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Abstract 

This thesis focuses on the analysis of atmospheric fluorescence measurements by lidar for characterizing 

aerosols and studying their interactions with water vapor and clouds. The LILAS (LIlle Lidar 

Atmospheric Study) lidar, located on the ATOLL (ATmospheric Observations at LiLLe) platform at the 

LOA (Laboratoire d’Optique Atmosphérique) in Lille, is a Mie-Raman-fluorescence lidar and a member 

of the European EARLINET-ACTRIS network (European Aerosol Research Lidar NETwork - Aerosol-

Clouds and Trace gases Research InfraStructure). It is capable of profiling aerosol-induced fluorescence 

and has a high level of automation. These features were used for the development of FLARE-GMM 

(Fluorescence Lidar Aerosol REcognition based on Gaussian Mixture Model), an automatic aerosol 

classification algorithm based on a machine learning model. This algorithm identifies the type of 

aerosols detected by the lidar using their depolarization signature, fluorescence, and atmospheric 

humidity. Following validation, a statistical study of aerosols present in Lille from 2021 to 2023 was 

conducted using FLARE-GMM results. 

The atmospheric fluorescence profile database was then used to improve the estimation of the 

hygroscopic properties of aerosols. Independent of the presence of water vapor, fluorescence allows for 

tracking aerosol concentration changes in a given layer, assuming the aerosols nature in that layer is 

homogeneous. This ability allows for compensating potential variations in aerosol concentration within 

the layer, enabling more accurate estimation of hygroscopic properties. This method, evaluated in 

different scenarios, demonstrated the advantages of using fluorescence. The hygroscopic properties of 

aerosols in Lille were subsequently estimated through an automatic detection method for hygroscopic 

growth events, revealing significant uncertainties primarily related to relative humidity estimation. The 

dependency of hygroscopic property estimation on relative humidity was modeled to better account for 

this phenomenon and understand how to minimize it. 

Finally, fluorescence signals in clouds were studied. This part remains more exploratory, as many 

unknowns persist regarding the impact of clouds on fluorescence signals. Nevertheless, several 

hypotheses explaining how clouds might influence fluorescence signals were proposed and discussed. 

Additionally, a method for inverting the elastic backscatter of aerosols within the cloud layer was 

proposed. Although this approach currently has large uncertainties and relies on strong assumptions, it 

offers an original and promising perspective for studying aerosols in cloudy conditions through remote 

sensing. 

 

Key-words: Remote sensing, Aerosols, Clouds, Lidar 
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Résumé 

Cette thèse se concentre sur l’analyse des mesures de fluorescence atmosphérique par lidar pour la 

caractérisation des aérosols et l'étude de leurs interactions avec la vapeur d'eau et les nuages. Le lidar 

LILAS (LIlle Lidar Atmospheric Study), situé sur la plateforme ATOLL (ATmospheric Observations at 

LiLLe) du LOA (Laboratoire d’Optique Atmosphérique) à Lille, est un lidar Mie-Raman-fluorescence 

membre du réseau européen EARLINET-ACTRIS (European Aerosol Research Lidar NETwork- 

Aerosol-Clouds and Trace gases Research InfraStructure) capable de profiler la fluorescence induite des 

aérosols et disposant d'un haut niveau d'automatisation. Ces caractéristiques ont permis le 

développement de FLARE-GMM (Fluorescence Lidar Aerosol REcognition based on Gaussian Mixture 

Model), un algorithme de classification automatique des aérosols basé sur un modèle d'apprentissage 

automatique. Cet algorithme précise le type des aérosols détectés par le lidar à l’aide de leur signature 

de dépolarisation, de leur fluorescence et de l'humidité atmosphérique. Après validation, une étude 

statistique des aérosols présents à Lille sur la période 2021-2023 a été réalisée grâce aux résultats de 

FLARE-GMM. 

La base de données de profils de fluorescence atmosphérique a ensuite été utilisée pour améliorer 

l'estimation des propriétés hygroscopiques des aérosols. Indépendante de la présence de vapeur d'eau, 

la fluorescence permet de suivre l'évolution de la concentration d'aérosols dans une couche donnée, en 

supposant que la nature des aérosols dans cette couche soit homogène. Cette capacité permet de 

compenser les variations éventuelles de concentration en aérosols dans la couche, permettant une 

estimation plus précise des propriétés hygroscopiques. Cette méthode, évaluée dans différentes 

situations, a montré les avantages apportés par la fluorescence. Les propriétés hygroscopiques des 

aérosols présents à Lille ont ensuite été estimées grâce à une méthode de détection automatique des cas 

de croissance hygroscopique, révélant des incertitudes importantes liées principalement à l'estimation 

de l'humidité relative. La dépendance de l'estimation des propriétés hygroscopiques à l'humidité relative 

a été modélisée pour mieux prendre en compte ce phénomène et comprendre comment le minimiser. 

Enfin, les signaux de fluorescence dans les nuages ont été étudiés. Cette partie demeure plus prospective, 

car de nombreuses inconnues subsistent quant à l'impact des nuages sur les signaux de fluorescence. 

Néanmoins, plusieurs hypothèses expliquant comment les nuages peuvent influencer les signaux de 

fluorescence ont été avancées et discutées. Ensuite, une méthode d'inversion de la rétrodiffusion 

élastique des aérosols présents dans la couche nuageuse a été proposée. Bien que cette approche 

comporte, en l’état, de larges incertitudes et repose sur des hypothèses fortes, elle offre une perspective 

originale et prometteuse pour l'étude des aérosols en conditions nuageuses par télédétection. 

