated by the spheroidal representation (Dubovik et al., 2006;

Gasteiger et al., 2011). CNS is a component with relatively high absorption efficiency,

although a great variety of values can be found in literature.

These four aerosol components are considered in HETEAC and in the retrieval scheme

proposed below, because they can represent most of the aerosol conditions found in the

cloud-free atmosphere. The main idea behind this is that any aerosol type or aerosol mix-

ture can be assumed to be an external mixture of these components. In this case, external

mixture means that there is no physical or chemical interaction between the particles of the

different aerosol components (Hess et al., 1998). Having an estimation of the composition

of an aerosol mixture, in terms of pre-defined aerosol components, allows for radiative-

transfer calculations. In principle, the aerosol components could be extended to include
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more aerosol types, but due to the lack of independent information that is currently lead-

ing to a much more ill-posed problem, here only the four aforementioned components are

considered. Further details regarding the microphysical and optical properties of these four

aerosol components are provided in Sec. 4.1.3.
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Chapter 4

Methodology

In this chapter, a detailed description of the aerosol typing algorithm, along with its main

constituents, output and additional products, is provided. In addition, the aerosol typing

scheme is applied to four individual measurements from the experimental basis presented

in Ch. 3. Each measurement corresponds to one of the basic aerosol categories, represented

by one of the basic aerosol components considered in this typing scheme. The fifth mea-

surement discussed here is a complex mixture of smoke, dust and marine particles. In

all the aforementioned cases, the aerosol load has been well characterized beforehand and,

therefore, the application of the typing scheme in these cases serves mainly as a proof of

concept.

4.1 Retrieval methodology

The focus of this work is the retrieval of the aerosol components present in an aerosol mixture

and their corresponding contributions, from ground-based remote-sensing lidar systems.

This novel aerosol typing scheme applies the optimal estimation technique (see below) to a

combination of lidar-derived intensive aerosol properties to estimate the contribution of the

different aerosol components in terms of relative volume. The retrieval methodology along

with its key features is presented in this chapter.

4.1.1 Optimal estimation method

In general, the optimal estimation method (OEM) is a nonlinear regression scheme ap-

plied to determine the statistically most-likely conditions to produce a given measurement,

weighted against a priori knowledge of the system under investigation. Figure 4.1 gives a

brief overview of the retrieval framework. In basic terms, the process starts with an initial

guess of the state vector (xxxα, i.e., the relative volume contribution per aerosol component),

35
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which is iteratively modified such that the modelled intensive optical properties match those

observed by the lidar (yyy), resulting in the most probable estimated state (x̂̂x̂x). The problem is

ill-posed, since several different states may produce the same measurements and, therefore,

a priori information is needed to constrain the state space (or solution space).

Figure 4.1: Generalized concept of the optimal estimation method.

As outlined in Rodgers (2000), optimal estimation solves the inverse problem:

yyy = FFF (xxx,bbb) + εεε, (4.1)

where yyy is a column vector describing the lidar measurements, εεε is the corresponding noise

(error) of these measurements and FFF(xxx,bbb) the forward model that translates a state of the

instrument and atmosphere, summarised by unknown parameters (xxx) and known parameters

(bbb), into a simulated measurement. The probability that the system has a state (xxx), given

the measurements (yyy), can be found by approximating the probability density function

(PDF; P) for all quantities as Gaussian, and using Bayes’ theorem:

− 2lnP (xxx∣yyy) = [yyy −FFF (xxx,bbb)]TSSS−1
ε [yyy −FFF (xxx,bbb)] + [xxx −xxxα]TSSS−1

α [xxx −xxxα], (4.2)

where the covariance matrix SSSε describes the measurement errors and xxxα the initial guess of

the state (also referred to as the a priori state). The uncertainty in that expectation for the

initial guess of the state is described by the a priori covariance SSSα. The quantity −2lnP (xxx∣yyy)
is hereafter referred to as the cost, as it measures the goodness of fit for a solution. The
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iterational process converges where the costs are minimum, and that is the most probable

state or the so-called optimal solution x̂̂x̂x. Evaluation ceases after the cost function decreases

by much less than the number of measurements (i.e., 1/10 of the measurement’s freedom

degrees) or automatically after 30 iterations, which is considered a failure to converge. For

clarity, the notation of Rodgers (2000) is followed throughout this dissertation.

4.1.2 State and measurement vectors

The quantities to be retrieved are represented by the state vector xxx. This vector contains

information on the relative contribution of the aerosol components (to the total aerosol

volume) present in an aerosol mixture. As mentioned earlier (Sec. 3.3), every aerosol mixture

is assumed to be consisting of a maximum of four basic aerosol components, two fine modes

(spherical absorbing and spherical non-absorbing; FSA and FSNA, respectively) and two

coarse modes (spherical and non-spherical; CS and CNS, respectively). Therefore, the state

vector consists of four dependent and continuous (in the interval [0, 1]) variables. The

basic aerosol components considered here enable the estimation of several extensive optical

properties (see Sec. 4.1.5). More details on the aerosol components and their optical and

microphysical properties are given in Sec. 4.1.3.

The initial guess of the state vector xxxα, along with its covariance matrix SSSα, is needed

to start the iterational process. In the OEM, a priori information is used to regulate the

ill-posed retrieval problem, making use of existing knowledge of the atmosphere and making

the solution a physically meaningful result. The retrieval is thus sensitive to the choice of

xxxα, which for this retrieval scheme is the output of a decision tree (see Sec. 4.1.4), while

the setting of SSSα, which describes the estimated uncertainty of the initial-guess state vector

elements as well as the correlation between the state vector elements, is a very controversial

part of the OEM, since it might constrain the solution space inappropriately (by forming a

subspace in which the solution must lie, with the correlations rejecting unrealistic solutions).

In this study and for the given nature of xxx, there is no manner in which an exact covariance

SSSα can be derived (e.g., based on existing observations as in Foth and Pospichal (2017)) and

hence, it is set in a parametric way. Since SSSα reveals the variability of the state vector, it is

also used partly as a tuning parameter, meaning that the variances of the aerosol components

are given with some margin with respect to the true values expected (Sec. 3.2), to maintain

as much as possible the measurement information. The covariances (non-diagonal elements)

are set to zero, since no relationship between the elements of the state vector is observed

in nature, i.e., every basic aerosol component can coexist independently from the others

and there is no correlation between them (e.g., the existence of absorbing particles does not

prohibit or favor the existence of non-absorbing particles etc.). However, setting SSSα to a

purely diagonal matrix translates to a stronger regularisation (Rodgers, 2000).
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The quantities actually measured to retrieve the state vector xxx are represented by the

measurement vector yyy. This vector includes the intensive optical properties of the aerosol

layer of interest, measured by lidar. To be more specific, the properties considered in

this retrieval scheme are (in the order of appearance in the vector): the particle linear

depolarization ratio at 355 nm, the lidar ratio at 355 nm, the extinction-related Ångström

exponent (for the wavelength pair of 355/532 nm), the particle linear depolarization ratio at

532 nm, the lidar ratio at 532 nm and the backscatter-related color ratio (for the wavelength

pair of 532/1064 nm). These intensive optical properties were chosen because they have

high typing discrimination power (see Sec. 3.1). It should be noted that the measurement

vector yyy can contain different combinations of the aforementioned properties, depending on

the lidar capabilities and measurement availability (e.g., in the case of EarthCARE only

the 355 nm particle linear depolarization ratio and lidar ratio will be present in the vector).

Since measurements are made to a finite accuracy, the corresponding measurement errors

are included in the diagonal matrix SSSε.

4.1.3 A priori aerosol components

The microphysical and optical properties of the four basic aerosol components considered in

this retrieval scheme (i.e., FSA, CS, FSNA and CNS) are utilized as a priori information,

which facilitates the construction of the forward model (discussed in Sec. 4.1.5). As men-

tioned already, the aerosol components along with their microphysical properties are the

same as the ones defined in HETEAC (Sec. 2.5). The microphysical properties for the four

aerosol components are summarized in Tab. 4.1. The effective radius (reff) is set to 0.14 µm

for the fine-mode particles and to 1.94 µm for the coarse-mode particles. Together with

the mode radius for the number and volume size distributions (r0,N and r0,V, respectively),

these quantities reflect the differences in the size of the particles. The real part of the

refractive index at 355 nm (mR) is the highest for the CNS component, slightly lower and

comparable for the two fine-mode aerosol components (FSA and FSNA) and the lowest for

the CS component. On the other hand, the imaginary part of the refractive index at 355 nm

(mI) is the highest for the FSA component, followed by the CNS and FSNA components,

and finally the CS component. The refractive index reflects the chemical composition of

the aerosol particles.

The scattering properties per unit particle volume (e.g., 1 µm3/cm3) of the four different

aerosol components that are used directly in the OEM scheme (Eq. (4.3–4.6)) as a priori in-

formation are summarized in Tab. 4.2. For HETEAC, these properties have been calculated

with a Mie scattering model for spherical particles (FSA, FSNA, CS) and with Dubovik’s

spheroid model (Dubovik et al., 2006) by assuming the spheroidal distribution of Gasteiger

et al. (2011) for non-spherical particles (CNS). However, since HETEAC is optimized for
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the wavelength of EarthCARE’s ATLID (355 nm) and the calculated properties hold for

idealized spheres and spheroids, the scattering properties used in the OEM-based aerosol

typing scheme have been slightly adjusted to meet the experimental findings (Sec. 3.2). In

particular, adjustments were made in the 532 nm backscatter coefficient per unit particle

volume for the CNS aerosol component (a decrease of 0.013 in the case of CNS based on

Saharan dust observations). In addition, the particle linear depolarization ratio (per unit

particle volume) for the FSA, FSNA and CS aerosol components is zero in HETEAC, but

adjusted for the OEM-based typing scheme to better reflect the observations (Sec. 3.2).

The depolarization ratio (per unit particle volume) for the CNS aerosol component was

also slightly decreased for 355 nm and increased for 532 nm in the OEM typing scheme. At

the same time, the microphysical properties used in the OEM scheme (Tab. 4.1) were de-

liberately kept the same as in HETEAC, since the adjustments were small and consistency

between these two approaches is important in terms of cross-validation of the algorithms

and further support for the EarthCARE mission.

Table 4.1: Microphysical properties of the four basic aerosol components used to simulate
multimodal particle distributions in HETEAC and OEM. reff stands for the effective radius,
r0,N and r0,V for the mode radius of the number and volume size distributions, respectively,
σ for the mode width (variance) and mR and mI represent the real and imaginary part of the
refractive index, respectively, at two distinctive wavelengths 355 and 532 nm, respectively.

Fine mode
absorbing

Fine mode
non-absorbing

Coarse mode
spherical

Coarse mode
non-spherical

reff (µm) 0.14 0.14 1.94 1.94

r0,N (µm) 0.07 0.07 0.788 0.788

r0,V (µm) 0.1626 0.1626 2.32 2.32

σ 0.53 0.53 0.6 0.6

mR 1.50, 1.50 1.45, 1.44 1.36, 1.36 1.54, 1.53

mI 4.3e−2, 4.3e−2 1.0e−5, 1.0e−3 1.0e−8, 1.0e−9 6.0e−3, 3.0e−3

Shape rep-
resentation

Spherical Spherical Spherical

Spheroid
distribution
(Gasteiger

et al., 2011)

Figure 4.2(a) shows two of the resulting intensive optical properties (at 355 nm) for the

four basic aerosol types and their multimodal external aerosol mixtures obtained by using

the optical properties of Tab. 4.2. The different aerosol mixtures have been calculated with

a step of 5% in terms of relative volume (per aerosol component), while the sum of all

the aerosol components is always equal to 100%. The external mixing assumption leads

to straight connecting lines in the optical parameter space. As it can be seen, most of the

multimodal mixtures produce lidar ratios between 40 and 80 sr and depolarization ratios
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Table 4.2: Optical properties of the four basic aerosol components at two wavelengths (355
and 532 nm). α∗ and β∗ are calculated per unit particle volume (1 µm3/cm3).

Aerosol component α∗ (Mm−1) β∗ (Mm−1sr−1) δ∗ S (sr)

355 532 355 532 355 532 355 532

FSA 10.7 6.45 0.09 0.07 0.024 0.024 117.3 93.8

CS 0.88 0.94 0.051 0.049 0.035 0.035 17.4 19.2

FSNA 9.61 5.03 0.16 0.08 0.033 0.033 60.9 59.3

CNS (Saharan) 0.93 0.97 0.016 0.018 0.24 0.33 57.9 55.0

CNS (Asian) 0.93 0.97 0.022 0.024 0.25 0.28 43.3 40.0

between 2.4% and 5%. Such values are indeed most often observed in nature. It should be

noted that a considerable change of the optical parameters is observable only when one of

the components starts dominating the mixture. In addition, a large contribution of dust

is needed to cause a considerable particle linear depolarization ratio. Similarly, very large

or very small lidar ratios are produced only when the small, spherical, strongly absorbing

component or the coarse spherical component dominates, respectively. Similar behavior is

observed also for the intensive optical properties at 532 nm (see Fig. 4.2(b)).

Figure 4.2: Simulated values of lidar ratio versus particle linear depolarization ratio at (a)
355 nm and (b) 532 nm, for multimodal mixtures (grey open circles) of four basic aerosol
components (rhombuses) based on Tab. 4.2.

Similarly to Fig. 4.2, Fig. 4.3 shows the extinction-related Ångström exponent versus

the particle linear depolarization ratio (a) and lidar ratio (b), both at 355 nm for the four

basic aerosol types and their multimodal external aerosol mixtures. Again, the different

aerosol mixtures have been calculated with a step of 5% in terms of relative volume (per



4.1. RETRIEVAL METHODOLOGY 41

aerosol component). The 2D spaces created by the different optical parameters are different

compared to the respective ones in Fig. 4.2. The coarse-mode aerosol components (i.e., CS

and CNS) exhibit extinction-related Ångström exponent values of around zero, while the

fine-mode aerosol components (i.e., FSA and FSNA) show extinction-related Ångström ex-

ponent values above unity. It can be seen that most multimodal external aerosol mixtures

have extinction-related Ångström exponent values ranging between 0.8 and 1.4. A small

Ångström exponent requires high relative volume contributions of coarse-mode aerosol par-

ticles and therefore not so many aerosol mixtures (simulated) have low Ångström exponent

values.

Figure 4.3: Same as Fig. 4.2, but for the extinction-related Ångström exponent versus the
particle linear depolarization ratio (a) and lidar ratio (b) at 355 nm.

4.1.4 Decision tree

As mentioned in Sec. 4.1.2, the initial guess xxxα that is used to kick off the OEM is an output

of a decision tree (Fig. 4.4). The decision tree is created based on aerosol optical parameters

with high discriminatory power from the experimental basis presented in Sec. 3.2. To be

more specific, the root node (topmost node) contains the mean aerosol layer values of S and

δ (either at 355 or 532 nm). The first splitting parameter is the particle linear depolarization

ratio (δ), which has been already found to have the highest discriminatory power (Sec. 2.3,

Burton et al. (2012)). As Fig. 4.4 indicates, the highest value of particle linear depolarization

ratio considered is 0.35. Aerosol particles exhibiting particle linear depolarization ratios

higher that 0.35, such as volcanic-ash, are not considered in the OEM-based aerosol typing

scheme and, therefore, are excluded from the decision tree. Further splitting is then done

by the lidar ratio S. In the end, the terminal nodes contain the different labels along with
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the corresponding values of the initial guess of the state vector xxxα. While the terminal node

labels contain the names used for the aerosol components, they should not be confused

with the components themselves and therefore are accompanied with an asterisk (*). The

asterisk indicates which aerosol component (or components in the case of mixtures) should

be considered as dominant in the initial guess of the state vector xxxα. For instance, the label

CS* indicates that based on the lidar observations, an initial guess of the state vector where

CS particles are dominant should be considered. The different sets of the initial guess of

the state vector are provided in Tab. 4.3.

Figure 4.4: Decision tree used for the determination of the initial guess of the state vector
(xxxα) in the OEM typing scheme. Unit for S is sr.

Table 4.3: Sets of initial guesses for the state vector (xxxα), based on the terminal node label
of the decision tree (Fig. 4.4).

Terminal node
label

FSA CS FSNA CNS

CS* 0.05 0.85 0.05 0.05

FSNA* 0.05 0.05 0.85 0.05

FSA* 0.85 0.05 0.05 0.05

CS*/FSNA* 0.0 0.5 0.5 0.0

FSNA*/FSA* 0.5 0.0 0.5 0.0

CNS*/CS* 0.0 0.7 0.0 0.3

CNS*/FSNA* 0.0 0.0 0.7 0.3

CNS*/FSA* 0.7 0.0 0.0 0.3

CNS* 0.0 0.0 0.0 1.0

The relative volume contributions of each aerosol component used as the initial guess

of the state vector xxx (Tab. 4.3) are chosen to some extent arbitrarily (i.e., there is no way

to determine the exact relative volume contributions), but at the same time they clearly

reflect the dominant components in the state vector. As a general rule, when the decision
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tree returns a terminal node label with only one aerosol component as dominant, then

its relative volume contribution is set to 0.85 and all the other components are set to

0.05 (to reach a total relative volume of 1), with the exception of the CNS component.

When the CNS aerosol component is dominant, then its relative volume contribution is

set to 1. Mixtures with two components are treated in a way that takes into account the

particle linear depolarization ratio values. Mixtures that do not include the CNS component

(i.e., associated with depolarizing particles) have equal contributions of the two dominant

components (relative volume contributions of 0.5 for each) and the other two components

are set to 0. In mixtures where the CNS component appears as one of dominant two

components, the relative volume contributions of these components is distributed as 0.7

and 0.3, with the lowest contribution being assigned to the CNS component. That is

because the CNS component is the only component with such high value of particle linear

depolarization ratio and depending on the case, the OEM might need to adjust (through

the corresponding Jacobian) quite a lot the initial guess before convergence is met.

4.1.5 Forward model

As mentioned in the OEM introduction (Sec. 4.1.1), a forward model FFF(xxx,bbb) is needed for

the transformation of the state space to the observation space via utilizing the a priori

information (bbb). In this retrieval scheme, aerosol mixtures comprise four different aerosol

components and therefore a multimodal representation is needed. The multimodal repre-

sentation takes into account different aerosol size modes, refractive indexes and particle

shapes for each mode (e.g., mixtures of dust and smoke). Currently, appropriate scattering

models are missing. For instance, the Dubovik model (Dubovik et al., 2006) can handle

bimodal size distributions, but only with constant refractive index and shape distribution

for all sizes. Thus, to obtain the intensive optical parameters of multimodal aerosol com-

positions, mixing rules have to be applied. For each component, the scattering properties

per unit particle volume are predefined (Tab. 4.2, Sec. 4.1.3). The optical parameters of

interest are then derived from the extinction and backscatter coefficients per unit volume

(α∗λ, β∗λ, respectively), the particle linear depolarization ratio (δ∗λ) of the aerosol components

(indexed with j) and the relative volume contribution (x) of all modes as follows (below,

λ has been omitted from the first two equations for the sake of clarity, as the scattering

properties are at the same wavelength):

δ =
∑xjβ

∗
j

δ∗j
1+δ∗j

∑xjβ∗j
1

1+δ∗j
, (4.3)



44 CHAPTER 4. METHODOLOGY

S =
∑xjα

∗
j

∑xjβ∗j
, (4.4)

Å =
ln(∑

xjα
∗

j,λ1

∑xjα∗j,λ2
)

ln(λ1λ2 )
, (4.5)

Cβλ1/λ2 =
∑xjβ

∗
j,λ1

∑xjβ∗j,λ2
. (4.6)

All four equations presented above (Eq. (4.3–4.6)) assemble the forward model. The

first forward model equation (Eq. (4.3)) simulates the particle linear depolarization ratio,

the second one the lidar ratio (Eq. (4.4)), the third one the extinction-related Ångström

exponent (Eq. (4.5)) and the last one the backscatter-related color ratio (Eq. (4.6)). De-

pending on the available measurements in the measurement vector (yyy), the forward model

is adjusted accordingly (to simulate only the available measurements). To be more specific,

there are six different predefined forward model configurations or retrieval modes that are

summarized in Tab. 4.4. The different retrieval modes provide great flexibility in terms

of available input and ensure a retrieval with a minimum amount of two parameters per

measurement (both at the same wavelength). It should be noted that the nature of the al-

gorithm is such that the forward operator can be easily modified and extended according to

the user needs or the application considered. This feature is of great importance, especially

for ground-based lidars, where the channel configuration might differ from instrument to

instrument.