 

Mots-clés: Télédétection, Aérosols, Nuages, Lidar 
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1. Introduction 

1.1 Context 

An aerosol is a suspended particle in the air, in either liquid or solid form (Glickman et al., 

2000). The sixth Assessment Report of the Intergovernmental Panel on Climate Change 

(IPCC) classifies aerosols as Short-Lived Climate Forcers (SLCFs) as their lifetime in the 

atmosphere is short, typically lasting no longer than weeks. Aerosols consist of sulfate, nitrate, 

ammonium, carbonaceous  (black carbon, or organic aerosols), mineral dust and sea spray, 

with size ranging from nanometers to tens of micrometers (Intergovernmental Panel on 

Climate Change, 2023). Aerosols originate from various sources; anthropogenic activities, such 

as traffic and heating, contribute to a significant portion of aerosol emissions, particularly in 

urban areas. However, natural sources also play a role in aerosol presence in the atmosphere, 

such as mineral dust and sea sprays (Calvo et al., 2013; Mallet et al., 2018; Mascaut et al., 2022, 

2023).  

Compounds Source Type Lifetime 
Climate 

Forcing 

Other Effects 

on Climate 

Sulphate aerosols Secondary Minutes to 

weeks 

- Clouds, Ecosystem 

Nitrate aerosols Secondary Minutes to 

weeks 

- Clouds, Ecosystem 

Carbonaceous 

aerosols 

Primary + 

secondary 

Minutes to 

weeks 

+/- Cryo, Clouds, 

Ecosystem 

Sea Spray Primary Day to weeks - Clouds, Ecosystem 

Mineral dust Primary Minutes to 

weeks 

+/- Cryo, Clouds, 

Ecosystem 

Table 1.1: Overview aerosol characteristics, source type can be primary (emitted) and/or 
secondary (formed through multiple atmospheric mechanisms), the stated lifetime refers to 
tropospheric lifetime. Climate effect of increased aerosol is indicated as ‘+’ for warming and 

‘–’ for cooling (adapted from Intergovernmental Panel on Climate Change 2023). 

Rising concerns on aerosols impact on both human health and climate have motivated research 

efforts to evaluate these effects. The presence of aerosols in the low atmosphere and their high 

concentration in city centers is responsible for the increase of cardiovascular and respiratory 

diseases. Depending on their size and composition, aerosols can penetrate the respiratory 

system and are responsible for oxidative stress due to their chemical interactions with the 
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lung’s antioxidants, favoring the development of respiratory diseases (Shiraiwa et al., 2017). 

Smallest aerosols even penetrate the vascular system, and are responsible for inflammations 

which can have serious health impact (Rundell et al., 2007). Aerosols can also change visibility 

by fog formation. This phenomenon is especially noticeable in China, where aerosol 

concentrations can reach significant levels (Tie and Cao, 2009). It has also been observed in 

London, notably during the "great smog" of 1952. This event, attributed to specific 

meteorological conditions and coal combustion, led to an estimated 4000 deaths according to 

initial assessments (Polivka, 2018). Volcanic aerosols can damage plane engines and are 

therefore responsible for air traffic perturbation, as it was the case for the Eyjafjallajökull 

eruption in 2010, after which most European airports had to shut down for few days (Gislason 

et al., 2011). 

Aerosols are also investigated for their impact on climate. Their presence in the atmosphere 

leads to changes in the scattering and absorption of incoming solar radiation. Aerosol effective 

radiative forcing (ERF) is defined as the impact of aerosols on the incoming and outgoing 

radiation at the top of the atmosphere. This effect considers the aerosol-radiation interactions 

contribution, affected by the aerosol optical properties, also known as ERFari, as well as the 

contribution from the aerosol-cloud interactions, referred to as ERFaci.  

Determining the radiative impact of aerosols is challenging due to their non-uniform 

distribution in the Earth's atmosphere. Their short lifetime in the air is responsible for 

significant disparities in their physical and chemical properties, which strongly depend on 

emissions. Moreover, the interaction processes involving aerosols are generally complex and 

challenging to characterize, adding further complexity to the assessment. However, a 

combined approach between observations and models allow for the improvement of the 

aerosol radiative forcing estimations (Liou, 2002). Aerosols can act as Cloud Condensation 

Nuclei (CCN) or ice nucleating particle (INP) on which water vapor condenses to form water 

droplets or ice crystals. This increases the cloud droplet and ice crystal number concentration 

and changes the clouds geometrical properties and albedo, impacting cloud radiative forcing 

(Twomey, 1959). Another outcome of aerosols influence on clouds is that the increase in 

droplet number concentration reduces cloud precipitation efficiency. The formed droplets are 

smaller and lighter, which reduces their ability to precipitate, increasing the cloud lifetime and 

consequently affecting Earth's radiation balance (Albrecht, 1989). Depending on cloud 

properties, they can exert either a positive or a negative radiative forcing. On the one hand, 

clouds having strong albedo, they reflect incoming solar radiation efficiently, thereby cooling 

the atmosphere. On the other hand, clouds contribute to the greenhouse effect, which balances 

their radiative forcing (Ramanathan et al., 1989). For this reason, predicting aerosol net impact 
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on cloud radiative forcing is challenging, as well as how this impact is expected to evolve in the 

near future. 

The sixth Assessment Report of the IPCC compiles the latest findings and methods to estimate 

ERFari and ERFaci from both models and observations. It concludes that aerosol effective 

radiative forcing is negative, indicating a cooling effect on the atmosphere, in contrast to 

greenhouse gasses such as carbon dioxide (Intergovernmental Panel on Climate Change, 

2023). However, this report also highlights the existence of high uncertainties, especially in 

estimating ERFaci. These uncertainties can be partly explained by the fact that some aerosol-

cloud interaction processes are still missing from models. The total aerosol ERF for 2019 

relative to 1750 is estimated at −1.1 ± 0.7 Wm−2 with medium confidence. 

 

Figure 1.1: Change in effective radiative forcing (ERF) from 1750 to 2019 from different 
atmospheric components. Bars represent best estimates and uncertainties are given by error 

bars. Aerosol contribution is separated between contributions from aerosol-cloud 
interactions (ERFaci) and from aerosol-radiation interactions (ERFari) (cited from 

Intergovernmental Panel on Climate Change 2023). 

In this framework, the Laboratoire d’Optique Atmosphérique (LOA) located in Lille France, a 

research institute which is a mixed unit between the Centre National de la Recherche 

Scientifique (CNRS) and the University of Lille, is dedicated to the observation and modeling 

of both aerosols and clouds. The laboratory is divided between two teams, one is dedicated to 

the study of clouds, and the other to the study of aerosols. Both teams largely contribute to 

research, projects and measurement campaigns to improve the knowledge on atmospheric 

science from local to global scale (Cornet et al., 2010; Dubuisson et al., 2021; Hu et al., 2022; 

Waquet et al., 2013). This laboratory also features the ATmospheric Observations at LiLLe 
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(ATOLL) platform, an instrumentation platform dedicated to the observation of the 

atmosphere. 

1.2 Current state of aerosol and cloud studies 

As mentioned above, more knowledge is needed on aerosols and their interactions with clouds. 

Scientific effort is devoted to the observation of these objects and a wide variety of instruments 

are dedicated to these tasks. Their use is essential to understand the complex interaction 

processes involving aerosols. Networks of instruments are developing in order to cover wide 

fractions of Earth, allowing to study these interactions with different types of aerosols and in 

various contexts. These processes can then be modeled to forecast climate and estimate how 

its evolution is affected by aerosols.  

1.2.1 Observations 

Observations are essential to monitor aerosols and clouds, and understand the various physical 

phenomena surrounding them. Indeed, their presence in the atmosphere varies significantly 

across both time and space, requesting extensive spatial and temporal coverage. These 

observations can be either performed in situ or with remote sensing techniques. 

In situ observations are performed when the instrument is co-located with the observable and 

collects samples to directly measure at the point of interest. In order to monitor aerosols, 

optical particle counters are used to measure the size distribution and concentration of 

particles. These instruments are generally cheap, allowing for their deployment in numerous 

locations (Aalto et al. 2005; Somsen et al. 2020), but they also come with a high degree of 

uncertainty (Hagan and Kroll, 2020). For this reason, scanning mobility particle sizers 

(SMPSs) are generally preferred for measuring aerosol size distributions and concentrations 

during field campaigns and for atmospheric studies. They provide valuable insight on local 

aerosol physical properties and are generally used during airborne campaign and for 

continuous monitoring at meteorological stations (Crumeyrolle et al., 2023; Harrison et al., 

2019). Aerosol mass spectrometers are versatile instruments used to infer aerosol chemical 

compositions, allowing to identify aerosol sources during field campaigns or in controlled 

environments (Canagaratna et al., 2007). Aethalometers and nephelometers are used to 

measure optical properties, aethalometers allow to determine absorption properties of the 

aerosols, and nephelometers measure scattering properties. These instruments help 

understanding aerosol-radiation interactions, a crucial component for the assessment of 

aerosol impact on Earth radiation balance (Charlson et al., 1969; Anderson and Ogren, 1998; 

Arnott et al., 2005). Finally, Aerosol Chemical Speciation Monitor (ACSM) are instruments 

able to measure the chemical composition of aerosols, as well as their mass concentration, and 

are generally used to determine aerosol sources (Ng et al., 2011; Petit et al., 2014).  For in situ 
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cloud monitoring, airborne probes are used to infer liquid and ice cloud properties such as 

droplet/crystal size distributions, or optical properties (McFarquhar et al., 2017). 

In situ measurements have the drawback of measuring only at a certain point and time, making 

their temporal and spatial coverage limited. Their use can also be restricted to only certain 

aerosols, for example the ACSM can only be used on sub-micrometer aerosols. Moreover, their 

use during airborne campaigns incurs significant operational costs. Furthermore, these 

campaigns generally alter the environment in which the measurement is performed, enhancing 

the uncertainties (Spanu et al., 2020). For these reasons, remote sensing instruments, both 

ground-based and spaceborne, tend to be more and more used in atmospheric sciences. 

Spaceborne instruments have the advantage of covering the whole globe at the cost of 

important expense and technical constraints. On the other hand, ground-based instruments 

are limited to a single measurement spot on Earth but can be much more flexible. Active 

remote sensing instruments use their own source of light emission, the interaction between 

this source and the environment can then be analyzed to determine properties of the objects 

with which the emitted light interacted. On the other hand, passive remote sensing instruments 

do not operate their own light source and use other sources like sunlight. 

Lidars (light detection and ranging) are active remote sensing instruments which can be used 

both ground-based or spaceborne, they measure the light backscattered by particles along the 

optical path of the emitted light. Lidars are widely used to determine aerosol optical properties 

along the atmospheric column, such as backscattering and extinction coefficient, as well as 

depolarization ratio and fluorescence coefficients (Ansmann et al., 1992a; Immler et al., 2005; 

Weitkamp, 2005; Sugimoto et al., 2012; Rao et al., 2018). But lidars are also able to identify 

the presence of clouds and to measure their thickness, height, and optical properties (Vaughan 

et al. 2004). Satellite lidars like Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP), 

mounted on the Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation 

(CALIPSO), launched in 2006 and stopped in 2023, or Earth Clouds, Aerosols and Radiation 

Explorer (EarthCARE), launched in May 2024, are used to continuously monitor aerosols and 

clouds around the globe (Hu et al., 2009; Kim et al., 2008). Details about this instrument are 

given part 2.2.  Similarly to lidars, radars are used both on the ground and mounted on 

satellites to determine cloud height and properties (Stephens et al., 2008). Sun/sky 

photometers are passive remote sensing instruments, mostly used ground-based, that are able 

to infer the integrated aerosol optical depth (AOD) and the aerosol size distribution by pointing 

at the Sun and asserting atmospheric scattering at various wavelengths (Shaw, 1983; Holben 

et al., 1998). Finally, radiometers are used both ground-based and space-borne to monitor 

clouds and water vapor. These instruments measure the atmospheric brightness temperatures 

to assess profiles of atmospheric and cloud properties. Moderate-Resolution Imaging 
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Spectroradiometer (MODIS) or POLarization and Directionality of the Earth's Reflectances 

(POLDER), mounted on the Polarization & Anisotropy of Reflectances for Atmospheric 

Sciences coupled with Observations from a Lidar (PARASOL) satellite are examples of space-

borne instrument, giving valuable insight on Earth cloud coverage on a daily basis (Chepfer et 

al., 1998; Justice et al., 2002; Skou and Le Vine, 2006). More information on microwave 

radiometers is given part 2.3. 