Table 4.4: Available forward model configurations.

Retrieval mode Parameters

1 δ355, S355

2 δ532, S532

3 δ355, S355, Å355/532

4 δ532, S532, Cβ532/1064
5 δ355, S355, δ532, S532

6 δ355, S355, Å355/532, δ532, S532, Cβ532/1064

4.1.6 Optimum solution and convergence

The variational approach for obtaining an optimal estimate of the atmospheric state x̂̂x̂x,

given a measurement vector yyy and a forward model FFF(xxx,bbb), is performed by minimizing a
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cost function of the form (Rodgers, 2000):

JJJ(x̂̂x̂x) = JαJαJα(x̂̂x̂x) +JyJyJy(x̂̂x̂x) +JJJcon(x̂̂x̂x), (4.7)

where JαJαJα(x̂̂x̂x) represents the initial guess costs (or a priori costs), JyJyJy(x̂̂x̂x) the observation costs

and JJJcon(x̂̂x̂x) penalty terms to ensure physically meaningful retrievals of relative volume per

aerosol component. While from a mathematical point of view relative volume contributions

below 0% or above 100% are feasible, this is not the case from a physical point of view.

Therefore, JJJcon(x̂̂x̂x) adds a penalty, if the retrieval produces a relative volume per aerosol

component that exceeds the interval 0 to 1, where the variables are continuous. The function

is defined as:

JJJcon(x̂̂x̂x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

0 for 0≤xxx j≤1

ζ ∣(xxxj)∣3 else,

(4.8)

where xxxj are the elements of the state vector (relative volume contribution of the different

aerosol components) and ζ is a constant that is proportional to the strictness of the con-

straint. Here it is set to a value large enough (106) to avoid relative volumes exceeding the

interval boundaries. In addition to the penalty terms above, if the retrieved relative volume

of an aerosol type is smaller than 0, then it is automatically set to 0, and if the total rela-

tive volume contribution (sum of the relative volume contribution per aerosol component)

is greater than 1, then the state vector is normalized, i.e., each value of the state vector xxxj

is divided by the sum of the relative volume of the four different aerosol components. There

is no constraint in place in the case of a total relative volume contribution that is less than

1. In such cases, the remaining contribution is characterized as uncategorized/unknown

aerosol. Most usually, when a total relative volume contribution less than 1 appears in the

optimal-solution state, it is a result of the normalization of the state vector (in the previous

step).

Expanding Eq. (4.7) we get:

JJJ(x̂̂x̂x) = [xxx −xxxα]TSSS−1
α [xxx −xxxα] + [yyy −FFF (x̂̂x̂x)]TSSS−1

ε [yyy −FFF (x̂̂x̂x)] +JJJcon(x̂̂x̂x). (4.9)

The optimum solution can be found iteratively using the Levenberg-Marquardt method

(LM), which is a combination of the gradient/steepest descent and Gauss-Newton methods:

xxxi+1 = xxxi+[(1+γi)SSS−1
α +KKKT

i SSSεKKKi+ J̈̈J̈Jcon]−1×{KKKT
i SSSε[yyy−FFF (xxxi)]−SSS−1

α [xxxi−xxxα]+ J̇̇J̇Jcon]}, (4.10)

with i being the iteration step and the dots over JJJcon(x̂̂x̂x) denoting the first and second

derivative with respect to the state vector. KKK i is the weighting function matrix, or Kernel
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or Jacobian (from now on Jacobian), defined as KKK i = ∂FFF (x̂̂x̂x)
∂x̂̂x̂x and calculated analytically for

the lidar ratio and the linear particle depolarization ratio and numerically for the remaining

quantities of the forward model, by perturbing the corresponding variable of the state vector

by 10−3. The LM parameter (γ) is a factor that minimizes the cost function (Eq. (4.9)).

When γ→0, the solution tends to the Gauss-Newton solution (γ = 0), while when γ→∞, the

solution tends to the steepest-descent solution, allowing thus the solution to leave a local

minimum towards a global minimum. In this study, the initial value for the γ parameter is

2 and it is increased by a factor of 10, if the cost function in the current iteration step is

greater than the one in the previous step (JJJ(xxxi+1) ≥ JJJ(xxxi)), and it is reduced by a factor of

2, if the cost function is smaller (JJJ(xxxi+1)<JJJ(xxxi)). In retrospect, the LM method was found

to converge not faster but more reliably than a Gauss-Newton iteration and, hence, it is

preferred in this study.

The iteration procedure of Eq. (4.10) starts with the initial guess of the state vector

(xxxi = xxxα) and is repeated until the following criterion is fulfilled:

[FFF (xxxi+1) −FFF (xxxi)]TSSS−1
δŷ [FFF (xxxi+1) −FFF (xxxi)] ≪ df, (4.11)

where SSSδŷ = SSSε(KKKSSSαKKKT +SSSε)−1SSSε is the covariance matrix between the measurement (yyy)

and FFF (x̂̂x̂x) and df describes the degrees of freedom of the measurement, i.e., the number of

independent observables (see. Tab. 4.4). In the algorithm, the “much smaller” mathematical

operator (≪) translates into 1/10 of the degrees of freedom of the measurement. The degrees

of freedom of the measurement are defined as df = ds+dn, where the first term is attributable

to the state vector and the second term corresponds to the noise, and they can range between

two and six degrees (depending on the input parameters).

Finally, the covariance matrix of the optimally estimated state vector (a posteriori) is

calculated as follows:

Ŝ̂ŜS = (KKKTSSSεKKK +SSSα)−1. (4.12)

The diagonal elements of Ŝ̂ŜS are the retrieval errors of the final optimal state vector x̂̂x̂x.

A pseudo-code summarizing the whole OEM procedure as described above is provided in

Sec. 4.3. In addition, a detailed diagram of the OEM-based typing algorithm is shown there

(Fig. 4.5).

4.1.7 Statistical significance of the retrieved state

Once the iteration has converged, a Pearson’s chi-squared (χ2) test must be carried out to

ensure correct convergence (i.e., avoid convergence at a false minimum). This is done by

comparing the forward-modelled measurements at the optimal state FFF (x̂̂x̂x) with the mea-
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surement vector yyy, along with the corresponding error covariance matrix SSSδŷ:

χ2 = [FFF (x̂̂x̂x) − yyy]TSSS−1
δŷ [FFF (x̂̂x̂x) − yyy]. (4.13)

This statistical test is usually used for outlier identification (i.e., a retrieved state that does

not belong to a Gaussian distribution). All retrievals for which the computed χ2 is greater

than a threshold value χthr are discarded and all the rest, for which χ2 ≤ χthr, are accepted

and further analysed. χthr is calculated for a 5% probability that χ2 is greater than the

threshold for a theoretical χ2 distribution with df degrees of freedom (Chi-Square Table,

2008). A significance level of 95% is used in this study. In other words, if the estimated

retrieved state is found to be statistically significant within the 95% significance level, there

is a 5% chance of not being true.

4.2 Additional products

Once the OEM aerosol typing scheme has successfully converged to a statistically significant

solution (retrieved state vector), the final product, which is the relative volume contribu-

tion of each aerosol component, can be used in combination with the microphysical and

optical properties of the aerosol components (a priori) to obtain further products. At the

moment, additional products included in this algorithm and discussed below are the extinc-

tion and backscatter coefficient per component, the volume and number concentration per

component, the effective radius of the mixture and the refractive index of the mixture.

Extinction and backscatter per component

With the extinction and backscatter coefficient per unit particle volume of the different

aerosol components known as a priori (α∗ and β∗ in Tab. 4.2, respectively), once the relative

volume contribution xj of each aerosol component j is retrieved with the OEM typing

scheme, the fraction of the extinction and backscatter coefficient (α′j and β′j , respectively)

attributable to a specific aerosol component can be calculated:

α′j = α∗j xj (4.14)

and

β′j = β∗j xj. (4.15)
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The total extinction and backscatter coefficients per unit volume then follow as the sum of

the respective fractions of all the aerosol components:

α∗tot =∑α′j (4.16)

and

β∗tot =∑β′j . (4.17)

When the the total extinction and backscatter coefficients measured by the lidar (αtot and

βtot, respectively) are known, the absolute extinction and backscatter fraction per aerosol

component can be calculated:

αj = α′j
αtot

α∗tot

(4.18)

and

βj = β′j
βtot

β∗tot

. (4.19)

Volume and number concentration per component

When the total extinction coefficient measured by the lidar (αtot) and the total extinction

coefficient per unit volume (α∗tot) are known, we can determine the volume concentration

per component (Vj):

Vj = xj
αtot

α∗tot

. (4.20)

The number concentration per component (Nj) can then be calculated with a simple con-

version from (Vj), using the corresponding microphysical properties from Tab. 4.1:

Nj =
Vj

4
3πr

3
0,Vj

exp(−9
2σ

2
j )
. (4.21)

The total volume and number concentration are calculated from the sum of the volume and

number concentration per component, respectively:

Vtot =∑Vj (4.22)

and

Ntot =∑Nj. (4.23)
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Surface area per component

The particle surface area of the different aerosol components is calculated as follows:

Aj = 4πr2
Aj

exp(−2σ2
j )Nj. (4.24)

The term rAj
= r0,Nj

exp(2σ2
j ) is directly linked to the fine- or coarse-mode width and radius

(see Tab. 4.1). The total surface area can be calculated as the sum of the respective surface

areas of all the aerosol components:

Atot =∑Aj. (4.25)

Effective radius of the mixture

With the total surface area of the aerosol particles known, the effective radius can then be

calculated as follows:

Reff = 3Vtot

Atot
. (4.26)

Refractive index of the mixture

The refractive index m = n−ki for an aerosol mixture can be calculated by applying a volume

mixing rule and using the predefined values of the complex refractive index of each aerosol

component (given in Tab. 4.1) and the relative volume contributions of the components as

derived from the OEM:

m = ∑njxj

∑xj
− ∑kjxj

∑xj
i. (4.27)

Error propagation in additional products

The error propagation from the OEM output to the additional products is carried out by

Monte Carlo simulations (MCS). The retrieval errors are randomly distributed to the cor-

responding OEM-derived aerosol components, creating in total 50000 different and random

MCS. Before moving to the next step, two filters are applied to these 50000 MCS. The first

filter checks for negative relative volume contributions in the aerosol components. Negative

volume contributions can occur, when the retrieval error is larger than the component’s

relative volume. When that occurs, even if only one of the four aerosol components has a

negative contribution, then the whole group of components is discarded. The second filter

checks for the total relative volume of the four components, which should not exceed 1. If

it does, then similarly to the first filter, the whole group of components is discarded. After

filtering out the unrealistic MCS, each additional product is then calculated for the remain-

ing MCS, along with the respective mean and standard deviation. As expected, the mean
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is found to be close to the value calculated using the original OEM output and, therefore,

the standard deviation is used as the corresponding error.

4.3 OEM pseudocode

A step-by-step description of the algorithm follows. The program code is written in the

proprietary programming language MATLAB (MATLAB, 2018).

1. Define the input measurements along with the corresponding error (yyy and εεε, respec-

tively).

2. The measurements are used as an input for a decision tree that returns a first guess

for the state vector (xxxα).

3. For the given first guess of the state vector calculate the modelled measurements

FFF (xxxα), the Jacobian KKK and the covariance matrix between the measurement and the

modelled measurement SSSδŷ.

4. For a maximum of 30 iteration steps (start of the iterative process, default: Levenberg-

Marquardt method)

(a) Initialize γ parameter. Calculate the next state vector xxxi, new Jacobian KKKi, new

modelled measurements FFF i for the given xxxi, new covariance matrix between the

measurement and the modelled measurement.

(b) Calculate the cost function JJJ(xxxi).

(c) If the cost function is greater than or equal to the one calculated in the previous

step, increase the γ parameter by a factor of 10. If it is smaller, decrease the γ

parameter by a factor of 2.

(d) Calculate the convergence criterion. Once its value is much lower than the df of

the measurement (lower than df/10), stop the iteration.

5. Return the optimal state vector x̂̂x̂x along with the retrieval errors Ŝ̂ŜS.

6. Perform χ2 test. Discard the results, if the retrieved state is not statistically significant

within the desired significance level. Consider starting the iterative process again with

a new xxxα or with different a priori settings.

Fig. 4.5 provides a more detailed overview of the OEM (compared to Fig. 4.1). Details

regarding the different symbols and terms used in the figure are provided in the text above.
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Figure 4.5: Detailed illustration of the optimal estimation method.
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4.4 Evaluation of the methodology

In this section, four measurements from the experimental basis (presented in Ch. 3) and

one adapted from Bohlmann et al. (2018) are analysed with the OEM-based typing scheme

to evaluate the proposed methodology. The measurements that were selected from the

experimental basis represent the four basic pure aerosol types, meaning that in every case

there is a clear aerosol component predominance. The first case (Sec. 4.4.1) is used to discuss

the typing algorithm in detail and serves as a walk-through example, while the other three

cases (Sec. 4.4.2, 4.4.3, 4.4.4) show the applicability of the algorithm only briefly. The fifth

case (Sec. 4.4.5) is an example for a complex aerosol mixture and demonstrates the ability of

the algorithm to resolve correctly the different aerosol components present in that mixture.

For every case, the observed aerosol type/mixture was known beforehand and, therefore,

these cases serve as a proof of concept.

Table 4.5 summarizes the cases discussed in the following sections in terms of date of

the measurement, aerosol types (known from the experimental basis and literature), OEM

retrieval mode and output. It can be seen already that the typing scheme is very flexible and

adjustable to different lidar systems and configurations (e.g., temporal coverage from 2008

until 2021, different retrieval modes based on the available lidar capabilities). In addition,

all retrievals (the solutions of which were statistically significant within the 95% confidence

interval) succeeded in the correct identification of the dominant aerosol component.

Table 4.5: Overview of the five case studies used to evaluate the aerosol typing scheme,
along with the aerosol type (as in the experimental basis and literature), the OEM output
(i.e., relative volume contribution) and the retrieval mode (see Tab. 4.4).

Date Aerosol type OEM output (%) Retrieval mode

FSA CS FSNA CNS

14/09/2008 Smoke 50 ± 20 21 ± 19 21 ± 18 8 ± 21 3

15/04/2016 Marine 1 ± 10 99 ± 22 0 ± 6 0 ± 7 5

18/04/2021 Pollution 1 ± 15 13 ± 19 80 ± 22 0 ± 17 2

05/02/2008 Dust 5 ± 9 2 ± 18 4 ± 11 88 ± 22 1

29/04/2016 Mixture 1 ± 6 21 ± 11 7 ± 11 71 ± 21 5

4.4.1 Smoke

The first example (from the experimental basis) discussed here is a measurement of smoke

from Fig. 3.1. The measurement was conducted in Brazil during the dry season of 2008

(Baars, 2011) on 14/09/2008. The vertical profiles of the aerosol properties (not shown

here) were derived with the Raman method (between 01:00 and 02:00 UTC). A mean lidar



4.4. EVALUATION OF THE METHODOLOGY 53

ratio of 78 ± 7 sr, a mean particle linear depolarization ratio of 3.2 ± 2% (both at 355 nm),

and a mean extinction-related Ångström exponent of 0.7 ± 0.5 were used as input to the

OEM scheme (retrieval mode 3, see Tab. 4.4). The values of the optical parameters already

indicate that the particles that were present in the atmosphere were rather absorbing (high

S), mostly spherical (low δ) and mostly of fine mode (relatively high Å).

Based on the aforementioned values, the decision tree (Sec. 4.1.4) assigned a set of four

values as the initial guess of the state vector, which allowed the iterational process to begin.

In this case, the initial guess of the state vector was determined as “FSA*” (see Tab. 4.3)

with contributions of 85% of the relative volume from FSA particles and the remaining 15%

distributed equally between the three other aerosol components (5% per aerosol component).

Figure 4.6: Evolution of the state vectors (left) and the optical parameters (right) as function
of the iteration step for the smoke case of 14/09/2008.

The evolution of the state vector at each iteration step is visualized in the left panel

of Fig. 4.6. In the right panel of this figure, the values of the different optical properties

considered in this retrieval (as resulting from the evaluation of the forward model at each

iterational step) are also presented. With the given initial guess (iteration step = 1), the

modelled optical parameters were: S = 109 sr (355 nm), δ = 2.6% (355 nm) and Å = 1.2

(extinction-related). While the forward-modelled values of particle linear depolarization

ratio and Ångström exponent are both within the measurement errors, the forward-modelled

value of lidar ratio is overestimated. This overestimation translates into a cost function

(Eq. (4.9)) of 22 (Fig. 4.7, left). As Fig. 4.7 (right panel) indicates, the costs at the first

step (iteration step = 1) are solely observational costs (term JyJyJy(x̂̂x̂x) in Eq. (4.7)), meaning
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that they originate only from the differences between the measured and forward-modelled

optical parameters. The initial-guess costs (term JαJαJα(x̂̂x̂x) in Eq. (4.7), denoted as “a priori”

in Fig. 4.6) are zero, since the evaluation is performed for the initial guess of the state vector

(xxx = xxxα). Constraint costs (JJJcon(x̂̂x̂x) in Eq. (4.7)) are also zero, since there is no negative

relative volume per aerosol component. In addition to the high costs, the convergence

criterion (Eq. 4.11) is not met and, therefore, in the next step the algorithm needs to adjust

the initial guess of the state vector to decrease these observational costs (and thus get

“closer” to the measured optical parameters) and minimize this cost function.

Figure 4.7: Evolution of the cost function (left), and breakdown of costs (right) as function
of the iteration step for the smoke case of 14/09/2008.

Indeed, in the next iteration step (iteration step = 2) a new state vector is calculated

(based on Eq. (4.10), Fig. 4.7, left), with lower contribution of FSA particles (62%) and

higher contributions of the remaining three components (14%, 18% and 6% for CS, FSNA

and CNS, respectively). These adjustments in the state vector resulted in a decrease of the

lidar ratio (Fig. 4.7, right), however still not within the measurement error. The particle

linear depolarization ratio and the Ångström exponent remained almost constant. The cost

function (Fig. 4.7, left) decreased to 7, with a significant decrease of the observational costs

(since the deviation from the measurements decreased) and an increase of the initial-guess

costs, reflecting the changes in the state vector. A similar behavior of the state vector,

forward operator and cost function is observed for the third iteration.

Finally, at iteration step four, the convergence criterion of Eq. (4.11) was fulfilled (0.26 ≪
3) and convergence was met. The state vector, which is the optimal solution (Fig. 4.6, left),

is dominated by FSA particles (50±20% of the total volume). We also observe equal contri-
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butions of CS and FSNA particles (21±19% and 21±18% of the total volume, respectively)

and only a small contribution of CNS particles (8± 21%). It should be noted that the error

range should be treated in a physically meaningful way (e.g., 8± 21% CNS particles contri-

bution means that the relative volume contribution of CNS particles can range between 29%

and 0%). The aforementioned mixing ratio (relative volume contributions per component)

produced a lidar ratio of 84 sr at 355 nm, a particle linear depolarization ratio of 2.8% at

355 nm and an extinction-related Ångström exponent of 1.2. At this step (iterational step

= 4), the cost function reached a minimum (Fig. 4.7, left), with a value of 5.6 (difference of

0.02 to previous step). The respective observational costs decreased further (as the modelled

values are within the measurement error range) and the initial-guess costs increased (as the

optimal solution is further away from the initial guess of the state vector). The optimal

solution must undergo a Pearson’s chi-squared test to ensure that the convergence is correct

(e.g., convergence at a global minimum instead of a local minimum). The chi-squared value

was calculated as in Eq. (4.13), and the χthr was retrieved from the chi-square distribution

table for 3 degrees of freedom and a p-value of 0.05. Since χ2 < χthr (5.5 < 7.8), the solution

was found to be statistically significant within the 95% confidence interval.

The OEM-based typing scheme was able to identify the predominance of the FSA com-

ponent (50 ± 20% of the total volume) from the optical parameters of the observed aerosol

mixture. This component is associated with highly absorbing soot-containing aerosol, al-

though the exact amount of soot cannot be determined by this typing scheme. Relatively

high contributions of the FSNA component (21± 18%) indicate the presence of less absorb-

ing particles (with respect to the FSA component) that could be possibly attributed to aged

smoke particles (mixture of sulphates, nitrates and soot). Fine-mode particles were clearly

dominant in the aerosol mixture with a total relative volume of 71%. Coarse-mode particles

were also present in the mixture, with a total relative volume of 29%. The CS component

could be attributed to fine-mode particles that have undergone hygroscopic growth (Zhang

et al., 2008), while the CNS component could be associated with a mixture of irregularly

shaped soil dust particles with partly coated soot particles (Nisantzi et al., 2014).

4.4.2 Marine aerosol

Measurements in the marine boundary layer (MBL) from the Polarstern cruise PS98 on

15/04/2016, at around 04:40 UTC (Bohlmann et al., 2018), were extracted from the exper-

imental basis and used as an input to the OEM typing scheme. Between 0.2 and 0.3 km,

mean lidar ratios of 26.8± 9 sr and 19.1± 2 sr at 355 and 532 nm, respectively, and particle

linear depolarization ratios of 1.5 ± 0.2% and 1.6 ± 0.5% at 355 and 532 nm, respectively,

were observed. Since the optical parameters are available at both wavelengths, retrieval

mode 5 was selected (Tab. 4.4).
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Figure 4.8: Evolution of the state vectors (left) and the optical parameters (right) as function
of the iteration step for the marine case of 15/04/2016.

The low lidar ratios as well as the low particle linear depolarization ratios are charac-

teristic for aerosol of marine sources and, therefore, already from the initial guess of the

state vector (Fig. 4.8, left) the CS component, which is associated with marine aerosol,

dominated. Convergence to a statistically significant (within the 95% confidence interval)

solution was reached after four iterations and the optimal solution revealed that the CS com-

ponent dominated the aerosol load with a relative volume contribution of 99 ± 22%. The

contributions of the FSNA, FSA and CNS components are negligible (1 ± 10%, 0 ± 6% and

0±7%, respectively). For the optimal solution, all the forward-modelled optical parameters

at both wavelengths were within the measurement error (Fig. 4.8, right).

Even though the initial guess of the state vector was dominated by the CS component,

the rather small contributions of the other aerosol components (5%) resulted in lidar ratios

much higher than the ones observed (Fig. 4.8, right), which led to high observational costs

and, thus, a cost function of 31.6 (Fig. 4.9). It is worth mentioning that in the second

iteration step, while the observational costs decreased and the initial-guess costs increased,

the minimum of the cost function (1.51) is observed. This feature occurred due to the

normalization of the state vector in the second iteration step (all components except CS

were 0, Fig. 4.8, left). However, the convergence criterion (Eq. (4.11)) was not met (due

to the high differences between the forward-modelled optical parameters between iteration

steps one and two) and, thus, the iterational procedure continued. At the optimal solution

(iteration step = 4) the total costs were 1.56 (difference from the previous step of the order
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Figure 4.9: Evolution of the cost function (left), and breakdown of costs (right) as function
of the iteration step for the marine case of 15/04/2016. Values above each bar have been
rounded up to the first significant digit.

of 10−2).

In this case (retrieval mode 5), the algorithm was able to retrieve successfully the mixing

ratio of the different aerosol components from the MBL measurements. Since multiwave-

length measurements were available, for the sake of demonstration, this case was examined

using all the other retrieval modes as well. Retrieval mode 1 (355 nm only) resulted in

a statistically significant solution (within the 95% confidence interval) with a clear pre-

dominance of CS particles in terms of relative volume (91 ± 22%). Contributions of FSA,

FSNA and CNS particles are almost negligible (7±10%, 2±16% and 0±12%, respectively).

Retrieval mode 2 (532 nm only) also resulted in a statistically significant solution with a

clear dominance of the CS component (97 ± 22%). Understandably, the contribution of the

remaining components was imperceptible (1±11%, 2±18% and 0±5% for FSA, FSNA and

CNS, respectively). Retrieval mode 3 (355 nm and extinction-related Ångström exponent)

resulted in a solution, which was not statistically significant. Nevertheless, the dominant

component was again the CS one, with a relative volume contribution of 97 ± 22%. The

FSA, FSNA and CNS components exhibit almost no contributions at all (2 ± 10%, 0 ± 10%

and 1 ± 7%, respectively). The reason why this particular retrieval was not statistically

significant is that even though the forward-modelled lidar ratio at 355 nm was within the

measurement error, it was still “too far” (in absolute terms) from the measured lidar ratio.

The same reason also led to large values in the covariance matrix between the measurement

(yyy) and FFF (x̂̂x̂x) (SSSδŷ) and thus to large χ2 values (see Eq. (4.13)). Retrieval modes 4 and 6

were not available for the evaluation of this case due to the lack of data for the backscatter
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coefficient at 1064 nm.

In summary, all retrievals (regardless the statistical significance status) captured suc-

cessfully the predominance of the CS component (relative volume contribution > 90%) in

the aerosol mixture observed. However, it is difficult to argue about which retrieval mode

produced the best results, since for every retrieval performed with the OEM-based typing

scheme the cost function evaluated (Eq. (4.9)) is unique.

4.4.3 Pollution

Measurements conducted in Leipzig, which is a typical urban Central European site, were

used as an example case to demonstrate the ability of the algorithm to distinguish the

pollution-related aerosol component. The measurements were carried out on 18/04/2021

and vertical aerosol profiles were derived with the Raman method between 04:30 and 05:20

UTC. Averaging for altitudes between 1 and 1.5 km yields to a mean lidar ratio of 55±5 sr

and a mean particle linear depolarization ratio of 2 ± 1%, both at 532 nm.

Figure 4.10: Evolution of the state vectors (left) and the optical parameters (right) as
function of the iteration step for the pollution case of 18/04/2021.

Both measurements and errors were used as the algorithm’s input and retrieval mode 2

(Tab. 4.4) was performed. The iterational process converged successfully at a statistically

significant solution after three iterations. The initial guess of the state vector as well as

the evolution of the state vector until convergence are presented in Fig. 4.10 (left). It

can be seen that already the initial guess of the state vector is dominated by the FSNA
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Figure 4.11: Evolution of the cost function (left), and breakdown of costs (right) as function
of the iteration step for the pollution case of 18/04/2021. Values above each bar have been
rounded up to the first significant digit.

component. The optimal state (iteration step = 3) has small deviations from the initial

guess of the state vector. The FSNA component exhibits a clear predominance, with a

relative volume contribution of 80 ± 22% (decrease of 5% from the initial guess), while the

second most present aerosol component is the CS one, with a relative volume contribution

of 13 ± 19% (increase of 8% from the initial guess). Since the retrieval error is higher

than the contribution of the CS component itself, we cannot draw solid conclusions on the

contribution of CS particles, only that values can range from 0 up to 33%. The FSA and

CNS components have negligible contributions (1 ± 15% and 0 ± 17%, respectively). The

remaining undistributed 6% of the relative volume can be characterized as “unidentified

aerosol”, and it is a result of the measures in action prohibiting physically meaningless

volume contributions (i.e., constraints, see Sec. 4.1.6). For the optimal solution state, the

forward operator was able to simulate the measurements within the measurement error

(Fig. 4.10, right). Even though at the initial guess of the state vector (iteration step = 1)

the costs are as low as 3.5 (Fig. 4.11, left), the convergence criterion is not met (criterion of

Eq. (4.11)) due to the difference between the modelled and measured optical properties and

their associated covariance. At convergence the costs are minimum (2.3) and the reduction

of the cost function from the previous step is very small (of the order of 10−2).

The clear predominance of the FSNA component (80±22%) in the aerosol mixture above

Leipzig on 18/04/2021 was well captured by the algorithm. Given the small relative volume

contributions of the other components, along with their retrieval-associated errors, we can
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conclude that most probably the aerosol observed consisted of solely FSNA particles.

4.4.4 Dust

The dust measurement examined in this section was conducted at the Praia airport, Cape

Verde during the SAMUM–2 field experiment on 05/02/2008 (Groß et al., 2011). A lidar

ratio of 58 ± 11 sr and a mean particle linear depolarization ratio of 24 ± 6% at 355 nm

already indicate a strong presence of moderately absorbing, non-spherical (high values of δ)

particles. These measurements were used as the algorithm’s input and, therefore, retrieval

mode 1 (Tab. 4.4) was applied.

Figure 4.12: Evolution of the state vectors (left) and the optical parameters (right) as
function of the iteration step for the dust case (SAMUM–2).

Already from the initial guess of the state vector, a clear predominance of the CNS

component is evident (iteration step = 1 in Fig. 4.12, left). The forward-modelled opti-

cal parameters are already within the measurement error (Fig. 4.12, right) and, thus, the

observational costs are very small (Fig. 4.13). Convergence is therefore met after 2 itera-

tions and the optimal solution indicates the presence of 99.9± 22% CNS particles, 0.1± 8%

FSA particles, 0 ± 11% FSNA particles, and 0 ± 18% CS particles, all in terms of relative

volume contribution. The solution is statistically significant within the 95% confidence

interval. However, given the low relative volumes and high retrieval uncertainties of all

the components except the CNS one, from a physical point of view, we can only conclude

with confidence that the dominant component in the mixture observed is the CNS aerosol
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Figure 4.13: Evolution of the cost function (left) and breakdown of costs (right) as function
of the iteration step for the dust case (SAMUM–2).

component.

4.4.5 Complex aerosol mixture of smoke, dust and marine particles

During the Polarstern cruise PS98 (Bohlmann et al., 2018), apart from pure marine condi-

tions (such as in the case discussed in Sec. 4.4.2), complex aerosol mixtures containing smoke

and dust mixed with marine particles were observed and characterized. On 29/04/2016,

from 20:15–21:00 UTC, several aerosol layers were observed between 0.9 and 3 km. Here,

the focus is put on only one layer, for a complete overview readers may refer to Bohlmann

et al. (2018). The layer of interest was observed between 1.7 and 2.2 km and it has been

characterized as a complex mixture of dust, smoke and marine particles. Mean lidar ratios

of 50±6 sr and 40±6 sr and particle linear depolarization ratios of 9±1% and 13±1% at 355

and 532 nm, respectively, were observed. The low particle linear depolarization ratio values

in combination with the moderate lidar ratios and a mean extinction-related Ångström ex-

ponent of 1 ± 0.4 indicate that the mixture contains small, non-depolarizing and absorbing

particles.

A retrieval based on retrieval mode 5 was chosen (Tab. 4.4). The iterational process

converged after 5 iterations to a statistically significant solution (within the 95% confidence

interval). Based on the optical parameters used as an input to the OEM typing scheme,

the initial guess of the state vector was determined as mixture of the CNS and FSNA

components (iteration step = 1 in Fig. 4.14, left). At this point, it should be noted that

the initial guess has been modified with respect to the one listed in Tab. 4.3, because using
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Figure 4.14: Evolution of the state vectors (left) and the optical parameters (right) as
function of the iteration step for the complex aerosol mixture of 29/04/2016.

that initial guess led to a statistically non-significant solution. The state vector at the first

iteration step produces much higher lidar ratios and particle linear depolarization ratios than

those observed (Fig. 4.14, right) and consequently high costs that are solely observational

(iteration step = 1 in Fig. 4.15). To meet the observations, in the following iteration steps

the state vector is increasing the contributions of the CS component, while decreasing the

contributions of both CNS and FSNA components. At convergence (iteration step = 5),

the optimal state vector shows contributions of 71± 21% CNS, 21± 11% CS, 7± 11% FSNA

and 1 ± 6% FSA particles, all in terms of relative volume. For the optimal state vector

all the forward-modelled optical properties meet the observations within the measurement

error. The total costs are 2.5 (difference of the order of 10−4 from previous step) and mainly

attributable to the initial-guess costs (Fig. 4.15).

In this case, the OEM typing scheme was proven to be able to separate the different

aerosol components present in the mixture observed. The component with the highest

contribution in terms of relative volume is the CNS, usually associated with desert dust

particles. The second highest component in abundance is the CS one, which is associated

with particles of marine origin. Fine-mode particles contribute to the mixture with a total

relative volume contribution of about 9%. Given the corresponding contributions of FSA

and FSNA particles, the small, absorbing and non-depolarizing particles speculated to be

present in the aerosol mixture already from the optical properties of the layer are more likely

FSNA particles (typically pollution-associated) than FSA particles (usually associated with
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Figure 4.15: Evolution of the cost function (left) and breakdown of costs (right) as function
of the iteration step for the complex aerosol mixture of 29/04/2016.

smoke). However, FSA particles might also contribute to the mixture with relative volume

contributions up to 7%.

For the same case, retrieval modes 1, 2 and 3 were additionally applied (results not

shown here). All the retrieved optimal state vectors were not statistically significant within

the 95% confidence interval. Nevertheless, they were all consisting of the same aerosol

components as in the optimal state vector of retrieval mode 5, but with different mixing

ratios. Due to these differences, the optimal solutions were in principle not able to repro-

duce the measurements within the experimental error, thus causing large differences in the

corresponding terms of Eq. (4.13) (and, therefore, failing to be statistically significant). It

is clear that in this case information at only one wavelength (e.g., as in retrieval mode 1 and

2) is not sufficient to resolve this complex aerosol mixture. The information provided by the

extinction-related Ångström exponent (included in retrieval mode 3) did not improve the

situation, as apparently there are many state vectors that can produce optical properties

similar to those measured by the lidar. Therefore, it can be concluded that multispectral

information on the lidar ratio and particle linear depolarization ratio is essential for the

adequate characterisation of such complex aerosol mixtures.
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Chapter 5

Application - Part I: Case studies

In this chapter, the OEM-based aerosol typing scheme is applied to three selected case

studies to provide a more insightful overview of the algorithm capabilities. The first case

examined and presented below (Sec. 5.1) concerns a geometrically thick dust layer from the

A-LIFE (Absorbing aerosol layers in a changing climate: aging, LIFEtime and dynamics)

field campaign, which took place at Cyprus in April 2017. This case study was selected

because in addition to the lidar observations, airborne in-situ measurements from the DLR

(Deutsches Zentrum für Luft– und Raumfahrt – German Aerospace Center) Falcon 20E re-

search aircraft were also available. For the first time, a comparison between lidar-estimated

and airborne-derived number and volume size distributions, as well as the effective radius

has been attempted here.

The second case regards two aerosol layers that were observed in January 2008 over

Praia, Cape Verde during the SAMUM–2 field campaign (Sec. 5.2). The aerosol layers

were characterized as a mixture of smoke and desert dust particles (Tesche et al., 2011a,b)

and the corresponding aerosol contributions to the backscatter and extinction coefficients

have been determined with the POLIPHON method. Therefore, this case study facilitates

a comparison between the POLIPHON and the OEM results to examine the consistency

between the two methodologies.

In the third case analysed and discussed here (Sec. 5.3), the focus is given to a pro-

nounced smoke plume observed above Leipzig, Germany in September 2020. The smoke

plume originated from southwestern North America and was associated with the Califor-

nian wildfires that occurred during the same period (Baars et al., 2021). This case is ideal

for the identification of any potential challenges with respect to aerosol typing. Due to

the long-range transport, the smoke particles observed were aged and, therefore, exhibit

different optical properties than those considered by the typing scheme.

65
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5.1 Case 1: Desert dust from A-LIFE field campaign

5.1.1 Overview

The A-LIFE project, led by the University of Vienna, aimed to investigate the properties of

absorbing aerosol and in particular those of mineral dust, black carbon and their mixtures.

For that purpose, a field experiment took place in Cyprus, an island located in the East-

ern Mediterranean region, in April 2017. The collection of the required aerosol data was

performed by high-sophisticated in-situ and remote-sensing instruments integrated on the

DLR research aircraft Falcon 20E as well as with ground-based in-situ and remote-sensing

instruments from various institutes and universities. TROPOS contributed to this project

with a ground-based Raman lidar of type PollyXT (Engelmann et al., 2016), as part of

LACROS (Leipzig Aerosol and Cloud Remote Observations System), which was located in

Limassol (34.71○ N, 33.02○ E) and operated on the premises of the Cyprus University of

Technology (CyCARE campaign, Ansmann et al. (2019); Radenz et al. (2021a)).

A-LIFE was a great opportunity for further support of EarthCARE’s preparation and,

thus, the joint project A-CARE emerged (A- from A-LIFE and CARE from EarthCARE).

A-CARE aims at further development and refinement of EarthCARE’s geophysical product

algorithms. The consistency, in terms of microphysical assumptions, between the OEM-

based aerosol typing scheme and EarthCARE’s aerosol classification algorithm (HETEAC),

allows the usage of the OEM-based scheme for testing and validation purposes. To be more

specific, lidar-derived optical parameters were used as input to the OEM typing scheme

and then the output products were compared directly with the airborne in-situ data. By

doing so, first estimates for the capabilities of EarthCARE’s classification schemes can be

produced. In addition, a full assessment of the microphysical assumptions used in the

classification scheme can be performed, allowing thus fine re-adjustments (if needed), for

calibration/validation purposes. Below, a short description and information regarding the

data used is provided.

Airborne in-situ data

The DLR research aircraft Falcon 20E was equipped with in-situ and remote-sensing aerosol

instruments (in the cabin, on the wings, and on the nose of the aircraft). Some key pa-

rameters measured were the total number concentration of fine-mode particles measured

by three Condensation Particle Counters (CPC) with different lower cut-off diameters Dp

(0.005 < Dp < 2.5 µm), the aerosol particle size distributions (0.5 µm < Dp < 50 µm), particle

optical properties and particle shapes measured by a Cloud and Aerosol Spectrometer with

Detector for Polarization Detection (CAS-DPOL), the total and non-volatile size distribu-

tion (0.25 < Dp < 2.5 µm) measured by two Optical Particle Counters (OPC, type Grimm
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Sky 1.129), as well as the chemical composition and shape of particles (Dp < 2.5 µm) col-

lected by filters by an impactor sampler. It should be noted that all the airborne in-situ data

presented and used in this dissertation have been analysed and provided to us by the Univer-

sity of Vienna. The full list of the instrumentation and parameters measured during A-LIFE

can be found in the following web page: https://www.a-life.at/instrumentation/ (last

access: 21/03/2022).

Figure 5.1: Overview of the atmospheric conditions, in terms of range-corrected signal at
1064 nm (top panel) and particle linear depolarization ratio at 532 nm (bottom panel) at
Limassol, Cyprus during the whole A-LIFE measurement period (April 2017).

https://www.a-life.at/instrumentation/


68 CHAPTER 5. APPLICATION - PART I: CASE STUDIES

Table 5.1: A-CARE selected case studies, along with the layer-mean optical properties and
their uncertainties (as derived by PollyXT lidar). The first value in each optical parameter
field corresponds to 355 nm, and the second one to 532 nm. The air-mass sources have been
identified by means of backwards trajectories (performed by University of Vienna).