More and more efforts are invested in order to continuously monitor aerosols and clouds over 

the globe. Spatial missions dedicated to continuous observation of the atmosphere, such as the 

A-train, which CALIPSO is part of, launched by National Aeronautics Space Agency (NASA) 

and its national partners, have increasingly developed in recent years (Li et al., 2018; 

Schoeberl, 2002). On the other hand, networks of ground-based instruments have started to 

form such as AErosol RObotic NETwork (AERONET), first established by NASA and the 

Service National d’Observation (SNO) PHOtométrie pour le Traitement Opérationnel de 

Normalisation and Satellitaire (PHOTONS), a world-wide aerosol remote sensing network 

gathering sun photometer measurements. On the other hand, European Aerosol Research 

LIdar NETwork (EARLINET) gathers lidar data, for ground-based aerosol monitoring over 

Europe. EARLINET and AERONET are key components of the Aerosol-Clouds and Trace 

gases Research InfraStructure (ACTRIS) community, which develops observation 

networks of aerosols, clouds and trace gases. The ATOLL platform is a part of ACTRIS as 

a national facility. 

Retrieval methods exploit these observations to derive quantitative properties on aerosols 

and clouds. These data can then be used to study physical and chemical processes, or 

implemented in atmospheric models in order to control their output and improve their 

performances. 
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Figure 1.2: Active stations part of the network ACTRIS/EARLINET, 31 stations over Europe, 
the stations circled in red is the ATOLL platform operated by the LOA and IMT Douai (from 

https://www.earlinet.org/index.php?id=earlinet_homepage)  

1.2.2 Models 

Models are an essential component of atmospheric research, providing valuable insights into 

the complex interactions and processes occurring within the atmosphere. They simulate 

thermodynamics and chemistry of the atmosphere with sets of equations and 

parameterizations to forecast atmospheric properties at various scales, from regional to global. 

They rely on observations to improve processes parameterization and correct their outputs. 

They are a valuable tool to understand and predict climate, and its evolution. 

General circulation models (GCMs) rely on Navier-Stokes and thermodynamic equations to 

simulate Earth’s atmosphere on a global scale. They are used for weather forecasting, to 

understand climate processes and forecast climate change. Coupled Model Intercomparison 

Project Phase 6 (CMIP6) is an international climate modeling project of the Working Group 

on Climate Modeling (WGCM), which compares the outputs of various climate models to 

understand which results are consistent across models and which are not [https://wcrp-

cmip.org/cmip-overview/#overview, last access: May 2024]. Concerning the representation of 

clouds and aerosols, this group highlighted that while progress is being made, their 

interactions are in general challenging to implement in GCMs due to the scale at which these 

processes occur compared to the grid size at which GCMs work (Intergovernmental Panel on 
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Climate Change, 2023; Wang et al., 2021). Therefore, the understanding and parameterization 

of these processes is crucial to improve their implementation in climate models. These 

estimations are challenging to perform without collocated observations of clouds and aerosols, 

which is currently not possible with remote sensing instruments. More scientific efforts are 

therefore necessary to develop retrieval methods allowing to characterize particle properties 

inside of cloud layers. These efforts will contribute to better understanding and anticipating 

climate evolution. 

1.3 Overview and layout of this study 

As pointed out previously, the presence of aerosols and clouds in the atmosphere greatly 

impacts climate, and more scientific work dedicated to understanding the interactions between 

them needs to be conducted. For this reason, the development of observations and retrieval 

methods of aerosols and clouds is necessary. In this context, the LOA, in the framework of 

Labex Chemical and Physical Properties of the Atmosphere (CaPPA) and ACTRIS 

infrastructure, has developed a Mie-Raman-Fluorescence lidar, LIlle Lidar Atmospheric Study 

(LILAS). The singularity of this instrument is the detection channel dedicated to the 

measurement of laser-induced fluorescence signals emitted by the biogenic material present 

in the aerosols, and its high level of automation, allowing the maximize the observations. This 

kind of measurement technique is recent and more and more instruments are being equipped 

with it, such as the Multi-wavelength Atmospheric Raman lidar for Temperature, Humidity 

and Aerosol profiling (MARTHA) based at the Leibniz Institute for Tropospheric Research 

(TROPOS) (Gast et al., 2024). Fluorescence measurement opens new perspectives on aerosol 

remote sensing with lidars. In particular, the specificity of aerosol fluorescence is almost not 

influenced by the presence of water vapor in the air (Veselovskii et al., 2022b). The objective 

of this thesis is to exploit lidar fluorescence measurements to improve aerosol observations in 

humid and cloudy conditions. To begin with, after introducing the context, the main theoretical 

principles and the instruments that have been used, this study presents the development of an 

automatic aerosol typing method based on machine learning using lidar data, called 

Fluorescence Lidar Aerosol Recognition with Gaussian Mixture Model (FLARE-GMM). This 

model relies on the depolarization, fluorescence, and humidity measurements of LILAS to 

classify aerosols in function of their source, between urban aerosols, desert dust, and biomass 

burning smoke. This study also presents how fluorescence measurements allow to greatly 

improve the characterization of aerosol hygroscopic growth with lidars, defined as the growth 

of aerosols due to the uptake of water vapor. Using LILAS measurements and FLARE-GMM 

results, this method has been tested to estimate the hygroscopic growth factor of aerosols from 

different sources and compare them to literature values. These cases highlight the value 

brought by fluorescence measurement, as well as the limits of this method in the context of this 
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work. Eventually, perspectives are presented on how fluorescence signals in clouds could be 

used to retrieve information on particles in cloud layers. The fluorescence signal can be used 

to infer information on aerosols in cloud layers, providing information on potential CCN 

abundance in clouds. The potential limitations of this approach are also tackled.  