Case # Date
Layer

altitude
(km)

Source δ (%) S (sr)

1 06/04/2017 2.0–4.0 Sahara
15.6± 0.6
19.3± 0.6

38± 6
33± 6

2 06/04/2017 0.8–1.2 Arabia
17.2± 0.6
19.8± 0.9

42± 7
38± 6

3 11/04/2017 1.0–1.5 Cyprus
7.3± 0.8
2.9± 0.9

75± 14
74± 28

4 14/04/2017 0.9–1.3 Cyprus
5.1± 0.3
2.6± 0.3

36± 6
33± 8

5 20/04/2017 3.0–5.0 Sahara
20.6± 2.0
26.4± 0.8

49± 8
44± 7

6 21/04/2017 4.0–6.0 Sahara
21.3± 2.0
27.7± 1.0

53± 8
46± 7

7 25/04/2017 1.0–2.0 Turkey
7.4± 1.0
6.7± 1.1

53± 8
46± 9

8 27/04/2017 1.5–3.8 Arabia
28.5± 1.5
32.3± 0.9

38± 6
34± 5

Ground-based lidar data

An overview of the atmospheric conditions during the A-LIFE campaign is given in Fig. 5.1.

During a one-month measurement period, several aerosol types were observed as indicated

by the range-corrected signal at 1064 nm (Fig. 5.1, top panel) and the wide range of par-

ticle linear depolarization ratio at 1064 nm (Fig. 5.1, bottom panel). A selection of case

studies was considered and analysed in the framework of A-CARE (presented in Tab. 5.1).

The case studies were carefully selected (after coordination with the responsible scientists

for the airborne in-situ measurements) to ensure coverage of various aerosol scenarios and,

thus, facilitate A-CARE’s activities and project goals. The diverse optical properties pre-

sented in Tab. 5.1 reflect the different aerosol conditions that were under investigation, as

well as the different source regions. The key lidar parameters for the OEM-based typing

scheme (namely the lidar ratio and the particle linear depolarization ratio) were derived

from measurements temporally co-located with the Falcon 20E flights. Since the flights

were conducted mostly during daytime, the return signals from the Raman scattering could

not always be used for the retrievals due to the too strong background light. In these cases,

the lidar ratio was derived from the closest night-time observation in the same aerosol layer
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and then used to analyse further the daytime lidar data. While all cases of Tab. 5.1 are of

great importance and interest, only case 5 will be discussed in detail here. The results of

the OEM-based aerosol typing scheme for all the A-CARE cases as well as some relevant

additional products are available in Appendix B.

5.1.2 Lidar observations on 20 April 2017, Cyprus

Figure 5.2: Overview of the atmospheric conditions, in terms of range-corrected signal at
1064 nm at Limassol, Cyprus on 20/04/2017, between 12:00 and 00:00 UTC. No data are
available during regular depolarization calibration periods (white bars).

Figure 5.2 shows the temporal development of the range-corrected signal (at 1064 nm)

on 20 April 2017, between 12:00 and 00:00 UTC. During the whole measurement period, a

temporally stable, approximately 8 km geometrically thick aerosol layer was present with

increased backscattering evident in parts of the aerosol layer.

On the same day, between 17:40 and 19:30 UTC, DLR Falcon 20E conducted mea-

surements at altitudes between 0.5 and 9 km. Therefore, the vertical profiles of optical

parameters from lidar between 17:00 and 19:00 UTC were averaged from 3 to 6 km alti-

tude, aiming to capture the center of the aerosol layer. The temporal co-location of the

lidar and Falcon’s in-situ measurements facilitates meaningful comparisons (see Sec. 5.1.4).

The aerosol layer observed above the lidar site originated from the Sahara region as

indicated by the HYSPLIT (Stein et al., 2015) backward trajectories (Fig. 5.3). Air masses

arriving at 4 km originated directly from Algeria and crossed Tunisia and the Mediterranean

Sea on the way to Limassol. These air masses carried mainly desert dust particles. Air

masses arriving at higher altitudes (6 km) originated from France. However, four days

prior to their observation at Limassol, the same air masses were located above Algeria at

very low altitudes, thus, could pick up desert dust particles (aerodynamic lifting). The
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source appointment performed based on Falcon 20E data also confirms high concentrations

of desert dust particles.

Figure 5.3: 10–day HYSPLIT backward trajectories ending at Limassol, Cyprus, on 20
April 2017, 19:00 UTC.

The lidar-derived optical parameters (between 17:00 and 19:00 UTC) are presented in

Fig. 5.4. Maximum extinction coefficient values of approx. 120 Mm−1 occurred between 3.5

and 4 km. Extinction and backscatter-related Ångström exponents of around 0.1 and 0,

respectively, were observed for this aerosol layer between 3 and 5 km. The lidar ratio was

stable between the same altitudes with values of approx. 49 and 44 sr for 355 and 532 nm,

respectively. The particle linear depolarization ratio was high, exceeding 20% above 3 km,

indicating thus a strong presence of coarse-mode dust particles.

5.1.3 Aerosol characterization by the OEM-based typing scheme

Layer-averaged values (from 3–5 km) of lidar ratio (49± 8 sr) and particle linear depolar-

ization ratio (20.6± 2%) at 355 nm were used as input to the OEM-based aerosol typing

scheme, and the retrieval mode based only on UV information (mode 1, see Tab. 4.4) was

carried out. The optimal solution (Fig. 5.5), which was also statistically significant within

the 95% confidence interval, confirmed the dominance of the CNS aerosol component in the

aerosol mixture: in terms of relative volume contribution, the CNS component occupied

86± 22% of the total aerosol mixture volume. The contributions of the remaining aerosol

components were small and almost negligible: 10± 11% of FSNA, 4± 18% of CS, and 0± 8%

FSA aerosol particles. Overall, coarse-mode particles dominated the aerosol mixture with

a total relative volume contribution of 90%.
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Figure 5.4: Vertical profiles of the particle backscatter and extinction coefficients, particle
lidar ratio, Ångström exponents and particle depolarization ratio measured at Limassol,
Cyprus, on 20 April 2017, from 17:00-19:00 UTC. A smoothing length of 750 m was used
for the extinction and lidar ratio, and 200 m for the backscatter and depolarization ratio.
Faint grey lines indicate the averaging layer boundaries. Dashed black lines in the extinction
coefficient panel indicate the altitudes of the three Falcon 20E flight legs.

As more optical information was available than in the UV only (Tab. 5.1), the deter-

mination of the aerosol mixing ratio was also attempted based on retrieval modes 2 and

5 (see Tab. 4.4). The optimal solution for the retrieval mode 2 (information on 532 nm

only) was statistically significant, while the one for retrieval mode 5 (simultaneous 355 and

532 nm retrieval mode) was not statistically significant. The statistically non-significant

solution occurred due to the inability of the retrieved aerosol mixing ratio to reproduce the

particle linear depolarization ratio at 532 nm within the measurement error range. Regard-

less of the statistical significance of the solution, both retrievals captured successfully the

predominance of the CNS aerosol component (87.3± 22.3% and 90.7± 22.2% for retrieval

modes 2 and 5, respectively). While both optimal solutions of retrieval modes 1 and 2 were

statistically significant, in the following sections the optimal solution of retrieval mode 1

is preferred for further product derivations since it corresponds to EarthCARE’s operating

wavelength.
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Figure 5.5: Mixing ratio of the four aerosol components as determined by the OEM typing
scheme for the layer observed between 3 and 5 km at Limassol, Cyprus, on 20 April 2017,
from 17:00-19:00 UTC. It should be noted that the error bars have been confined between
the constraint-accepted limits.

5.1.4 Comparison with airborne in-situ data

The output of the OEM-based aerosol typing scheme (Fig. 5.5) can be transformed into

aerosol size distributions, using the information of the four predefined aerosol components.

In the first step, the relative volume per aerosol component is converted into the volume

and number concentration per component, as described in Sec. 4.2 (Eq. (4.20) and Eq. (4.21),

respectively). Then, the volume and number concentration can be converted into the re-

spective size distributions by using each mode’s width and radius (listed in Tab. 4.1) in the

log-normal definition of the aerosol size distribution.

The volume and number concentration per aerosol component for the optimal solution

and retrieval errors (discussed in Sec. 5.1.3) is presented in Tab. 5.2. The aerosol mixture

observed is dominated by the CNS aerosol component in terms of volume concentration

and by the FSNA aerosol component in terms of number concentration. The volume con-

centration predominance of the CNS aerosol component (37.9± 2.8 µm3/cm3) is expected

since the optimal solution was also dominated by the same component. The second largest

volume concentration was for the FSNA aerosol component (4.4± 2.3 µm3/cm3), followed by

the CS and FSA aerosol components with very small volume concentrations (1.7± 2.4 and

0± 1 µm3/cm3, respectively). The predominance of the FSNA component in the number

concentration reflects the aerosol particles’ size; the predefined mode radius of the fine-mode
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Table 5.2: Volume and number concentration, along with the respective uncertainties, as
derived from the OEM-retrieved optimal solution for the case of 20 April 2017.

Volume Concentration
(µm3/cm3)

Number Concentration
(#/cm3)

FSA 0± 1 0± 195.6

CS 1.7± 2.4 0.2± 0.2

FSNA 4.4± 2.3 865.7± 464

CNS 37.9± 2.8 3.7± 0.3

particles is much smaller than the one of the coarse mode particles (see Tab. 4.1 for the exact

values). The fact that many more FSNA particles are needed, in comparison to the CNS

particles, to fill a certain volume explains the low volume and high number concentration

of the FSNA aerosol component.

Aerosol size distributions were available from Falcon 20E measurements that were car-

ried out on the same day (20 April 2017), between 17:40 and 19:30 UTC, at various al-

titudes ranging from 0.5 up to 9 km. The aerosol size distributions presented here are

the outcome of data combined from two instruments: the in-cabin SkyOPC and the wing-

mounted CAS-DPOL. The volume and number size distributions derived from the Falcon

20E measurements are presented in Fig. 5.6(a) and (b), respectively. Only flight legs that

were performed at altitudes approximately within the lidar altitude range (3–6 km) are

considered here and indicated with different colored lines. In the same figure, the volume

and number size distributions that were derived with the lidar approach (3–5 km), using

the OEM-based aerosol typing scheme (hereafter referred to as lidar/OEM approach), are

presented (black line with black dashed lines indicating the uncertainties). In addition, the

effective diameter calculated from the lidar/OEM approach (vertical black dashed line with

grey shaded area for the uncertainty) and the measurements from Falcon 20E are presented

(vertical colored dashed lines, estimates of the uncertainty were not available at the time of

writing).

Before discussing the comparison results, it should be noted that a comparison between

the extinction coefficient from the in-situ data and the lidar was performed. For the Fal-

con 20E measurements, the number size distribution was first converted to volume size

distribution under the simplified assumption of spherical particles. Then the volume size

distribution was used as an input to the spheroid model introduced by Dubovik et al. (2006)

to obtain the scattering properties. The extinction coefficient values (at 355 nm) that were

retrieved for the flight legs at 3.2, 4.8 and 6.6 km were 301.2, 205.9 and 62.3 Mm−1, respec-

tively. The extinction coefficient measured by the lidar at altitudes between 3 and 5 km

was 79.2 Mm−1, with maximum values around 120 Mm−1 between 3.5 and 4.5 km. The
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Figure 5.6: Volume (a) and number (b) size distributions derived from lidar measurements
(3–6 km height) following the lidar/OEM approach (black line, dashed lines indicate uncer-
tainties) compared to the corresponding size distributions measured on board of Falcon 20E
at various altitudes (colored lines and dashed lines). The vertical lines indicate the effective
diameter (black for the lidar/OEM approach and colored for Falcon 20E). The lidar/OEM-
derived effective diameter has been calculated for the whole size distribution (dotted) and
for a lower particle-diameter limit of 0.3 µm (dashed).

extinction coefficient obtained from the in-situ measurements appears to be vastly overes-

timated for the two lowest (in altitude) flight legs (3.2 and 4.8 km). For the highest (in

altitude) flight leg the extinction coefficient retrieved is lower but comparable with the one

measured by the lidar. The observed overestimation of the in-situ retrieved extinction co-

efficient could be attributed to horizontal effects. The horizontal distance between the the

aircraft and the lidar site was 72 and 127 km (in the south direction) for the flight legs at

3.2 and 4.8 km, respectively. The flight leg at 6.6 km had the lowest horizontal distance

from the lidar site: 57 km (in the south direction).

Figure 5.6 indicates an overall good agreement between the size distributions measured

by DLR Falcon 20E and those obtained with the lidar/OEM approach, especially for the

altitude for which the extinction values were consistent (around 6 km, blue lines). In par-

ticular, very good agreement was found for particles with diameters ranging between 1 and

8 µm. For particles with a diameter less than 1 µm (fine-mode aerosol particles) the agree-

ment is less satisfactory, with the lidar/OEM approach overestimating both the volume and

number size distributions. The overestimation in this size range reaches up to almost two

and one orders of magnitude for the volume and number size distribution, respectively. The

pronounced fine mode can be explained by two reasons. Firstly, the lidar/OEM approach

is considering fine-mode particles with a fixed mode diameter of 0.14 µm (mode width =

0.53, see Tab. 4.1), which is a very rough generalization and, thus, is unable to capture the

whole natural variability of the fine-mode particles. In addition, the in-situ observations

used for this study have a lower size limit of 0.3 µm in particle diameter. At the time of



5.1. CASE 1: DESERT DUST FROM A-LIFE FIELD CAMPAIGN 75

writing, Falcon 20E measurements for particles with a diameter smaller than 0.3 µm were

still under analysis. Therefore, it would be advised to revisit this comparison when the data

are available, to draw more solid conclusions with respect to the microphysical assumptions

used in the OEM typing scheme and in extension to the HETEAC model. Similarly, the

lidar/OEM approach produces lower values for the volume and number size distribution for

particles with a diameter larger than 8 µm. The aforementioned effect is much more promi-

nent for the volume size distribution (Fig. 5.6(a)), compared to the number size distribution

(Fig. 5.6(b)), and its range reaches up to approx. three orders of magnitude. Again, the ob-

served discrepancies can be attributed to the microphysical properties of the coarse-mode

particles considered by the lidar/OEM approach (see Tab. 4.1).

While estimates of the uncertainty of the effective diameter from the in-situ measure-

ments were not available at the time of writing, a first preliminary comparison between

the in-situ effective diameter and the one calculated using the lidar/OEM approach is at-

tempted here. It should be noted that for the effective diameter that was derived from the

in-situ measurements, a particle size range of 0.3–50 µm in diameter was used. An effec-

tive diameter of 1.7± 0.5 µm was obtained from the lidar/OEM approach, when the whole

size distribution is considered (dotted black line in Fig. 5.6). When the same calculation

(lidar/OEM approach) is carried out with a lower particle-diameter limit of 0.3 µm (same

as the in-situ data) the effective diameter is 2.1 µm. Considering the same size range as the

in-situ data improves the comparison, especially for the effective diameter obtained from the

in-situ Falcon 20E measurements at approx. 6 km altitude (even though in-situ uncertainties

are not available). The lower limit of 0.3 µm in diameter is causing an overestimation of the

effective diameter derived from the in-situ measurements. Once the particles with smaller

size are also considered in the analysis, the in-situ derived effective diameter is expected to

be lower.

In conclusion, the OEM-based aerosol typing scheme correctly identified the pronounced

lofted aerosol layer (3–6 km) as an aerosol layer primarily consisting of CNS particles. The

mixing ratio of the four different aerosol components (determined with the OEM scheme),

together with the a priori microphysics of the aerosol components, allowed the comparison of

the lidar/OEM approach products (i.e., volume and number size distributions and effective

radius) with the Falcon 20E in-situ data. The comparison was overall satisfactory, especially

when one considers that the OEM-based typing scheme is not designed to retrieve detailed

aerosol microphysical properties since it is based on parameterizations.
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5.2 Case 2: Smoke and desert dust above Cape Verde

5.2.1 Overview

During the SAMUM–2 campaign, a persistent and complex aerosol layering was observed

above Praia, Cape Verde for almost one month (18/01 to 14/02/2008), with the exception

of a few days, where clean marine conditions dominated. The vast majority of the aerosol

mixtures were observed in lofted aerosol layers and were mixtures of smoke and dust parti-

cles, while pure layers were mostly confined in the lowest 1 km and they were mostly pure

dust layers. Here, the focus is put on a lofted layer, which was observed at altitudes between

1–3 km, on 22/01/2008, from 20:05–21:00 UTC. The same lofted layer has been analysed

in detail by Tesche et al. (2011a).

Figure 5.7: Aerosol layer evolution in terms of range-corrected signal (a) and linear volume
depolarization ratio (b) at 710 nm at Praia, Cape Verde, on 22 January 2008, from 12:45–
22:05 UTC (adapted from Tesche et al. (2011b).

An overview of the atmospheric conditions based on aerosol lidar observations is provided

in Fig. 5.7. As the figure indicates, on that day several aerosol layers were observed at

altitudes up to 4 km. High linear volume depolarization ratio values in the lowest 0.8 km

indicate the presence of desert dust particles (originating from northern Africa). Between 0.8
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and 1 km, a decrease of the depolarization ratio is observed. Above 1 km altitude, the lofted

layer has lower depolarization ratio values (compared to the the lowest layer in altitude) and

it has been characterized as a mixture of mineral dust and biomass-burning/smoke aerosol

originating from southern West Africa (Tesche et al., 2009b, 2011a,b).

Figure 5.8: Vertical profiles of the particle backscatter and extinction coefficients, particle
lidar ratio, Ångström exponents and linear particle depolarization ratio measured at Praia,
Cape Verde, on 22 January 2008, between 20:20 and 22:30 UTC. A smoothing length of
660 m has been used (adapted profiles; analysed by Tesche et al. (2011a,b)). Faint grey
lines indicate the averaging layer boundaries.

Profiles of the backscatter and extinction coefficients, the lidar ratio, the Ångström

exponent and the linear particle depolarization ratio are presented in Fig. 5.8 (from left to

right, respectively) for a 2-h interval (20:20–22:30 UTC). As the figure indicates, between

1–3 km altitude, two aerosol layers can be identified. The aerosol layers boundaries have

been defined based on the retrieved optical properties, as 1.4–1.7 km for the lower aerosol

layer and 2.3–2.9 km for the upper aerosol layer. The averaged lidar ratios for the lower

aerosol layer are 85.6± 13.5 sr and 84.2± 13.3 sr at 355 and 532 nm, respectively. The mean

particle linear depolarization ratio at 532 nm for that layer is 0.16. The backscatter-related

Ångström exponents at the wavelength pairs of 355/532 and 532/1064 nm exhibit values

that range between 0.5 and 1. The optical properties of this aerosol layer are indicative of

an aerosol mixture that is rather absorbing and contains both spherical and non-spherical

particles. The upper layer exhibits mean lidar ratios of 57.0± 9.0 sr and 53.9± 8.5 sr at 355

and 532 nm, respectively. The layer-averaged particle linear depolarization ratio (532 nm)

is 0.14. Both the extinction- and backscatter-related Ångström exponents exhibit values



78 CHAPTER 5. APPLICATION - PART I: CASE STUDIES

that range between 0.5 and 1, similar to the ones observed for the lower layer. The optical

properties of the upper aerosol layer indicate again an aerosol mixture of spherical and non-

spherical particles that is less absorbing compared to the lower aerosol layer. However, based

solely on the aerosol measurements the mixing ratio of the different aerosols contributing

to the aerosol mixture observed cannot be determined.