This thesis consists of six chapters. In chapter 1, the context of this thesis is presented, with an 

overview of the different observations used in atmospheric sciences to characterize aerosols 

and clouds, how these observations are used in models and what are the current limitations 

which they face. The objectives of this thesis and its different parts are also presented. In 

chapter 2, fundamental background about basic theory and instrumentation is presented. The 

theory section presents fundamental bases on aerosol-radiation interactions, the instrumental 

section presents the lidar LILAS and the method to invert aerosol properties from its 

measurements in details, as well as the microwave radiometer used to calibrate LILAS water 

vapor channel. The calibration procedure and the data management processes are also laid out 

in this section. In chapter 3, bases on machine learning methods are introduced and the aerosol 

typing method FLARE-GMM is presented, with the analysis of its results on various cases and 

the comparison with another typing method. Chapter 4 presents the study of hygroscopic 

growth and how fluorescence can be used to improve the characterization of aerosol 

hygroscopic properties. Estimates of aerosol hygroscopic growth factors from this method are 

presented and compared to the literature. This chapter also presents the limits concerning the 

uncertainties of this retrieval method. In chapter 5, the question on the use of fluorescence in 

cloudy situations is raised, opportunities and limits brought by this question are also 

presented. Finally, in chapter 6, conclusions are drawn and perspectives are proposed. 
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2. Instrumentation and data 

processing 

In this chapter, we provide the fundamental theoretical background on light-matter 

interactions for better understanding of this thesis. We then present atmospheric lidars, 

discussing their principles and general characteristics. The main instrument used in this study 

is the multi-wavelength Mie-Raman-fluorescence lidar LILAS (LIlle Lidar Atmospheric 

Study), and this chapter outlines its technical specifications and the data processing protocols 

used to invert its measures for obtaining information on aerosols and water vapor. These 

descriptions are kept concise to provide a clear introduction to lidar specificities and 

operations. Finally, we discuss the water vapor calibration method, which involves a 

comparison with a reference instrument, in this case, the RPG-HATPRO G5 microwave 

radiometer, which is also described. 

2.1 Light-matter interactions 

2.1.1 Light properties, brightness temperature and lasers 

Light is classically characterized by its intensity, propagation direction, frequency and 

polarization. A blackbody is an idealized macroscopic condensed object in thermal 

equilibrium. It emits radiation according to the Planck law which describes the spectral energy 

density (per unit volume per unit energy):  

 𝑢(𝜈, 𝑇) =
8𝜋ℎ𝜈3

𝑐3

1

𝑒𝑥𝑝 (
ℎ𝜈

𝑘𝐵𝑇
) − 1

 (2.1) 

Where 𝑢(𝜈, 𝑇) is the blackbody spectral energy density at frequency 𝜈 and temperature 𝑇, 𝑐 is 

the speed of light, ℎ is the Planck constant and 𝑘𝐵 is the Boltzmann constant. This expression 

is used to estimate the brightness temperature, defined as the temperature at which the object 

would be if it was a blackbody. 

The laser, standing for Light Amplification by Stimulated Emission Radiation, was invented in 

1958 by Charles H. Townes and Arthur Leonard Schawlow and first built in 1960 by Theodore 

Maiman (Bromberg, 1988). This instrument relies on stimulated emission to emit light which 

is characterized by its high spatial and temporal coherence, allowing the light to be almost 

monochromatic and to produce short pulses of emission, and the light beam to be focused on 
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a tight spot while exhibiting small divergence. These characteristics allow the laser to have 

many applications. 

2.1.2 Elastic scattering 

Light interaction with matter can be separated in two categories: absorption and emission. 

Scattering, which is absorption followed by emission, can be seen classically as the oscillation 

of a dipole triggered by an incident electromagnetic field. The oscillation of this dipole then 

generates itself an electromagnetic wave, it is the scattered wave. Even though palpable matter 

appears mainly continuous and neutral, in reality, it is composed of discrete charges, resulting 

in light scattering being observable in numerous contexts (Bohren and Clothiaux, 2006). 

The term elastic scattering is employed when the scattered light has the same frequency as the 

incident light, as opposed to inelastic scattering where the scattered light frequency is changed. 

Three regimes exist to characterize light scattering, depending on the size parameter of the 

scattering object, defined as 𝛼 = 𝜋𝐷/𝜆, where 𝜋𝐷 is the circumference of the object and 𝜆 is the 

wavelength of the incident light. In function of the size parameter, approximation can be made 

to characterize the scattered electromagnetic wave. 

If 𝛼 ≪ 1, meaning that the object is small compared to the wavelength, then the Rayleigh 

scattering regime can be used (Rayleigh, 1871). It often applies for light scattering by 

molecules, for which the size is in the order of 1 nm, for light in the visible where the wavelength 

is in the order of 100 nm. The scattered light intensity can be expressed in this case as: 

 𝐼(𝜆, 𝑅) = 𝐼0

8𝜋2𝑝2

𝜆4𝑅2
(1 + 𝑐𝑜𝑠2 𝜃) (2.2) 

Where 𝐼(𝜆, 𝑅) is the scattered light intensity for an observer located at distance 𝑅 from the 

scattering object, 𝜆 is the light wavelength, 𝐼0 is the incident light intensity, 𝑝 is a parameter 

depending on the scattering object called polarizability, and 𝜃 is the angle between the incident 

light direction and the observer. An important comment concerning this expression is that the 

scattered light intensity is proportional to 𝜆−4. This particularity explains why the sky is blue, 

as the shorter wavelengths are scattered more efficiently than the longer ones by atmospheric 

molecules.  