5.2.2 Aerosol characterization by the OEM-based typing scheme

To characterize the mixing ratio (in terms of relative volume) of the different aerosol compo-

nents contributing to the observed aerosol mixtures, the OEM-based aerosol typing scheme

was applied to the two aforementioned aerosol layers (Fig. 5.8). Due to the absence of parti-

cle linear depolarization ratio information at 355 nm the only possible retrieval modes were

the modes 2 and 4 (see Tab. 4.4). In addition to the aforementioned optical properties at

532 nm, backscatter-related color ratios of 1.4± 0.5 and 1.3± 0.5 (for layer 1 and layer 2,

respectively, both at the wavelength pair 532/1064 nm) were used as inputs to the OEM-

based typing scheme. It should be noted that the errors of the particle linear depolarization

ratio (0.05) and the backscatter-related color ratio (0.5) had to be assumed (due to the

absence of data) to enable the OEM retrievals.

The outcome of the different retrieval modes for the two aerosol layers is presented in

Tab. 5.3. Both retrieval modes produced results that were statistically significant within

the 95% confidence interval for both aerosol layers and are therefore considered for further

analysis. It can be seen that in both aerosol layers, regardless of the retrieval mode, the

CNS aerosol component dominated in the aerosol mixture, in terms of relative volume, with

values ranging from approx. 67% to 78%. The second most abundant aerosol component

was the FSA one (≈ 26–29%) for the lower aerosol layer (layer 1) and the FSNA one (≈ 14–

18%) for the upper aerosol layer (layer 2). The aerosol components least present in the

lower aerosol layer were the CS and and FSNA ones, taking into account the retrieval

uncertainties. For the upper aerosol layer, the least present aerosol components were the

CS and FSA ones. The results (Tab. 5.3) for both aerosol layers are consistent for both

retrieval modes (2 and 4).

For the lower aerosol layer (layer 1) both retrieval modes identified the aerosol mixture

as a mixture of only two aerosol components; CNS and FSA. Retrieval mode 2, which takes

into account only the lidar ratio and particle linear depolarization ratio at 532 nm, identified

a CNS contribution of 67.3± 21.4% and a FSA contribution of 25.8± 15.4% (both in terms

of relative volume). Overall, the relative volume contribution of coarse-mode particles was

2.5 times higher than the one of the fine-mode particles. While this solution is the sta-

tistically most likely solution to produce the given measurements, the aerosol components’

contributions add up to a relative volume equal to 93.1%. Therefore, the remaining 6.9%
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Table 5.3: Contribution and respective uncertainties of the four basic aerosol components
to the aerosol mixtures observed at Praia, Cape Verde, on 22/01/2008, between 1.4–1.7 km
(layer 1) and 2.3–2.9 km (layer 2), from 20:05–21:00 UTC. The retrieval mode is also
indicated.

Aerosol layer Retrieval mode OEM output (%)

FSA CS FSNA CNS

1 2 25.8 ± 15.4 0 ± 14.8 0 ± 17.6 67.3 ± 21.4

2 2 1.7 ± 11.7 6.3 ± 14.3 14.3 ± 17.7 77.7 ± 22

1 4 28.5 ± 16 0 ± 14.9 0 ± 17.2 67.8 ± 21.3

2 4 1.7 ± 12.1 6.6 ± 14.8 17.8 ± 17.6 73.9 ± 21.9

relative volume can be attributed as uncategorized/unknown aerosol. In addition to the

optical parameters considered in retrieval mode 2, retrieval mode 4 takes also into account

the backscatter-related color ratio at the wavelength pair 532/1064 nm. The relative volume

contribution of the CNS aerosol component was 67.8± 21.3% for retrieval mode 4 (almost

identical with retrieval mode 2) and 28.5± 16% for the FSA aerosol component (slightly

increased compared to retrieval mode 4). The mixing ratio of coarse- and fine-mode parti-

cles slightly decreased compared to retrieval mode 2 (approx. 2.4). For this retrieval mode,

the relative volume of the uncategorized/unknown aerosol was 3.7% (lower compared to

retrieval mode 2). Given that both retrieval modes produced statistically significant results

for this layer and that retrieval mode 4 characterized a lower percentage of aerosol as un-

categorized/unknown compared to retrieval mode 2, we can conclude that retrieval mode

4, which includes more optical parameters compared to retrieval mode 2, is preferred. In

general, when the quality of the input data is good, the retrieval mode that uses the most

optical parameters is to be preferred.

The aerosol mixture observed in the upper layer (layer 2) was identified by retrieval

mode 2 as a mixture of primarily CNS and FSNA aerosol with relative volume contribu-

tions of 77.7± 22% and 14.3± 17.7%, respectively. CS and FSA particles also contributed

to the aerosol mixture with much smaller relative volume contributions (6.3± 14.3% and

1.7± 11.7%, respectively). The relative volume contribution of the coarse-mode particles

was 84%, and it was 16% for the fine-mode particles. For the same aerosol layer, the re-

sults of retrieval mode 4 are similar to those of retrieval mode 2. The dominant aerosol

component was the CNS (73.9± 21.9%), followed by the FSNA (17.8± 17.6%). CS and FSA

contributions to the aerosol mixture were small (6.6± 14.8% and 1.7± 12.1%, respectively).

The mixing ratio of coarse- to fine-mode particles was approx. 4.

To summarize the OEM results, both aerosol layers were identified by both retrieval

modes as aerosol mixtures, where coarse aerosol particles dominate in terms of relative
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contribution. The lower aerosol layer appears to be a mixture of CNS and FSA aerosol

particles with a mixing ratio of approx. 1.8. The upper layer appears to be a mixture

of CNS and FSNA aerosol particles with a mixing ratio of approx. 4. For this specific

case, the consistency between the results obtained with the two retrieval modes (2 and 4)

implies that the additional optical information (backscatter-related color ratio in the case

of retrieval mode 4) did not significantly change the outcome, but also did not obstruct the

analysis. In the following section, the OEM results for the two aerosol layers are compared

with the results of the POLIPHON method to investigate the consistency between the two

methodologies.

5.2.3 Comparison with POLIPHON

Following the POLIPHON methodology (Sec. 2.1), the dust and smoke contributions to

the measured total backscatter and extinction coefficient at 532 nm for the lofted aerosol

layers observed on 22/01/2008 were calculated and presented by Tesche et al. (2011b). To

compare the POLIPHON and OEM results, the OEM retrieval outputs had to be trans-

formed into backscatter and extinction fractions. First, the extinction and backscatter

coefficient per aerosol component was calculated as described in Sec. 4.2. Then, the fraction

attributable to the different components was computed with respect to the total OEM-

retrieved backscatter and extinction coefficients. Table 5.4 summarizes the results of the

aforementioned transformation. In addition, to facilitate the POLIPHON-OEM compari-

son, the POLIPHON-derived backscatter and extinction fraction vertical profiles had to be

averaged for the two examined aerosol layers.

Table 5.4: Contributing fractions of the different aerosol components to the total OEM-
estimated backscatter and extinction coefficient at 532 nm for the two aerosol layers observed
at Praia, Cape Verde, on 22 January 2008, from 20:20–22:30 UTC.

Layer Ret. mode Backscatter coef. 532 nm (%) Extinction coef. 532 nm (%)

FSA CS FSNA CNS FSA CS FSNA CNS

1 2 59.8 0 0 40.2 71.7 0 0 28.3

2 2 3.9 10.2 40.2 45.7 6.7 3.6 43.6 46.1

1 4 62.1 0 0 37.9 73.6 0 0 26.4

2 4 3.7 9.8 46.3 40.2 6.3 3.4 50.1 40.2

In the OEM-based typing scheme, the CNS aerosol component resembles desert dust

particles and, therefore, can be directly compared with the dust fractions derived with the

POLIPHON method. Both the FSA and FSNA aerosol components can resemble smoke

particles with different absorption properties, such as in the case of smoke from different

origins, e.g., from flaming or smoldering fires. Therefore, to allow for a fair POLIPHON-
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OEM comparison, the contributions of the FSA and FSNA aerosol components have been

summed up first (only applicable for aerosol layer 2). In addition, the contributions of

the CS aerosol component (only applicable for aerosol layer 2) are not taken into account

for this comparison, since POLIPHON has attributed the non-dust contributions to smoke

particles entirely. The POLIPHON-OEM comparison results are summarized in Figure 5.9.

Figure 5.9: POLIPHON-OEM comparison of the fractions of backscatter (top panels) and
extinction (bottom panels) coefficients for the lower (layer 1, left panels) and upper (layer
2, right panels) aerosol layers at Praia, Cape Verde on 22 January 2008, between 20:20 and
22:30 UTC.

The OEM-derived results for the lower aerosol layer (layer 1, left panels in Fig. 5.9)

agree to a satisfactory level with the POLIPHON results. POLIPHON results (stem with

circle) indicate that the dust (CNS) and smoke (FSA) aerosol particles contributed almost

equally to the backscatter coefficient (50.7% and 49.3%, respectively), while the smoke

particles dominated the extinction coefficient with contributions of 67.5%. The OEM results

are rather similar for both retrieval modes (2 and 4 indicated by stems with triangle and

square, respectively) and indicate that the FSA particles dominated both the backscatter

and extinction coefficients with contributions of approx. 60% and 72%, respectively.

The POLIPHON results for the upper aerosol layer (layer 2, right panels in Fig. 5.9)

indicate that the smoke particles dominated both the backscatter and extinction coefficients

with contributions of 61% and 60%, respectively. On the other hand, for retrieval mode 2,

the OEM results revealed that the sum of the FSA and FSNA aerosol components (smoke

particles) and the CNS particles contributed almost equally to the backscatter (44.1% and
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45.7%, respectively) and extinction coefficients (50.3% and 46.1%, respectively). For the

same retrieval mode, small contributions of CS aerosol particles were also evident (see

Tab. 5.4, not shown in Fig. 5.9). OEM results from retrieval mode 4 compared much better

with the POLIPHON results; the sum of the FSA and FSNA aerosol components domi-

nated both the backscatter and extinction coefficients with contributions of 50% and 56.4%,

respectively. The contribution of the CNS particles was 40.2% for both the backscatter and

extinction coefficients, which in addition compared very well with the respective dust frac-

tions from POLIPHON. Similarly to retrieval mode 2, in retrieval mode 4, the CS aerosol

component had small contributions to both the backscatter and extinction coefficients.

Figure 5.10: Same as Fig. 5.9, but including the fractions from the CS particles and sepa-
rated as dust and non-dust components.

As mentioned earlier (see Sec. 2.1), POLIPHON is able to separate only dust and non-

dust components (in this case smoke). The POLIPHON-OEM comparison presented in

Fig. 5.10 follows the aforementioned notation. The non-dust fractions consist of contribu-

tions of the FSA, FSNA and CS aerosol particles. The lower aerosol layer (layer 1) consists

only of FSA and CNS aerosol components (according to the OEM-typing scheme) and nat-

urally has not been affected by this notation change. However, for the upper layer (layer 2)

the OEM-retrieved non-dust fractions of backscatter and extinction coefficients fit very well

with the POLIPHON results. The non-dust component clearly dominates now both the

backscatter and extinction coefficients for both retrieval modes. That is especially true for

the retrieval mode 4, where the results from both methodologies are almost identical. The

non-dust particles dominate the backscatter (61% for POLIPHON and 59.8% for OEM)
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and extinction (60% for POLIPHON and 59.8% for OEM) coefficients.

Overall, the comparison between the POLIPHON and the OEM results is satisfactory.

The small discrepancies observed (e.g., in the upper aerosol layer, Fig. 5.9) originate from

the differences in the two methodologies. POLIPHON is able to separate only dust and

non-dust components (in this case smoke, see Sec. 2.1), while the OEM-based aerosol typing

scheme can separate up to four different aerosol components, including two fine-mode and

two coarse-mode components. When the notation between the two methodologies was

harmonized, the results compared very well to each other (see upper aerosol layer, retrieval

mode 4 in Fig. 5.10). Overall, the advantage of OEM compared to POLIPHON is that OEM

provides information on the radiative properties of the aerosol particles (i.e., whether the

particles are absorbing or not). For instance, regarding the upper aerosol layer, POLIPHON

assigned the entire amount of non-dust particles to smoke, while OEM provided the most-

likely contributions of the remaining three components. For the given optical properties,

OEM suggested that the non-dust particles in the upper aerosol layer (see Tab. 5.3) are

more likely to be less absorbing (FSNA) than strongly absorbing (FSA).
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5.3 Case 3: Californian smoke above Central Europe

5.3.1 Overview

On 11 September 2020, around 03:00 UTC, lofted aerosol layers arrived above Leipzig,

Germany and were observed with a PollyXT at an altitude of approx. 12 km (Fig. 5.11).

These aerosol layers contained smoke particles, which originated from wildfires that occurred

3–4 days prior to the observations at the US west coast (Baars et al., 2021). Later on the

same day, the smoke layers were observed throughout the whole troposphere down to an

altitude of approx. 4.5 km. Overall, smoke layers from this event were observed above

Leipzig until 14 September 2020.

Figure 5.11: Overview of the atmospheric conditions, in terms of range-corrected signal at
1064 nm over Leipzig, Germany on 11/09/2020, between 00:00 and 22:00 UTC. No data
are available during regular depolarization calibration periods (white bars).

Fig. 5.12 (vertical resolution: 500 m) shows the optical properties of the smoke layer, as

observed on 11 September 2020, between 21:40–22:40 UTC, and retrieved using the Raman

method (Ansmann et al., 1992). The backscatter coefficient shows a strong wavelength

dependence (355–532 nm spectral range), while at the same time, the extinction coefficient

exhibits a much less prominent wavelength dependency (at same spectral range). Therefore,

the lidar ratio at 532 nm is larger than the respective one at 355 nm. This feature incorpo-

rates the most significant signature for aged smoke (Murayama et al., 2004; Müller et al.,

2005; Tesche et al., 2011b; Baars et al., 2012; Giannakaki et al., 2015; Haarig et al., 2018).

The extinction-related Ångström exponent exhibits values between zero and one, indicating

that the aerosol particles are medium in size. The particle linear depolarization ratio ex-

hibits low values (from 2–4% for both wavelengths) up to approx. 8 km altitude. Above that

altitude, it increases to values up to 5.7% and 9.2% at 355 and 532 nm, respectively. The
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low particle linear depolarization ratio values indicate the presence of spherically shaped

particles. The slightly elevated particle linear depolarization ratio values might occur due

to the presence of rather irregularly shaped soot or soil dust particles (Nisantzi et al., 2014)

mixed with partly coated soot particles.

Figure 5.12: 1-h-mean profiles (21:40–22:40 UTC) of optical properties in the smoke layer
observed on 11 September 2020 above Leipzig, Germany. From left to right: backscatter
coefficient at 355 and 532 nm (blue and green, respectively), extinction coefficient (355 and
532 nm), lidar ratio (355 and 532 nm), extinction-related Ångström exponent and particle
linear depolarization ratio (355 and 532 nm).

5.3.2 Aerosol characterization by the OEM scheme

The optical properties presented in Fig. 5.12 (filled circles) are layer-mean values (500 m

averaged, 12 aerosol layers in total) and were used as input to the OEM-based typing

scheme. The OEM scheme can, therefore, evaluate the whole profile. Tab. 5.5 presents the

optical properties of the respective aerosol layers (OEM input) along with measurement

errors and altitude information. Since measurement errors were not available, to be able

to use the OEM typing scheme, the measurement errors had to be assumed. An error of

20% of each respective measurement was assumed (large enough to capture the variability

of the optical parameters, e.g., errors for the backscatter and extinction coefficients are in

the range of 5–10% and 10–20%, respectively (Althausen et al., 2009; Baars et al., 2012;

Engelmann et al., 2016)).

For almost all layers (except the lowest one in altitude) all OEM input parameters were
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Table 5.5: Optical properties of the different aerosol layers observed at Leipzig, Germany,
on 11/09/2020. Unit for altitude range is in km, δ is expressed in % and S in sr.

Layer Altitude Optical properties

δ355 S355 Å δ532 S532 Cβ532/1064

1 1.1–1.6 5 ± 1 29.7 ± 5.9 – 3 ± 0.6 – 3.1 ± 0.6

2 1.8–2.3 3 ± 0.6 30.2 ± 6.04 0.7 ± 0.14 2.5 ± 0.5 31.8 ± 6.4 3.8 ± 0.76

3 4.3–4.8 2 ± 0.4 49 ± 9.8 1.1 ± 0.22 3 ± 0.6 61.2 ± 12.2 4.1 ± 0.82

4 5.1–5.6 2 ± 0.4 48 ± 9.6 1 ± 0.2 3.7 ± 0.7 70.2 ± 14 3.7 ± 0.74

5 5.8–6.3 2.4 ± 0.5 37.4 ± 7.5 1.2 ± 0.24 3.8 ± 0.76 54 ± 10.8 3.7 ± 0.74

6 6.6–7.1 2 ± 0.4 36.3 ± 7.3 1.4 ± 0.28 3.5 ± 0.7 48.3 ± 9.7 3.8 ± 0.76

7 7.2–7.7 2 ± 0.4 35.5 ± 7.1 1.1 ± 0.22 3.8 ± 0.76 54.5 ± 10.9 3.7 ± 0.74

8 7.7–8.2 3 ± 0.6 33.3 ± 6.66 0.9 ± 0.18 5.5 ± 1.1 53 ± 10.6 3.6 ± 0.72

9 8.2–8.7 4.4 ± 0.9 37.4 ± 7.5 0.54 ± 0.11 7 ± 1.4 66.3 ± 13.3 3.6 ± 0.72

10 8.7–9.2 5.3 ± 1.1 34.8 ± 7 0.05 ± 0.01 8 ± 1.6 72.4 ± 14.5 3.5 ± 0.7

11 9.3–9.8 5.8 ± 1.2 56.2 ± 11.2 1.2 ± 0.24 9.7 ± 1.9 64.6 ± 12.9 3.5 ± 0.7

12 10.1–10.6 5.7 ± 1.1 60.7 ± 12.1 3.6 ± 0.7 9.2 ± 1.8 26.8 ± 5.4 3.3 ± 0.66

available and, therefore, all retrieval modes (six in total, Tab. 4.4) were performed. For

layer 1, only one retrieval mode was available (retrieval mode 1 in Tab. 4.4). In total, 64

retrievals were performed, out of which 34 were found to be statistically significant (approx.

53% of the cases). The remaining retrievals were not statistically significant and three of

them failed to converge.

An overview of all the retrieval results, regardless of their statistical significance, is

presented in Fig. 5.13. With a quick glance, one can see that in the majority of the layers

the dominant aerosol component was the CS one. The CS predominance is especially

evident for retrieval modes 1, 3, 5 and 6 (Fig. 5.13 a, c, e and g, respectively). The low

values of the particle depolarization ratio along with the low values of the lidar ratio (both

at 355 nm) resulted in a CS-dominated initial guess of the state vector (see Sec. 4.1.4) and in

several cases a statistically significant solution was found. In the majority of the cases, the

CS-dominated aerosol mixture has also high contributions of the CNS aerosol component.

However, layers 3, 4, 11 and 12 were the exceptions (due to the much higher lidar ratio

values), as the dominating aerosol component was the FSNA. In particular, the lowest (in

altitude) two aerosol layers were identified as FSNA/CS mixture, a mixture that could be

associated with aged smoke particles that have undergone some hygroscopic growth and

coating, but the results were not statistically significant. On the other hand, the highest

two (in altitude) aerosol layers were primarily composed of FSNA particles, mixed mainly

with CNS and FSA particles. The results of retrieval modes 1 and 3 were statistically
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significant for the aerosol layer 11. None of the retrievals performed for the aerosol layer 12

was found to be statistically significant.

The FSNA and FSA aerosol components appear to dominate the results retrieved using

the retrieval modes 2 and 4 of the OEM-based aerosol typing scheme. Large contributions

of CNS particles were also evident, especially for the higher (in altitude) aerosol layers. For

these two retrieval modes, the higher lidar ratio (at 532 nm) resulted in a more FSNA-

dominated initial guess of the state vector compared to the rest of the retrieval modes.

For retrieval mode 2, all layer retrievals except for layer 12 were found to be statistically

significant. While the results obtained with retrieval mode 4 are overall consistent with the

respective ones of retrieval mode 2, only results for layers 5, 6, 7 and 8 were found to be

statistically significant.

Figure 5.13: Relative volume contributions of the four different aerosol components con-
tributing to the aerosol layers of Fig. 5.12 for the different retrieval modes. Black, blue, red
and orange colors indicate FSA, CS, FSNA and CNS particles, respectively.

The initial guess of the state vector has clearly affected the optimal state (i.e., the

optimal solution). In retrieval modes 1, 3, 5 and 6 the selection of the initial guess is based

on the lidar ratio and particle linear depolarization ratio at 355 nm and, according to the

decision tree (Sec. 4.1.4), a CS-dominated initial guess was assigned to the majority of the

aerosol layers. On the other hand, in retrieval modes 2 and 4 the choice of the initial

guess is made based on the same information but at 532 nm. That results in a FSNA- or
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Figure 5.14: Lidar ratio versus linear particle depolarization ratio (at 355 and 532 nm)
of the four basic aerosol components considered in the current version of the OEM-based
typing scheme and of the aged smoke particles observed on 11/09/2020.

FSA-dominated initial guess for the majority of the aerosol layers.

Apart of the importance of the initial guess of the state vector, inconsistencies between

the different retrieval modes also reveal that the nature of the aged smoke particles is

not well captured by the OEM-based aerosol typing scheme as it is. For instance, layer

5, which was observed in an altitude of approx. 6 km, is clearly consisting of aged smoke

particles, as the optical properties indicate (Tab. 5.5). According to retrieval modes 1, 3,

5 and 6 (all statistically significant except 6) the layer consisted mainly of CS particles,

with contributions of at least 70% in terms of relative volume. On the other hand, retrieval

mode 2 and 4 (statistically significant results) identified a FSNA dominance of at least 83%

in terms of relative volume contributions. Clearly, neither the CS nor the FSNA aerosol

component can represent optically and microphysically the aged smoke particles.

The correct identification and quantification of the relative volume contribution of the

aged smoke particles by the OEM-based aerosol typing scheme requires the introduction of

at least one new aerosol component to the typing scheme. The necessity of the introduction

of a new aerosol component is pointed out in Fig. 5.14 and 5.15. As the figures indicate,

the optical properties of the aged smoke particles do not match with either the FSA nor

the FSNA aerosol components. The backscatter coefficient of the new aerosol component

should exhibit a clear and strong wavelength dependence for the 355-532 nm range. In

the same spectral range, the wavelength dependence of the extinction coefficient should

be weaker. The particle linear depolarization ratio for aged smoke particles present in the

troposphere is typically low and does not show a strong wavelength dependence. However,
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Figure 5.15: Same as Fig. 5.14, but for the extinction-related Ångström exponent versus
the particle linear depolarization ratio (left) and lidar ratio (right) at 355 nm.

when the particles are present in the stratosphere, the particle linear depolarization ratio

is considerably higher and exhibits a strong wavelength dependence (Burton et al., 2015;

Haarig et al., 2018; Hu et al., 2019; Ohneiser et al., 2020). The reason for this behavior

has been hypothesized by Haarig et al. (2018). The fast vertical transport of the fire smoke

to the upper troposphere and lower stratosphere by pyroconvection has possibly prohibited

the interaction of the particles with gases (coating) and/or the internal mixing with other

aerosol particles and, therefore, only the pure and irregularly shaped soot particles entered

the rather dry lower stratosphere. Previous studies (e.g., Müller et al. (2005); Wandinger

et al. (2002)) have shown that the size of the aged biomass-burning particles tends to be

larger than the particle size of anthropogenic pollution aerosol. Therefore, the new aerosol

component should be of medium size (e.g., Reff > 0.2 µm). The real and imaginary part of

the refractive index of the component should be comparable (same order of magnitude) with

the FSA aerosol component. Given the rather peculiar nature of those particles, a further

splitting of the new aerosol component into two separate components might be necessary also

from a microphysical point of view (i.e., tropospheric aged smoke particles with spherical

and stratospheric aged smoke particles with irregular shape). The introduction of such new

particle types requires a more detailed research, as the topic is quite new and it is beyond

the scope of this thesis, although can be worked on in a follow-up project.
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5.4 Conclusions

The application of the OEM-based aerosol typing scheme in the case studies presented in

this chapter demonstrated not only the algorithm’s strengths but also its limitations. It

was shown that for an aerosol layer, the mixing ratio (in terms of relative volume) of up to

four different aerosol components can be adequately determined. The determination of the

mixing ratio was achieved by utilizing several optical properties in various combinations.

The flexibility of the forward-model operator is a huge advantage of this methodology, as

it allows the usage of OEM in a wide-ranging extent. The aerosol layers discussed in the

case studies above covered various scenarios of atmospheric load and the algorithm was

able (in most cases) to distinguish the aerosol components present in those aerosol layers.

The determination of the mixing ratio was more challenging in the case of aerosol layers

consisting of aerosol particles that are not directly resembled by an aerosol component of

the OEM-based typing scheme (e.g., see Sec. 5.3). In such cases, while the resulting mixing

ratios were statistically significant, they clearly did not reflect the atmospheric state, as

there is no unique solution that can reproduce the measurements. To improve the results

for such cases, the introduction of a new aerosol component is necessary, but beyond the

scope of this thesis.



Chapter 6

Application - Part II: Long-term

lidar observations

The structure of the OEM-based aerosol typing algorithm is such that it allows its applica-

tion not only to case-specific aerosol layers (see Ch. 5) but also to long-term observations,

making it thus ideal for aerosol monitoring and characterization purposes. Therefore, in this

Chapter the application of the OEM-based typing scheme to long-term lidar observations

that were conducted in Haifa, Israel (March 2017–May 2019) is presented and discussed.

First, information regarding location, instrumentation and data analysis methods is pro-

vided. Afterwards, the aerosol mixtures observed above Haifa are identified and charac-

terized in terms of mixing ratio based on the OEM-based aerosol typing scheme. Finally,

the seasonal variability of the aerosol components is presented, along with height-resolved

air-mass source attributions, which were performed using TRACE (Radenz et al., 2021b).

Results presented in this Chapter have been published in Heese et al. (2022).

6.1 Haifa, Israel: location, instrumentation and data han-

dling

Haifa is a coastal city located in Israel (Fig. 6.1) and situated between the northern slopes

of Mount Carmel and the Haifa Bay (eastern shore of the Mediterranean Sea/Levantine

Sea). The city itself is neighbouring to the east with big industries (e.g., large petrochemical

plants, oil-fueled power station, cement factories) as well as smaller industries and workshops

(Ganor et al., 1998).

Due to its location, Haifa receives air masses that firstly cross the Mediterranean basin

and typically originate from Europe, Africa and the Atlantic Ocean (Alpert et al., 1990). In

addition to locally produced pollution-associated aerosol particles (from the industries in the

91
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vicinity of the city), the air masses carry long-range transported pollution-related particles

(Europe), desert dust particles from the Saharan region (Africa) as well as marine particles

(Atlantic Ocean and Mediterranean Sea) to Haifa. An additional source for desert dust

particles is the Arabian peninsula (Kubilay et al., 2000). The different aerosol types and

the mixtures that they create have been studied mainly by means of in-situ measurements

(e.g., Ganor et al., 1998; Koçak et al., 2004) and thus, there was a knowledge gap regarding

the vertical aerosol distribution.

For that reason and in collaboration with the Viterby Faculty of Electrical Engineering

at the Technion in Haifa, continuous (24/7) and height-resolved lidar measurements of

the vertical aerosol distribution have been performed for two years, from March 2017 until

May 2019. The location of the lidar measurement site is shown in Fig. 6.1 (right panel, yellow

star). A multi-wavelength Raman and polarization lidar PollyXT (Engelmann et al., 2016)

was situated at 32.8° N and 35.0° E at an altitude of 230 m ASL. A near-range telescope

allows the detection of scattered light at 355, 387, 532 and 607 nm from about 60–80 m AGL

(above ground level). Vertical profiles can be obtained with an uppermost detection height

of around 20 km AGL. This setup allows the determination of the backscatter coefficient

at 355, 532 and 1064 nm and the extinction coefficient at 355 and 532 nm, as described by

Ansmann and Müller (2005). Typically, uncertainties for the Raman-retrieved backscatter

and extinction coefficients are in the range of 5–10% and 10–20%, respectively (Althausen

et al., 2009; Baars et al., 2012; Engelmann et al., 2016). The lidar ratio, Ångström exponent,

backscatter-related color ratio as well as the particle linear depolarization ratio can also be

determined according to standard procedures applied in EARLINET (D’Amico et al., 2015;

Mattis et al., 2016). Data are quality assured, since quality assurance procedures are a

key aspect within the EARLINET network (e.g., Wandinger et al., 2016b; Freudenthaler,

2016; Belegante et al., 2018) and are followed even when Polly lidar systems are operated

at non-stationary sites.

For the period March 2017 to May 2019, in total 397 lidar aerosol profiles were analysed

(Mewes, 2018) and about 1013 aerosol layers were manually identified. However, not all

aerosol layers were suitable for the OEM-based typing scheme. Input criteria require the

availability of height-averaged lidar ratio and linear particle depolarization ratio at least at

one wavelength (either 355 or 532 nm), as already mentioned in Sec. 4.1.5 (see Tab. 4.4).

Even though the optical information available was very diverse, given OEM’s flexibility in

terms of optical parameters and their different combinations that can be used as input,

a total of 659 aerosol layers were found suitable for further analysis. More precisely, 659

aerosol layers were found suitable for further analysis, out of which 474 led to statistically

significant retrievals (71.9%). To be more specific, 57 statistically significant solutions

were obtained by using OEM’s retrieval mode 1, 359 by using retrieval mode 2 and 57 by
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Figure 6.1: Map of the Levantine Sea, showing the location of Haifa, Israel (left). The
zoomed map (right) shows Haifa (red star) and the location of the PollyXT lidar (yellow
star). Source: Google Earth (22/03/2021).

using retrieval mode 5 (see Tab. 4.4). In this case, the fact that the vast majority of the

statistically significant retrievals is an outcome of the retrieval mode 2 is only reflecting

the available input parameters; most aerosol layers were identified and analysed based on

optical information at 532 nm. In the following sections, the only layers further considered

and discussed are the ones that led to a statistically significant retrieval.

6.2 Aerosol mixture identification

An overview of the altitude and extent of the examined layers is shown in Fig. 6.2. It

should be noted again that only the layers that led to statistically significant retrieval

results are shown here. These aerosol layers were mostly confined in the lowest parts of the

troposphere, on average at altitudes between 740 m and 2 km. However, there are several

lofted layers observed at high altitudes, especially between 2 and 4 km but also above 4 km.

At this point, it should be mentioned that one layer that was observed in spring 2018 at an

altitude between 11 and 12 km is not shown in Fig. 6.2 (for visual clarity of the figure) but

is considered in the analysis.

The layers of Fig. 6.2 have been color-coded according to the aerosol component that
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Figure 6.2: Overview of the altitude end extent of the aerosol layers above Haifa, Israel,
between March 2017 and May 2019, as observed with a PollyXT lidar. Each layer is colored
by the aerosol component that is present with at least 50% of the total relative volume
of the layer. Black, blue, red and yellow bars correspond to FSA, CS, FSNA and CNS,
respectively.

is contributing to the mixture at least with 50% in terms of relative volume contribution.

This rather large threshold is not able to reveal the layer composition, but nevertheless it

provides a first impression of the overall aerosol load composition. Most of the lower aerosol

layers (below 2 km) have large contributions of CS particles. CS particles can be attributed

mainly to marine particles, especially after taking into account the location of Haifa (coastal

city) as well as the altitude of the layers (lowest 2 km, MBL). Above 2 km, most of the lofted

layers are composed of FSNA and CNS aerosol. These aerosol components can be attributed

to particles of anthropogenic origin and desert dust, respectively. Given the altitude of these

layers, we can assume that these aerosol types were both subject to long-range transport.

Apart from an overview of the aerosol load above Haifa, Fig. 6.2 provides a quick overview

of the seasonality of the observed aerosol components. Overall, the CS aerosol component is

exhibiting high contributions to the aerosol mixtures observed for all seasons (2017–2019),

however, during the spring season we observe high contributions from the CNS component.

The reason for that, along with a more detailed analysis of the seasonality of the different

aerosol components, is discussed in Sec. 6.3.

To fully characterise the mixing state of the aerosol layers observed above Haifa, the

composition of all the aerosol layers needs to be carefully examined. Figure 6.3 shows the

relative volume contribution of the different aerosol components of each considered aerosol

layer. From Fig. 6.3 one can see that most layers are composed of two or more contributing

aerosol components (277 layers) and that the existence of pure aerosol layers is rather rare.

To examine the aerosol composition of the layers, we defined a contribution greater than

80% (in terms of relative volume) as “clear component predominance” and a contribution

greater than 95% as “pure layers”. Out of the 474 examined aerosol layers, in 83 layers
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Figure 6.3: Overview of the aerosol layer composition in terms of relative volume contribu-
tion per aerosol component, above Haifa, Israel, as retrieved with the OEM-based typing
scheme. The layers (474 in total) are presented in chronological order (March 2017 until
May 2019).

(17.5%) the aerosol component with clear predominance was the CS, in 67 layers (14.1%)

the FSNA component, in 46 layers (9.7%) the CNS component and only 1 layer was found

to be clearly dominated by the FSA component (0.2%). In addition, pure layers were

observed only 8 times (1.7%) in this period (23.03.2017–08.05.2019) and consisted of the

CS component.

To retrieve information regarding the dominant mixture per aerosol layer, it is sufficient

to examine the two dominant aerosol components present in the aerosol layer. Not surpris-

ingly, it was found that the most commonly occurring aerosol mixture is dominated by CS

particles (in 229 layers, mixed with either FSNA, FSA or CNS), followed by FSNA, CNS

and FSA dominated aerosol mixtures (131, 90 and 24 layers, respectively). Regardless of

the dominance of one of the two aerosol components present in the mixture, in total 120

aerosol mixtures were characterized as CS/FSA mixture, 85 as CS/FSNA, 114 as CS/CNS,

18 as FSNA/FSA, 115 as FSNA/CNS and 22 as CNS/FSA aerosol mixture.

The most commonly occurring aerosol mixture contains the CS and FSA aerosol com-

ponents. Aerosol mixtures of CS/CNS and FSNA/CNS are also commonly encountered.

All the aforementioned mixtures are expected at Haifa given its location and the govern-

ing circulation patters (Sec. 6.1). The least occurring aerosol mixture was found to be the

mixture of the CNS and FSA components.

6.3 Seasonal variability

In this section, the seasonal variability of the different aerosol components found in the

aerosol layers above Haifa is examined. In total 64, 143, 122 and 145 layers were analysed

for winter, spring, summer and autumn months, respectively. For each season the frequency

of occurrence of each layer’s aerosol component relative volume contribution is studied and

presented. By evaluating the times during which a specific range of relative volume contri-
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bution of each aerosol component occurs, the seasonal aerosol distribution can be evaluated.

To further support the typing scheme and identify the aerosol sources, the temporally and

vertically resolved air-mass source attribution TRACE (Radenz et al., 2021b) was used.

TRACE combines backward trajectories or particle positions from a Lagrangian Particle

Dispersion Model (LPDM) with a simplified land cover classification (MODIS land cover

(Friedl et al., 2002) and manually defined areas) to obtain a continuous and vertically

resolved estimate of an air-mass source above a certain location. Meteorological data is

obtained from the Global Forecast System (GFS) analysis at a horizontal resolution of 1○

(NCEP, 2000). In this study, the LPDM approach was used with the most recent version

of FLEXPART (Stohl et al., 2005; Pisso et al., 2019). 500 particles are traced with their

corresponding positions being stored every 3 hours. These simulations run for every 3 hours

with height steps of 500 m for the period of interest (in this case, for the periods of the

layer observations). The reception height (i.e., the proximity of an air mass to the surface)

is set to 2 km, which is a widely applicable reception height threshold (Val Martin et al.,

2018).

Figure 6.4: Frequency of occurrence (absolute) of the different aerosol components, in terms
of relative volume contribution, during winter months (December, January and February
2017–2019).

Winter

The frequency of occurrence of the different aerosol components in terms of relative volume

during winter months is depicted in Fig. 6.4. The aerosol component with the largest relative
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Figure 6.5: Air-mass source estimate based on FLEXPART particle positions for the Haifa
station in December, January and February 2017–2019 (winter season). The named ge-
ographical areas (a) and the land surface classification (b) are only for the periods with
available lidar data (sub-sampled). The reception height threshold is 2 km.

volume contribution to the aerosol layers was the CS component, as indicated by the high

frequency of occurrence of the rather large relative volume contributions (e.g., above > 50%).

The second aerosol component with large contributions (in terms of relative volume) to the

aerosol layers was the FSNA one, followed by the CNS component. The aerosol component

least present (relative volume contribution < 20%) in the aerosol layers was FSA. On average,

aerosol mixtures during the winter months of 2017–2019 were composed of 47± 21% CS,

26± 20% FSNA, 19± 20% CNS and 7± 15% FSA.

Profiles of the air-mass sources for the aerosol layers observed above Haifa are shown in

Fig. 6.5, with a reception height threshold of 2 km. In terms of geographical areas (Fig. 6.5a),

below 2 km (where most layers were located) the most dominant air-mass sources were

Europe and the Sahara, followed closely by the Arabian Peninsula. Air masses from Persia

were less frequent and only up to 2 km. Above 2 km and up to 12 km, the most predominant

source is the Saharan desert. No air masses from the Far East deserts (manually defined

area containing the Gobi and Taklamakan deserts) and India fulfilled the 2 km reception

height criterion. Most dominant land surface categories (Fig. 6.5b) were water, barren

and grass/cropland, with water having significantly higher normed residence time (i.e., the

time that an air mass spends above a specific land category) compared to all the other

land surface categories (especially above 4 km). The residence time of all other categories
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decreased monotonically with height.

Combining the aerosol information obtained from the OEM-based typing scheme and

the air-mass sources from TRACE, it can be concluded that the CS particles found in aerosol

mixtures above Haifa are most likely marine aerosol, primarily composed of water-soluble,

coarse sea-salt particles. The air masses travelling from the Sahara and Europe towards

Haifa spent significant time above water masses (Mediterranean Sea), thus allowing the

uptake of sea-salt particles. The FSNA aerosol component can be attributed to European

and Arabian sources and it is most likely composed of low or moderately absorbing aerosol,

typically found in urban background and in general aerosol of anthropogenic origin. CNS

particles observed are clearly desert dust particles, originating mainly from the Saharan

region (long-range transport) but also from the Arabian Peninsula (locally produced or

transported over short distances). Finally, the small contribution of FSA aerosol can be

attributed to particles emitted from direct combustion processes, either produced regionally

(Arabian Peninsula) or observed above Haifa after long-range transport events (e.g., from

Europe).

Figure 6.6: Frequency of occurrence (absolute) of the different aerosol components, in terms
of relative volume contribution, during spring months (March, April and May 2017–2019).

Spring

Similarly to Fig. 6.4, Fig. 6.6 shows the the frequency of occurrence of the different aerosol

components in the aerosol layers observed during the spring months between 2017 and
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2019. The dominating aerosol component for the aerosol layers observed in the spring

season was the CNS component. As Fig. 6.6 indicates, in many aerosol layers the CNS

component contribution was above 70% (in terms of relative volume). High occurrence of

large contributions (relative volume above 60%) is also observed for the CS component.

The aerosol component least present (mostly with relative volume contributions lower than

20%) was FSA. On average, aerosol mixtures are composed of 40± 21% CNS, 31± 19% CS,

21± 18% FSNA and 7± 14% FSA.