If 𝛼 ≫ 1, geometric scattering is used. These interactions are described by the laws of geometric 

optics. In the intermediate regime, when the particle size is comparable to the wavelength, the 

Mie theory applies. This theory introduces an exact solution to the Maxwell equations for the 

scattering of an harmonic plane wave by a homogeneous sphere under the form of an infinite 

series of multipole partial waves (Mie, 1908). This theory introduces the scattering, absorption 

and extinction efficiencies, characterizing the ability of the object to scatter or absorb incident 

radiation while the extinction corresponds to the decrease of light intensity in the forward 
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scattering direction and which combines scattering and absorption. The Mie theory, which can 

be applied only for spherical particles, is often used to describe light interaction with 

atmospheric particles, also called aerosols. 

2.1.3 Raman scattering and fluorescence 

By opposition with elastic scattering, inelastic scattering means that the scattered light 

frequency is different from the incident light frequency. Raman scattering is an example of 

inelastic scattering discovered by C.V. Raman in 1928 after being predicted by Adolf Smekal in 

1923. This scattering process is a much weaker phenomenon than elastic scattering, the ratio 

between the two intensities reaching up to 106 in favor of elastic scattering (Harris and 

Bertolucci, 1989). 

Raman scattering by a molecule is explained by its energy levels. A molecule exhibits discrete 

energy levels. These levels correspond to a rotation or a vibration mode of the molecule, or a 

change in its electronic configuration. These mechanisms are associated with discrete energy 

states, with the highest energy being the one for the change of electronic configuration, 

followed by the vibration, the rotation having the lowest energy transition, the values of the 

transitional energies depending on the type of the molecule, and the conditions. In general, 

Raman scattering involves vibrational or rotational energy states. 

When a photon of a certain energy collides with a molecule in its ground state, the molecule 

goes to a higher energy level, the energy difference being equal to the photon energy. In case 

of scattering, the molecule does not stay in this high energy state, a photon is emitted to lower 

the molecule energy. It can be of the same energy as the incident one, in that case the molecule 

comes back to its ground state, this is elastic scattering. But the emitted photon can also be less 

energetic if a vibrational energy level exists between the high energy state and the ground state. 

In that case, the molecule can reach the vibrational state instead of the ground state. Then, it 

emits a photon which is less energetic, this is Stokes Raman scattering. In this case, the emitted 

light has a higher wavelength than the received one, according to the Planck-Einstein 

relationship: 𝐸 = ℎ𝜈, where 𝐸 is the photon energy, ℎ is the Planck constant, and 𝜈 is the 

frequency. The anti-Stokes Raman scattering corresponds to the situation in which the 

molecule is initially in its vibrational state, and finishes in its ground state after the scattering 

process. The emitted photon is then more energetic and has a shorter wavelength than the 

received one. In these cases, the energy difference between the incident and emitted photons 

is characteristic of the molecule, and can be used to perform spectroscopy, or to measure the 

concentration of specific constituents. 
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Figure 2.1: Schematic representation of Stokes and anti-Stokes Raman scattering between the 
ground state and a vibrational state. The blue arrow is the transition associated to the 

incident photon of wavelength 𝜆0, 𝜆1 and 𝜆2 are the wavelengths of the Stokes and anti-Stokes 
Raman scattering photon respectively, with 𝜆2 < 𝜆0 < 𝜆1  

First described in the XVI century, fluorescence is also an inelastic scattering process. In 

general, a photon emitted by fluorescence is less energetic than the absorbed one and has 

therefore a longer wavelength. Fluorescence can be witnessed in nature by molecules like 

chlorophyll or quinine which absorb ultra-violet photons to emit in the visible. 

This process is different from Raman scattering as it is much slower. First, the molecule 

absorbs the photon and reaches a higher energy state. This differs from scattering, as in the 

scattering process, this higher energy level is a transitional state that is unobservable. During 

fluorescence however, the molecule absorbs the photon and can be observed in the higher 

energy state in which it remains for a longer time. When a photon is absorbed in the UV, this 

is often followed by a change in the electronic configuration of the molecule. Then, the 

molecule generally relaxes through vibration to get to a lower energy state. Finally, 

fluorescence occurs when a photon is emitted, enabling the molecule to return to its initial 

electronic configuration. The energy state the molecule reaches after the photon emission can 

be the ground state, but is often a vibrational state. 

The fluorescence lifetime is the average time during which the molecule remains in its excited 

state. It conforms to a first-order decay law and typically, it results into lifetimes on the order 

of nanoseconds for photon emission within the visible energy range. 
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Figure 2.2: Schematic representation of fluorescence. 𝐸0 and 𝐸1 are the ground and excited 
electronic configuration energy levels respectively, 𝑣0,1,2 are the vibrational energy levels, 𝜆0 

is the incident photon wavelength, the red arrows are the non-radiative relaxation process 
(vibration), the green arrow is the fluorescence emission of a photon with wavelength 𝜆𝑓 

higher than 𝜆0.  

2.2 Lidar instrument 

2.2.1 Lidar general description 

Light detection and ranging (lidar), is an active remote sensing technology whose principle 

dates back from pre-laser times, and which saw one of its first applications in meteorology by 

Fiocco and Smullin in 1963, shortly after the development of lasers. Comparable to radar (radio 

detection and ranging) or sodar (sound navigation and ranging), lidar utilizes light, with 

wavelength varying from 300 nm to 12 000 nm typically, and finds applications in many fields, 

from geology to autonomous cars, or atmospheric physics. Lidar instruments are generally 

separated in two categories; hard target lidars are used to measure distances and surface 

properties, while atmospheric lidars study the medium in which light travels, which most of 

the time is the atmosphere. In meteorology, lidars can profile atmospheric parameters such as 

temperature, pressure, humidity, wind, clouds, trace gases or aerosols in function of the 

characteristics of the instrument (Wandinger et al., 2015). 