The height profiles of the air-mass sources for the Haifa station are shown in Fig. 6.7,

again using a reception height threshold of 2 km. In the lowest 1 km, the most dominant

air-mass sources in terms of geographical area (6.7a) were Europe and the Sahara, followed

closely by the Arabian Peninsula. Air masses from Persia were less frequent and were

observed up to 4.5 km. Above 1 km, the Saharan desert is the predominant source. During

the spring months, air masses originating over water were the most frequent ones below 2 km

and then again above 3.5 km. The second most frequent land cover was barren, reaching

a peak between 2.5 and 3 km. Other land surfaces with significant air-mass residence

times were grass/cropland, savanna/shrubland and forest. With the exception of water, the

residence time of all other land categories decreased monotonically with height.

The predominant CNS component contribution to the aerosol layers during the spring

season (2017–2019) can be attributed to desert dust particles transported to the measure-

ment site mainly from the Saharan desert and the Arabian Peninsula. Air masses from

Europe most likely carried FSNA and FSA particles, associated with smoke, urban back-

ground and pollution particles. The latter two are expected to have local sources as well,

given their low frequency of occurrence of high relative volume contributions. The overall

high contribution of CS particles, usually associated with sea-salt particles, can be explained

by the vicinity of the city to the eastern part of the Mediterranean basin and prevailing

sea-breeze conditions at the measurement site.

Summer

The frequency of occurrence of the different aerosol components during the summer months

(June, July and August 2017–2018) is shown in Fig. 6.8. The aerosol layers were dominated

by the CS component, as indicated by the high occurrence of large relative volume contri-

butions (above 70%), followed by the FSNA and the CNS component. The FSA component

was the least present in the mixtures observed. Similar aerosol composition was also ob-

served during winter months (Fig. 6.4). On average, the observed aerosol mixtures consisted

of 41± 21% CS, 29± 20% FSNA, 20± 20% CNS and 9± 15% FSA particles.

The height profiles of the air-mass sources for the Haifa station are shown in Fig. 6.9 and

reveal that in the lowest 4 km the most dominant air-mass source in terms of geographical
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Figure 6.7: Same as Fig. 6.5, but for March, April and May (spring season) 2017–2019.

area was Europe and in terms of land cover it was water. The Saharan desert and Arabian

Peninsula were also significant sources of air masses below 4 km, with the Sahara being the

most prominent source between 6 and 9 km. Below 6 km, air-mass sources included also

Persia. Apart from water, dominant land surface categories included barren (peaking be-

tween 3.5 and 6 km), grass/cropland, savanna/shrubland and forest. Land cover categorized

as urban was only apparent below 3.5 km.

The air-mass source attribution correlates well with the aerosol typing results. The

dominance of the CS component can be associated most likely with sea-salt particles picked

up, while air masses were travelling towards Haifa crossing over the Mediterranean Sea.

FSNA particles originated most likely from Europe, along with local contributions, while

air masses originating from the Sahara and the Arabian Peninsula justify the relatively high

contribution of CNS particles in the aerosol mixtures observed.

Autumn

Fig. 6.10 depicts the frequency of occurrence of the different aerosol components during

autumn months (September, October and November 2017–2018). The aerosol component

with the highest occurrence of large relative volume contributions (above 60%) was the

FSNA one, followed closely by CS. Similarly to all previously discussed seasons, the FSA

component was the least present in the mixtures observed. The aerosol mixtures observed

in the aerosol layers during autumn consisted of 44± 21% CS, 28± 20% FSNA, 19± 20%
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Figure 6.8: Frequency of occurrence (absolute) of the different aerosol components, in terms
of relative volume contribution, during summer months (June, July and August 2017–2018).

CNS and 8± 15% FSA.

The most predominant air-mass sources for autumn (Fig. 6.11) were the Arabian Penin-

sula and Europe below 2 km, while above that altitude Sahara dominated in terms of

geographical area. In terms of land surface, air masses spent significant time above areas

characterized as water, barren, forest, savanna/shrubland and grass/cropland.

The strong presence of FSNA can be correlated with the predominance of local and

transported pollution and other anthropogenic aerosol from the Arabian Peninsula and

Europe, respectively (Fig. 6.11a). The CNS component of the aerosol mixtures can be at-

tributed to desert dust particles originating mainly from the Arabian Peninsula for altitudes

below 2 km, and mainly from the Saharan desert for altitudes above 2 km.

Seasonal statistics

As a means to summarize the findings of Sec. 6.3, the statistics of the seasonal relative vol-

ume contribution per aerosol component are presented in Fig. 6.12 in the form of boxplots.

In general, no major differences were observed between the seasons. The aerosol component

with the highest contribution (for all seasons except spring) to the aerosol mixtures observed

was the CS component, followed by the FSNA, the CNS and finally the FSA component,

which exhibited the lowest contributions. The high contribution of the CS aerosol compo-

nent can be attributed to the close vicinity of Haifa to the Mediterranean Sea as discussed
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Figure 6.9: Same as Fig. 6.5, but for June, July and August (summer season) 2017–2018.

above, as well as the altitude of the investigated layers. In addition, the presence of the CS

aerosol component is further supported by the air-mass source attribution analysis. These

CS particles can be correlated either with sea-salt particles or with other aerosol particle

types (e.g., continental aerosol) that due to hygroscopic growth increased in size (Laskina

et al., 2015) and therefore were identified as large spherical particles by the OEM typing

scheme. The contribution of FSNA can be partially explained by the fact that Haifa is

surrounded by industries, including large petrochemical plants, an oil-fueled power station,

a large cement factory and petroleum refineries among other smaller industries and work-

shops (Ganor et al., 1998). However, the sources of the FSNA aerosol are not only local, as

FSNA aerosol is often subject to long-range transport (e.g., sulfate-related aerosol particles

originating from Europe) (Luria et al., 1996). During spring, the aerosol component with

the highest contribution to the observed aerosol mixtures was the CNS one, typically as-

sociated with desert dust particles. Desert dust particles were transported to Haifa by the

prevailing synoptic patterns from the Sahara (Gkikas et al., 2016). In particular, thermal

Saharan lows developing south of the Atlas Mountains and moving eastwards across the

North African coast induce south-southwesterly winds, favoring thus the transport of dust

particles towards the Mediterranean (basin) and Europe (Moulin et al., 1997; Gkikas et al.,

2015). The central and eastern parts of the Mediterranean Sea are commonly affected by

dust transports under the aforementioned synoptic conditions as shown in previous studies

(Barnaba and Gobbi, 2004; Papadimas et al., 2008; Gkikas et al., 2013; Floutsi et al., 2016).
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Figure 6.10: Frequency of occurrence (absolute) of the different aerosol components, in
terms of relative volume contribution, during autumn months (September, October and
November 2017–2018).

Figure 6.11: Same as Fig. 6.5, but for September, October and November (autumn season)
2017–2018.
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Figure 6.12: Seasonal statistics of the relative volume contribution of the different aerosol
components. Minimum and maximum values are indicated by the lower and upper whisker,
median and mean values by the red lines and rhombuses, respectively. The lower part of
each box indicates the 25% percentile and the upper part the 75% percentile. Red crosses
show the outliers.



Chapter 7

Summary, conclusions and outlook

Within the scope of this work, an aerosol typing methodology was developed and applied to

several case studies as well as to a long-term lidar dataset to demonstrate its strengths and

limitations. The novel aerosol typing scheme was developed based on the optimal estimation

method (OEM) and allows the identification of up to four different aerosol components

present in an aerosol mixture as well as the quantification of their contribution to the aerosol

mixture in terms of relative volume. The four aerosol components considered in this typing

scheme represent the most commonly observed aerosol particles in nature and are assumed to

be physically separated from each other and, therefore, can create external mixtures. Two

components represent fine-mode particles, absorbing (FSA) and less absorbing (FSNA),

and the remaining two aerosol components represent coarse-mode particles, spherical (CS)

and non-spherical (CNS). These components can adequately represent the most frequently

observed aerosol types in the atmosphere: combustion- and pollution-related aerosol, sea

salt and desert dust, respectively.

The “optical footprints” of the different aerosol types allow (in most cases) their cor-

rect identification and separation. The optical parameters used exhibit a high discrimina-

tory power (Ch. 2) and are the lidar ratio and the particle linear depolarization ratio at

two distinctive wavelengths (355 and 532 nm), the backscatter-related color ratio (for the

wavelength pair of 532/1064 nm) and the extinction-related Ångström exponent (for the

wavelength pair of 355/532 nm).

By using the OEM-based typing scheme, the mixing ratio of the different aerosol com-

ponents (expressed in terms of relative volume) can be determined. From a mathematical

point of view, the mixing ratio is the most-likely state that can reproduce the measure-

ment vector, which contains the optical parameters measured by the lidar. Once retrieved

and statistically significant within the 95% confidence interval, the mixing ratio of the four

different aerosol components can be used for component-separated calculations of other

quantities, e.g., the volume and number concentration (Sec. 4.2).
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Overall, the algorithm performed well and as expected. The information content of

the measurement vector (expressed by the degrees of freedom, see Ch. 4.1.6) was one of

the driving forces behind the different available forward-model configurations (i.e., different

combinations of intensive properties, see Tab. 4.4). In principle, each retrieval mode is able

to produce statistically significant results and there is no evidence suggesting that one mode

is superior to another systematically. In retrospect, it can be concluded that the retrieval

modes that include two input parameters (i.e., retrieval modes 1 and 2) tend to converge

faster (but not necessarily more reliably) than those that include more input parameters.

The conclusion is coherent, since the more input parameters the more challenging the task

of the forward model to simultaneously reproduce all the input parameters within the

measurement error.

The retrieved contributions were sometimes accompanied by rather high values of the

respective retrieval error. The a posteriori uncertainty (i.e., the covariance matrix of the

optimally estimated state vector, see Sec. 4.1.6) is directly linked to the a priori uncer-

tainty, meaning that the larger the a priori uncertainty the larger the retrieved a posteriori

uncertainty. The retrieval is, therefore, strongly driven by the a priori uncertainty, which

essentially constrains the retrieval solution space. Hence, the continuation of the lidar mea-

surements of the different aerosol types as well as the expansion of the experimental basis

(Ch. 3) is of great importance for this typing scheme.

The functionality of the typing scheme was demonstrated by its application to case

studies of known aerosol load (see Sec. 4.4) as well as to cases of non-characterized aerosol

load (see Ch. 5). The algorithm was also applied to a long-term dataset to provide a

seasonal characterization of the aerosol load (see Ch. 6). It was shown that the OEM is an

effective methodology that can be also applied for aerosol typing purposes, which provided

a satisfactory answer to the first research question of this thesis (see Sec. 2.6). As a refresher

the research questions are listed here again.

1. Can an optimal-estimation-based methodology be applied effectively for aerosol typing

purposes?

2. Is it possible to describe an aerosol mixture observed by means of basic aerosol com-

ponents?

3. Can we retrieve the contribution of each aerosol component, in terms of relative

volume, leading thus to a quantitative characterization of the aerosol mixture?

4. Is the proposed methodology sufficient for ground-based validation purposes and fur-

ther support of EarthCARE’s aerosol classification scheme (HETEAC)?

In addition, the application of the OEM-based algorithm to the aforementioned case studies
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and to a long-term dataset showed that, in most of the cases, the aerosol mixture observed

could be adequately described as a mixture of the four predefined aerosol components

(Sec. 4.1.3) and that their contribution (in terms of relative volume) could be determined,

answering thus the second and third research questions. The ability of the algorithm to

quantitatively characterize the aerosol mixture was well demonstrated for the A-LIFE case

(Sec. 5.1). The volume and number size distributions that were obtained based on the OEM

output (relative volume contributions of each aerosol component) compared well with the

respective size distributions that were obtained via in-situ aircraft measurements, especially

when one takes into account that the OEM-based typing scheme is based on parameteriza-

tion and cannot be used for detailed microphysical retrievals. The aforementioned compar-

ison also proved that the microphysical assumptions that are currently in use, even though

very generic, can sufficiently capture the aerosol load observed.

Furthermore, the successful application of the OEM-based aerosol typing scheme to

various case studies under various aerosol-load scenarios answers the last research ques-

tion. The algorithm is flexible enough allowing, thus, its application to lidar systems with

different configurations (e.g., single wavelength or multiwavelength, Sec. 4.1.5), a feature

that is desired for ground-based validation purposes (e.g., when different lidar systems are

deployed in different locations). To ensure compatibility with HETEAC, EarthCARE’s

aerosol classification scheme, the microphysical and optical properties of the predefined

aerosol components were kept almost identical (only a few minor changes in the optical

properties were applied, as described in Sec. 4.1.3). At its current status (four basic aerosol

components), the OEM-based aerosol typing methodology can provide sufficient support to

HETEAC as it can be utilized to compare the aerosol mixtures determined by EarthCARE

with those retrieved from ground-based lidar systems. In the following, an outlook along

with some suggestions that could be carried out in a follow-up project are provided.

Outlook

The current version of the OEM-based typing scheme is planned to be implemented in the

processing chain of PollyNET (Baars et al., 2016) soon, resulting, thus, in near-real-time

information regarding the aerosol components of the aerosol mixture observed. In addition

to that, all the historical data acquired within the framework of previous measurement

campaigns (e.g., CADEX) or routinely at the different PollyNET stations will also be pro-

cessed with the typing scheme, yielding, thus, to the characterization of the aerosol load

in terms of mixing ratio of the four aerosol components in addition to the already existing

aerosol optical parameters. Such information will facilitate long-term studies focused on

aerosol typing (i.e., for stations with long datasets such as the station in Leipzig, Germany,

which has data for more than 14 years). The following propositions emerged during the
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development and usage of the OEM-based typing scheme, but they were beyond the scope

of this dissertation. Nevertheless, they will be briefly discussed to give an idea about the

possibilities that the typing scheme allows.

The aerosol typing scheme can be refined and developed even further. For instance, it

would be interesting to explore the possibility of adding more constraints and evaluate the

benefits of it. Currently, there is only one constraint in place (introduced in Sec. 4.1.6), which

ensures physically meaningful solutions. This constraint is very important for the quality of

retrievals, however, there are other constraints that potentially could further improve the

retrievals. Relative humidity (RH) is a useful quantity for the determination of the aerosol

growth, as it plays an important role in the physical, chemical and optical properties of

aerosol particles due to their increased water content. Therefore, the connection between

RH and the observed optical properties needs to be further investigated. For instance, in the

current version of the typing scheme, the CS aerosol component, which resembles marine

aerosol particles, is assumed to be spherical, regardless of the actual relative humidity.

Haarig et al. (2017) and later on Bohlmann et al. (2018) observed that under dry conditions

(RH<45%) marine particles adopt a cubic-like shape and can produce much higher particle

linear depolarization ratios. It becomes obvious that the typing scheme would benefit from

an additional constraint based on routinely-performed RH measurements. The constraint

could work as an a priori regulator, adjusting appropriately the a priori information of the

different aerosol components based on the RH.

As already discussed in Sec. 5.3, the introduction of additional aerosol components in the

typing scheme is possible, and it can increase the accuracy of the algorithm. To name a few,

such aerosol components could represent aged biomass-burning aerosol, aerosol of volcanic

origin and pollen. In addition, the existing aerosol components could be further refined, for

instance the CS component that resembles the marine particles could include two modes, a

coarse mode (sea salt) and an accumulation mode (non-sea-salt sulphates). Such potential

refinements were not attempted here as they would not allow for direct comparisons with

HETEAC, but their potential should be further investigated.



Appendix A

Experimental Basis

The experimental basis presented in Ch. 3, was focused on the lidar ratio and particle linear

depolarization ratio at the wavelengths of 355 and 532 nm. However, the complete collection

of ground-based observations includes more intensive parameters, i.e., the extinction- and

backscatter-related Ångström exponents. Therefore, in addition to Figures 3.1 and 3.2, all

the intensive optical parameters collected are presented here in all possible combinations.

Furthermore, a statistical analysis of the extinction- and backscatter-related Ångström ex-

ponents of the four aerosol types is also provided (see Fig. A.20).

Figure A.1: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), both at 355 nm, and extinction-related Ångström exponent (AE).

It has been already demonstrated (Sec. 3.2, Fig. 3.3) that adding a third dimension

(in this case the extinction- or backscatter-related Ångström exponent) to the 2D domain

of lidar ratio and particle linear depolarization ratio at 355 nm allows the separation of
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Figure A.2: 2D domains of the intensive optical parameters corresponding to Fig. A.1. Point
markers are uniform throughout the thesis (for a complete list see Fig. 3.1).

aerosol mixtures that otherwise appear to have similar optical properties. By comparing

the 2D spaces (Fig. A.2, A.4 and Fig. A.6) it becomes clear that when the backscatter-related

Ångström exponent (both at 355/532 and 532/1064 nm) is combined with either the lidar

ratio or the particle linear depolarization ratio it tends to create more “well-defined” aerosol

clusters in comparison to the extinction-related Ångström exponent, and that is due to the

high uncertainties of the later.
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Figure A.3: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), both at 355 nm, and backscatter-related Ångström exponent at the
wavelength pair 355/532 nm (AE).

Figure A.4: Same as Fig. A.2, but corresponding to Fig. A.3.
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Figure A.5: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), both at 355 nm, and backscatter-related Ångström exponent at the
wavelength pair 532/1064 nm (AE).

Figure A.6: Same as Fig. A.2, but corresponding to Fig. A.5.
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Figure A.7: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), both at 532 nm, and extinction-related Ångström exponent (AE).

Figure A.8: Same as Fig. A.2, but corresponding to Fig. A.7.
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Figure A.9: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), both at 532 nm, and backscatter-related Ångström exponent at the
wavelength pair 355/532 nm (AE).

Figure A.10: Same as Fig. A.2, but corresponding to Fig. A.9.
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Figure A.11: 3D domain of the intensive optical parameters lidar ratio (S) and particle
linear depolarization ratio (δ), both at 532 nm, and backscatter-related Ångström exponent
at the wavelength pair 532/1064 nm (AE).

Figure A.12: Same as Fig. A.2, but corresponding to Fig. A.11.
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Figure A.13: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), at 355 and 532 nm, respectively, and extinction-related Ångström
exponent (AE).

Figure A.14: 3D domain of the intensive optical parameters lidar ratio (S) and particle
linear depolarization ratio (δ), at 355 and 532 nm, respectively, and backscatter-related
Ångström exponent at the wavelength pair 355/532 nm (AE).
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Figure A.15: 3D domain of the intensive optical parameters lidar ratio (S) and particle
linear depolarization ratio (δ), at 355 and 532 nm, respectively, and backscatter-related
Ångström exponent at the wavelength pair 532/1064 nm (AE).

Figure A.16: 3D domain of the intensive optical parameters lidar ratio (S) and particle linear
depolarization ratio (δ), at 532 and 355 nm, respectively, and extinction-related Ångström
exponent (AE).
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Figure A.17: 3D domain of the intensive optical parameters lidar ratio (S) and particle
linear depolarization ratio (δ), at 532 and 355 nm, respectively, and backscatter-related
Ångström exponent at the wavelength pair 355/532 nm (AE).