Lidar setup consists of an emitting and a receiving part organized in different configurations 

in function of the instrument; crossed bistatic, paraxial monostatic, coaxial bistatic or 

monostatic, described Figure 2.1. The emission part is made of a laser source emitting pulses 

ranging from a few to several hundred nanoseconds with specific spectral properties. Nd:YAG 

(Neodymium-doped Yttrium Aluminum Garnet) lasers have seen their use more and more 

democratized in the lidar community since the 1980s. The Nd:YAG crystal emits in the infrared 

at 1064 nm and can be doubled or tripled by non-linear optics to emit in the green at 532 nm 

and in the ultra-violet at 355 nm. Typically, a beam expander is integrated to diminish the 
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divergence of the source light beam prior to its release into the atmosphere, aiming to prevent 

significant loss of light intensity at long distance from the instrument.  

On the reception end, a telescope gathers the photons backscattered by the atmosphere. The 

detection mode can be either direct or involve heterodyne detection, where the collected light 

is mixed with the source, generally found in wind lidars. The light is then analyzed, to estimate 

its intensity, wavelength, polarization state or other properties, depending on the application 

of the instrument. This can be achieved generally by dichroic mirrors, interference filters and 

polarization beam splitters. The backscattered wave is then collected on a detector. The 

detection is performed by Photomultiplier tubes (PMTs), or photodiodes. The photon-counting 

technique allows detection of individual photons and is therefore highly sensitive, however for 

strong backscattered signals, saturations can be observed. For this reason, analog detection is 

used in these conditions. This technique consists in measuring the average current generated 

by the incident photons, and converting it to digital signal.  

 

Figure 2.3: Configuration types of lidars emitting and receiving parts, the arrows represent 
the emitted light by the emitting part, the dashed lines represent the optical axes of the 

various parts 

Considering the speed of light, and the time between the laser pulse emission, and the 

reception, it is possible to estimate the distance of the object which scattered the light back 

toward the instrument: 𝐷 = (𝑐 𝑡)/2 , where 𝐷 is the distance between the object and the 

instrument and 𝑡 is the duration between the pulse emission, and the reception. Considering 

this expression and the time resolution of the detection system, it is possible to estimate the 

range resolution of the instrument: 𝛥𝑅 = (𝑐 𝛥𝑡)/2 where 𝛥𝑅 is the range resolution of the 

instrument and 𝛥𝑡 is the time resolution of the detection system. A time resolution of the 

detection system of 50 ns thus results in a range resolution of 7.5 m, considering the laser pulse 
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being shorter. Typically, a few to several thousand laser pulses are emitted per second, and 

lidar signals are averaged over time intervals ranging from a few seconds to a few minutes. This 

helps in reducing the volume of stored data since high time resolution is not significant for 

atmospheric observations with lidars. 

2.2.2 The lidar equation 

The lidar equation defines the power of the signal detected by the lidar system, which originates 

from the backscattering of the emitted laser beam by an object located at a distance R from the 

instrument.  

This equation considers the emission of a laser pulse which propagate through the atmosphere 

on the distance R. As the laser propagates, it is attenuated by the atmosphere, this attenuation 

is expressed by the atmospheric transmission function 𝑇(𝜆, 𝑅), which can be expressed as:  

 𝑇(𝜆, 𝑅) = 𝑒𝑥𝑝 [∫ −𝛼(𝜆, 𝑟)𝑑𝑟
𝑅

0

] (2.3) 

Where 𝛼(𝜆, 𝑟) is the atmospheric extinction coefficient, which quantifies the extinction 

properties of the atmosphere. Since the light travels both in the forward and backward 

direction, after being backscattered by the object, the transmission factor is squared in the lidar 

equation. Once the light reaches the object, it is scattered in every direction, and a certain 

proportion of the light goes back towards the instrument. This quantity is described by the 

atmospheric backscattering coefficient, 𝛽(𝜆, 𝑅) which quantifies the proportion of light 

backscattered compared to the incoming light in function of the wavelength. The backscatter 

coefficient can be expressed as 𝛽(𝜆) = 𝜎𝑠(𝜆)𝑃(𝜋)/4𝜋, where 𝜎𝑠(𝜆) is the object scattering cross 

section at wavelength 𝜆, expressing the object ability of scatter light, and 𝑃(𝜋) is the phase 

function, describing the angular dependency of the object scattering efficiency, evaluated in 

the backward direction. 

In the approximation of single scattering, the lidar equation can therefore be expressed as: 

 𝑃(𝜆, 𝑅) = 𝐴0

𝑂(𝑅)

𝑅2
𝛽(𝜆, 𝑅)𝑇2(𝜆, 𝑅) (2.4) 

Where 𝑃(𝜆, 𝑅) is the received light power at wavelength 𝜆, that was backscattered by an object 

at a distance 𝑅 from the instrument. 𝐴0 is an instrumental constant which takes into account 

the laser source properties as well as the various optics and detector efficiencies. Eventually, 

𝑂(𝑅) is the overlap function. It expresses the fraction of the backscattered light going in the 

receiver field of view. It is null at 𝑅 = 0 and reaches 1 at a certain range. At mid-range, its 

expression depends on the characteristics of both the emission and reception parts, as well as 

the configuration of their optical axes. Figure 2.4 shows a schematic illustration of the overlap 
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function and its value in function of the distance, the light beam and the receiver field of view 

geometry. The instrumental constant and the overlap function are both variables that depend 

only on the system and that need to be estimated to obtain information about the atmosphere, 

which are contained in the backscattering coefficient and the extinction coefficient. 