Figure A.18: 3D domain of the intensive optical parameters lidar ratio (S) and particle
linear depolarization ratio (δ), at 532 and 355 nm, respectively, and backscatter-related
Ångström exponent at the wavelength pair 532/1064 nm (AE).
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Figure A.19: 2D domains of the intensive optical parameters lidar ratio (S) and particle
linear depolarization ratio (δ) at 355 and 532 nm, respectively (left) and vice versa (right).
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Statistical analysis of the Ångström exponent

Similar to Sec. 3.2.2, a statistical analysis on the extinction- and backscatter-related Ångström

exponents was performed (Fig. A.20). The number of samples for the extinction-related

Ångström exponent were 43, 32, 2 and 33 for smoke, marine, pollution and dust category,

respectively. Similarly, 141, 35, 2 and 31 samples were considered for the backscatter-related

Ångström exponent at the wavelength pair of 355/532 nm. For the backscatter-related

Ångström exponent at the wavelength pair of 532/1064 nm the number of samples were

identical with the ones for the backscatter-related Ångström exponent at the wavelength

pair of 355/532 nm. The mean values of the Ångström exponents of the four aerosol types

are presented in Tab. A.1. However, due to the limited number of samples for the pollution

category, the results are more indicative than qualitative. Regardless of the undersam-

pling of the pollution category, the Ångström exponents reflect well (in a qualitative way)

the aerosol particle size of the different aerosol types. Smoke and pollution, which consist

of mainly fine mode aerosol particles, exhibit Ångström exponents (both extinction- and

backscatter-related) greater than one. On the other hand, marine and dust, which consist

of mainly coarse mode aerosol particles, exhibit lower values of Ångström exponents (both

extinction- and backscatter-related).

Figure A.20: Statistics of the extinction-related Ångström exponent (left), backscatter-
related Ångström exponent at the wavelength pair 355/532 nm (middle) and backscatter-
related Ångström exponent at the wavelength pair 532/1064 nm (right) for the four most
commonly found pure aerosol types. It should be noted that for the dust category all dust
measurements, regardless of the source origin, have been considered.
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Table A.1: Mean values of the extinction- and backscatter-related Ångström exponents for
the different pure aerosol types, as derived from the respective experimental basis.

Aerosol type AE355/532 AEb355/532 AEb532/1064

Smoke 1.3 ± 0.5 1.7 ± 0.7 1.6 ± 0.3

Marine 0.7 ± 0.7 1.7 ± 0.3 0.3 ± 0.4

Pollution 1.1 ± 0.1 1.5 ± 0.2 1.2 ± 0.3

Dust 0.2 ± 0.4 0 ± 0.2 0.4 ± 0.2
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Appendix B

A-CARE: additional information

In addition to the A-LIFE case study presented in detail in Sec. 5.1, the results of the rest of

the A-LIFE cases are provided here. The A-LIFE cases considered for evaluation with the

OEM-based typing scheme were listed in Tab. 5.1. The optical properties for each case were

used as an input to the OEM algorithm. Since both the particle linear depolarization ratio

and the lidar ratio were available at two wavelengths (355 and 532 nm) three retrieval modes

were available; 1, 2 and 5 (see retrieval mode configurations in Tab. 4.4). Out of all the

retrievals that were conducted only those that produced a statistically significant (within

the 95% confidence interval) optimal state were considered for further evaluation (e.g., for

additional products derivations). In case of multiple statistically significant solutions per

case study, the one that produced the closest forward-modelled values to the measurement

(and hence, smaller outcome in the chi-squared test) was kept. The retrieved optimal state

as well as the retrieval mode used and the statistical significance of the solution are shown

in Tab. B.1. The optimal solution for the cases 1, 2 and 8 was not statistically significant

and therefore not considered further or listed here.

The volume and number concentration per aerosol component were calculated as de-

scribed in Sec. 4.2 and are presented in Tab. B.2 and Tab. B.3, respectively. These quantities

are needed for the transformation from the relative volume per aerosol component to size

distributions. As described in Sec. 5.1.4, in the next step the volume and number concentra-

tions can be converted into the respective size distributions by using each mode’s width and

radius (Tab. 4.1). The effective radius of the observed aerosol mixture was also calculated

(as Eq. (4.26)) for each case and is presented in Tab. B.4.

The results presented in the tables below (Tab. B.2, B.3, B.4) were compared against the

corresponding parameters derived from the in-situ Falcon 20E measurements. The results

for the case studies presented in Tab. B.1 are summarized in Fig. B.1, with the exception

of case 5 that was analytically discussed in Sec. 5.1. Overall, the agreement between the

size distributions obtained using the in-situ measurements and the lidar/OEM approach are
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Table B.1: Contribution and uncertainties of the four basic aerosol components to the
aerosol mixture observed in the selected cases for A-CARE. For each case, the retrieval
mode is provided along with the statistical significance level. The cases left empty produced
no statistically significant solutions.

Case # OEM output (%) Retrieval mode Stat. significance

FSA CS FSNA CNS

1 - - - - - -

2 - - - - - -

3 66 ± 21 19 ± 15 12 ± 20 3 ± 5 2 95%

4 7 ± 11 78 ± 22 5 ± 19 10 ± 14 1 95%

5 0 ± 8 4 ± 18 10 ± 11 86 ± 22 1 95%

6 2 ± 8 2 ± 18 9 ± 10 87 ± 22 1 95%

7 3 ± 9 28 ± 17 28 ± 18 41 ± 16 5 95%

8 - - - - - -

Table B.2: Volume concentrations (µm3/cm3) of each aerosol component along with uncer-
tainties, as calculated from the optimal solutions of Tab. B.1.

Case # Volume Concentration (µm3/cm3)

FSA CS FSNA CNS

3 1.1 ± 0.15 0.3 ± 0.12 0.2 ± 0.13 0.05 ± 0.04

4 2.6 ± 1.8 29.4 ± 2.8 1.9 ± 2.3 3.8 ± 2.3

5 0 ± 1 1.7 ± 2.4 4.4 ± 2.3 37.9 ± 2.8

6 1 ± 1.4 1 ± 2.5 4.4 ± 2.4 42.4 ± 3

7 0.5 ± 0.5 4.3 ± 1.3 4.3 ± 1.3 6.3 ± 1.2

Table B.3: Number concentrations (#/cm3) of each aerosol component along with uncer-
tainties, as calculated from the optimal solutions of Tab. B.1.

Case # Number Concentration (#/cm3)

FSA CS FSNA CNS

3 209.7 ± 29.3 0.03 ± 0.01 38.1 ± 26 0.005 ± 0.003

4 519.2 ± 364.4 2.8 ± 0.3 370.9 ± 452.1 0.4 ± 0.2

5 0 ± 195.6 0.2 ± 0.2 865.7 ± 464 3.7 ± 0.3

6 191.6 ± 268.9 0.09 ± 0.2 862.4 ± 466.8 4.1 ± 0.3

7 90.3 ± 102.2 0.4 ± 0.1 843.1 ± 264.4 0.6 ± 0.1

satisfactory. Case study 3 (11/04/2017) was dominated by fine mode particles with total

contributions of 78% (66% FSA and 12% FSNA) in terms of relative volume. The volume
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Table B.4: Effective radius for the aerosol mixtures of Tab. 5.1, as calculated from the
corresponding optimal solutions of Tab. B.1.

Case #
Effective

radius (µm)

3 0.18 ± 0.02

4 0.80 ± 0.25

5 0.85 ± 0.27

6 0.81 ± 0.26

7 0.40 ± 0.10

and number distributions (Fig. B.1(a) and (b), respectively) obtained with the two different

methods compare very well with each other for the fine-mode particles, while for the coarse-

mode particles a small underestimation (1 order of magnitude) by the lidar/OEM approach

is observed. A similar behavior is observed for case study 4 (14/04/2017, Fig. B.1(c, d)) that

was dominated by coarse-mode particles with a total relative volume contribution of 88%.

For case study 6 (21/04/2017) both the volume and number distribution of the fine-mode

particles (Fig. B.1e and f, respectively) are overestimated by the lidar/OEM approach. A

rather large underestimation of the volume and number size distribution (up to three and

two orders of magnitude, respectively) is observed for coarse mode particles with a diameter

larger than 8 µm. Case 7 (25/04/2017) was the only case with roughly equal contributions

of fine- and coarse-mode particles (56% and 44%, respectively). For that case the volume

and number size distributions obtained with both methods fit almost perfectly with each

other (Fig. B.1(g, h)). For the same case, the effective radius obtained with the two methods

also fits perfectly. For the rest of the cases the effective radius derived with the lidar/OEM

approach is overall larger than the one derived from the Falcon 20E in-situ measurements.
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Figure B.1: Volume (left row) and number (right row) size distributions derived from lidar
measurements following the lidar/OEM approach (black line, dashed lines indicate uncer-
tainties) compared to the corresponding size distributions measured on board of Falcon 20E
at various altitudes (colored lines and dashed lines), for the case studies 3, 4, 6 and 7 (top
to bottom, respectively). The vertical lines (dashed) indicate the effective diameter (black
for the lidar/OEM approach and colored for Falcon 20E).
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Ansmann, A., Mamouri, R. E., Bühl, J., Seifert, P., Engelmann, R., Hofer, J., Nisantzi, A.,

Atkinson, J. D., Kanji, Z. A., Sierau, B., Vrekoussis, M., and Sciare, J.: Ice-nucleating

particle versus ice crystal number concentrationin altocumulus and cirrus layers embedded



BIBLIOGRAPHY 129

in Saharan dust:a closure study, Atmos. Chem. Phys., 19, 15 087–15 115, https://doi.org/

10.5194/acp-19-15087-2019, 2019.

Antoine, D. and Morel, A.: Relative importance of multiple scattering by air molecules and

aerosols in forming the atmospheric path radiance in the visible and near-infrared parts

of the spectrum, Applied Optics, 37, 2245–2259, https://doi.org/10.1364/AO.37.002245,

1998.

Baars, H.: Aerosol profiling with lidar in the Amazon Basin during wet and dry season,

PhD dissertation, Leipzig University, URL https://nbn-resolving.org/urn:nbn:de:

bsz:15-qucosa-98757, 2011.

Baars, H., Ansmann, A., Althausen, D., Engelmann, R., Heese, B., Muller, D., Artaxo, P.,

Paixao, M., Pauliquevis, T., and Souza, R.: Aerosol profiling with lidar in the Amazon

Basin during the wet and dry season, Journal of Geophysical Research-Atmospheres, 117,

16, https://doi.org/10.1029/2012jd018338, 2012.

Baars, H., Kanitz, T., Engelmann, R., Althausen, D., Heese, B., Komppula, M., Preissler,

J., Tesche, M., Ansmann, A., Wandinger, U., Lim, J. H., Ahn, J. Y., Stachlewska, I. S.,

Amiridis, V., Marinou, E., Seifert, P., Hofer, J., Skupin, A., Schneider, F., Bohlmann, S.,

Foth, A., Bley, S., Pfuller, A., Giannakaki, E., Lihavainen, H., Viisanen, Y., Hooda, R. K.,

Pereira, S. N., Bortoli, D., Wagner, F., Mattis, I., Janicka, L., Markowicz, K. M., Achtert,

P., Artaxo, P., Pauliquevis, T., Souza, R. A. F., Sharma, V. P., van Zyl, P. G., Beukes,

J. P., Sun, J. Y., Rohwer, E. G., Deng, R. R., Mamouri, R. E., and Zamorano, F.: An

overview of the first decade of Polly(NET): an emerging network of automated Raman-

polarization lidars for continuous aerosol profiling, Atmos. Chem. Phys., 16, 5111–5137,

https://doi.org/10.5194/acp-16-5111-2016, 2016.

Baars, H., Radenz, M., Floutsi, A. A., Engelmann, R., Althausen, D., Heese, B., Ansmann,

A., Flament, T., Dabas, A., Trapon, D., Reitebuch, O., Bley, S., and Wandinger, U.:

Californian Wildfire Smoke Over Europe: A First Example of the Aerosol Observing

Capabilities of Aeolus Compared to Ground-Based Lidar, Geophysical Research Letters,

48, https://doi.org/10.1029/2020GL092194, 2021.

Barnaba, F. and Gobbi, G. P.: Aerosol seasonal variability over the Mediterranean region

and relative impact of maritime, continental and Saharan dust particles over the basin

from MODIS data in the year 2001, Atmos. Chem. Phys., 4, 2367–2391, https://doi.org/

10.5194/acp-4-2367-2004, 2004.

Belegante, L., Nicolae, D., Nemuc, A., Talianu, C., and Derognat, C.: Retrieval of the

https://nbn-resolving.org/urn:nbn:de:bsz:15-qucosa-98757
https://nbn-resolving.org/urn:nbn:de:bsz:15-qucosa-98757


130 BIBLIOGRAPHY

boundary layer height from active and passive remote sensors. Comparison with a NWP

model, Acta Geophysica, 62, 276–289, https://doi.org/10.2478/s11600-013-0167-4, 2014.

Belegante, L., Bravo-Aranda, J. A., Freudenthaler, V., Nicolae, D., Nemuc, A., Ene,

D., Alados-Arboledas, L., Amodeo, A., Pappalardo, G., D’Amico, G., Amato, F., En-

gelmann, R., Baars, H., Wandinger, U., Papayannis, A., Kokkalis, P., and Pereira,

S. N.: Experimental techniques for the calibration of lidar depolarization channels in

EARLINET, Atmospheric Measurement Techniques, 11, 1119–1141, https://doi.org/

10.5194/amt-11-1119-2018, 2018.

Bohlmann, S., Baars, H., Radenz, M., Engelmann, R., and Macke, A.: Ship-borne

aerosol profiling with lidar over the Atlantic Ocean: from pure marine conditions to

complex dust-smoke mixtures, Atmos. Chem. Phys., 18, 9661–9679, https://doi.org/

10.5194/acp-18-9661-2018, 2018.

Boucher, O., Randall, D., Artaxo, P., Bretherton, C., Feingold, G., Forster, P., Kerminen,

V.-M., Kondo, Y., Liao, H., and Lohmann, U.: Clouds and aerosols, in: Climate change

2013: the physical science basis. Contribution of Working Group I to the Fifth Assessment

Report of the Intergovernmental Panel on Climate Change, pp. 571–657, Cambridge

University Press, Cambridge, United Kingdom and New York, NY, USA, 2013.
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Wandinger, U., Müller, D., Böckmann, C., Althausen, D., Matthias, V., Bösenberg, J.,
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Ångström, A.: The parameters of atmospheric turbidity, Tellus, 16, 64–75, 1964.



List of Abbreviations

A-CARE A-LIFE and EarthCARE joint reseach program. 66, 68, 69, 124, 157, 158

A-LIFE Absorbing aerosol layers in a changing climate: aging, LIFEtime and dynamics.

65–69, 71, 73, 75, 107, 123, 150

AD-Net Asian Dust and Aerosol Lidar Observation Network. 2

Aeolus Wind Lidar Mission Aeolus. 3

AERONET Aerosol Robotic Network. 1, 10, 14

AGL Above Ground Level. 92

ALADIN Atmospheric Laser Doppler Instrument. 3

ANN Artificial Neural Network. 12–15, 17

AOD Aerosol Optical Depth. 2, 10

ASL Above Sea Level. 92

ATLID ATmospheric LIDar. 4, 14, 15, 39

AVHRR Advanced Very High Resolution Radiometer. 2

BBA Biomass-burning aerosol. 28

BBR Broad-Band Radiometer. 4, 14

CADEX Central Asian Dust EXperiment. 15, 24, 25, 27, 107

CALIOP Cloud-Aerosol Lidar with Orthogonal Polarization. 3, 9, 10

CALIPSO Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations. 3, 4, 9–11,

13, 15, 28

145



146 List of Abbreviations

CAS-DPOL Cloud and Aerosol Spectrometer with Detector for Polarization Detection.

66, 73

CCI Climate Change Initiative. 14

CCN Cloud Condensation Nuclei. 1, 9

CNRS French National Centre for Scientific Research. 1

CNS Coarse Non–Spherical aerosol component. 32, 37–41, 43, 52, 54–57, 59–62, 70–73,

75, 78–82, 86, 87, 94, 95, 97–102, 105, 124, 152

CPC Condensation Particle Counter. 66

CPR Cloud Profiling Radar. 4

CS Coarse Spherical aerosol component. 32, 37–42, 52, 54–60, 62, 70, 72, 78, 79, 81, 82,

86–88, 94, 95, 97–102, 105, 108, 124, 151, 152

CyCARE Cyprus Clouds Aerosols and Rain Experiment. 24, 66

DACAPO-PESO Dynamics, Aerosol, Cloud and Precipitation Observations in the Pris-

tine Environment of the Southern Ocean . 24, 27

DLR Deutsches Zentrum für Luft- und Raumfahrt (German Aerospace Center). 65, 66,

69, 74

EARLINET European Aerosol Research Lidar Network. 2, 12, 13, 15, 92

EarthCARE Cloud, Aerosol and Radiation Explorer. 4, 14, 15, 17, 38, 39, 66, 71, 106,

107

ESA European Space Agency. 3, 4, 14

EUCAARI European Integrated Project on Aerosol Cloud Climate and Air Quality in-

teractions. 23, 27

FLEXPART FLEXible PARTicle dispersion model. 96

FSA Fine Spherical Absorbing aerosol component. 32, 37–41, 52–57, 59, 60, 62, 63, 70,

72, 78–83, 86–89, 94, 95, 97–101, 105, 124, 152

FSNA Fine Spherical Non–Absorbing aerosol component. 32, 37–41, 52, 54–62, 70, 72,

73, 78–83, 86–88, 94, 95, 97–102, 105, 124, 152



List of Abbreviations 147

GADS Global Aerosol Data Set. 12

GFS Global Forecast System. 96

HETEAC Hybrid End-To-End Aerosol Classification. 4, 7, 14, 15, 17, 19, 23–25, 32, 38,

39, 66, 75, 106–108, 157

HSRL High Spectral Resolution Lidar. 3, 4, 11

HYSPLIT Hybrid Single Particle Lagrangian Integrated Trajectory Model. 69

INP Ice-Nucleating Particles. 1, 9

JAXA Japanese Aerospace Exploration Agency. 4

lidar Light Detection And Ranging. 2, 66

LM Levenberg-Marquardt method. 45, 46

LPDM Lagrangian Particle Dispersion Model. 96

LUT Lookup table. 15

MBL Marine Boundary Layer. 55, 57, 94

MCS Monte Carlo Simulations. 49

MODIS Moderate Resolution Imaging Spectroradiometer. 3, 96

MOSAiC Multidisciplinary drifting Observatory for the Study of Arctic Climate. 24, 27

MPLNET Micro-Pulse Lidar Network. 2

MSI Multi-Spectral Imager. 4, 14

NASA National Aeronautics and Space Administration. 1

NATALI Neural Network Aerosol Typing Algorithm Based on Lidar Data. 12–14, 16

OEM Optimal Estimation Method. 35, 37–39, 41–43, 46, 47, 49, 50, 52, 53, 55, 58, 61, 62,

65, 66, 68–70, 72–75, 78–83, 85, 87, 88, 90–92, 98, 102, 105–108, 123, 125, 126, 149,

151, 152, 155, 157, 158, 161

OPAC Optical Properties of Aerosols and Clouds. 12, 14



148 List of Abbreviations

OPC Optical Particle Counters. 66, 73

PBL Planetary Boundary Layer. 20

PDF Probability Density Function. 36

POLIPHON Polarization-Lidar Photometer Networking. 9, 16, 65, 80–83, 151

PS Polarstern research vessel. 25

RH Relative Humidity. 12, 108

SAMUM Saharan Mineral Dust Experiment. 7, 9, 15, 20, 23–27, 60, 61, 65, 76, 149, 150

TOMS Total Ozone Mapping Spectromete. 2



List of Figures

3.1 Intensive optical properties of different aerosol types, measured at 355 nm

mainly within the PollyNET framework. Measurements from SAMUM–2

and Eyjafjallajökull (volcanic ash) were performed also with the Raman-

polarization lidars POLIS (University of Munich). . . . . . . . . . . . . . . . . 23

3.2 Intensive optical properties of different aerosol types, measured at 532 nm

mainly within the PollyNET framework. Measurements from SAMUM–2

were performed with the Raman-polarization lidar POLIS (University of Mu-

nich). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3 Lidar ratio (S), particle linear depolarization ratio (δ) at 355 nm and extinction-
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