In the atmosphere, the scattering object is an air parcel containing both atmospheric molecules 

and particles, both responsible for the backscattering of light. Therefore, the backscatter 

coefficient can be separated in two terms: 𝛽(𝜆, 𝑅) =  𝛽𝑚𝑜𝑙(𝜆, 𝑅) + 𝛽𝑝𝑎𝑟𝑡(𝜆, 𝑅) where 𝛽𝑚𝑜𝑙(𝜆, 𝑅) 

is the contribution from the molecules to the backscattering coefficient, and 𝛽𝑝𝑎𝑟𝑡(𝜆, 𝑅) is the 

contribution from the particles to the backscattering coefficient. In the case where polarization 

is investigated, it is also possible to separate the backscattering coefficient between the 

contribution to the parallel and cross polarization, compared to the laser polarization state: 

𝛽𝑚𝑜𝑙/𝑝𝑎𝑟𝑡(𝜆, 𝑅) = 𝛽𝑚𝑜𝑙/𝑝𝑎𝑟𝑡
∥ (𝜆, 𝑅) + 𝛽𝑚𝑜𝑙/𝑝𝑎𝑟𝑡

⊥ (𝜆, 𝑅), where 𝛽𝑚𝑜𝑙/𝑝𝑎𝑟𝑡
∥ (𝜆, 𝑅) correspond the 

parallel backscattering coefficient, meaning the capacity of the object to scatter light while 

keeping its polarization state, and 𝛽𝑚𝑜𝑙/𝑝𝑎𝑟𝑡
⊥ (𝜆, 𝑅) is the cross backscattering coefficient which 

is the capacity of the object to backscatter light and change its polarization state. 

 

Figure 2.4: schematic diagram illustrating overlap between the laser beam (Emission) and 
the field of view of the receiving telescope (Reception) for a simple mono-static bi-axial 

LiDAR system. The black dashed line marks the height above which full overlap (i.e., 𝑂(𝑅) of 
1) of the LiDAR transceiver is achieved and remains independent of height. 

Similarly to the backscatter coefficient, the extinction coefficient can be separated between the 

contribution from the molecules, and the one from the particles: 𝛼(𝜆, 𝑟) =  𝛼𝑚𝑜𝑙(𝜆, 𝑟) +

𝛼𝑝𝑎𝑟𝑡(𝜆, 𝑟) where 𝛼𝑚𝑜𝑙(𝜆, 𝑟) and 𝛼𝑝𝑎𝑟𝑡(𝜆, 𝑟) are the contributions from the molecules and the 

particles respectively. However, contrary to the backscatter coefficient, in general it is 
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estimated that the extinction coefficient is independent with regard to the polarization state of 

the light. 

The lidar equation can now be written in its common form as:  

 

𝑃(𝜆, 𝑅) = 𝐴0

𝑂(𝑅)

𝑅2
(𝛽𝑚𝑜𝑙(𝜆, 𝑅) +

𝛽𝑝𝑎𝑟𝑡(𝜆, 𝑅)) exp [∫ −2 (𝛼𝑚𝑜𝑙(𝜆, 𝑟) + 𝛼𝑝𝑎𝑟𝑡(𝜆, 𝑟)) 𝑑𝑟
𝑅

0

] 

(2.5) 

This equation applies for elastic scattering (Weitkamp, 2006). In the case of inelastic scattering 

or fluorescence, the light wavelength changes between the forward and the backward 

trajectory. Therefore, the transmission term changes in the lidar equation, but the other terms 

are not impacted. The lidar inelastic equation can then be expressed as: 

 𝑃(𝜆1, 𝑅) = 𝐴1

𝑂(𝑅)

𝑅2
𝛽1(𝜆0, 𝑅)𝑒𝑥𝑝 [∫ −(𝛼(𝜆0, 𝑟) + 𝛼(𝜆1, 𝑟))𝑑𝑟

𝑅

0

] (2.6) 

 𝑃(𝜆1, 𝑅) = 𝐴1

𝑂(𝑅)

𝑅2
𝛽1(𝜆0, 𝑅)𝑇(𝜆0, 𝑅)𝑇(𝜆1, 𝑅) 

 
(2.7) 

 

Where 𝐴1 is the instrumental constant associated to the considered detection channel, 𝜆0 is the 

wavelength of the emitted light, 𝜆1 is the received light wavelength, and 𝛽1(𝜆0, 𝑅) is either the 

Raman backscattering coefficient in case of Raman scattering, or the fluorescence 

backscattering coefficient in case of fluorescence. The fluorescence backscattering coefficient 

is defined by analogy with the Raman lidar equation, and describes the ability of the object to 

produce fluorescence. Inverting the elastic and inelastic lidar equations provides insights into 

the scattering and extinction properties of the atmosphere, offering a valuable approach for 

atmospheric research. 

2.2.3 The LILAS system 

LIlle Lidar Atmospheric Study (LILAS), is a Mie-Raman-Fluorescence atmospheric lidar in 

coaxial bistatic configuration present on the ATOLL observation platform in Lille. Operating 

since 2013, it is an instrument designed to investigate both elastic and inelastic scattering, as 

well as fluorescence and depolarization with a high automation level. As of 2021, all detection 

channels have been available simultaneously on the instrument. LILAS is currently operating 

in the frame of the SNO PHOTONS and ACTRIS-CARS (Centre for Aerosol Remote Sensing), 

as well as EARLINET since 2015 (Veselovskii et al., 2016, 2020). 

The laser of LILAS is a Nd:YAG with frequency doubling and tripling, emitting therefore at 

1064 nm, 532 nm and 355 nm with a power of 100 mJ, 100 mJ and 90 mJ for each wavelength 
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respectively. The laser pulse rate is at 20 Hz, its beam width is at 3 mm with a divergence of 

0.5 mrad. A beam expander is used to decrease the divergence of the laser beam by a factor 5. 

The receiving part comprises a telescope with a diameter of 40 cm which sends the light toward 

the receiving optics. The collected light is then separated by dichroic mirrors and polarization 

beam splitters into the different detection channels. A schematic illustration of LILAS 

architecture is displayed Figure 2.5. 

There are currently 18 detection channels operating on LILAS. 10 are dedicated to elastic 

scattering detection: for each emitted wavelength, the received light is separated between 

parallel and cross polarization to compute the depolarization ratio. LILAS also features three 

Raman channels; at 387 nm, 530 nm and 408 nm. The first correspond to anti-Stokes 

vibrational Raman scattering by N2, the channel at 530 nm corresponds to the Stokes 

rotational Raman lines of the diatomic molecules N2 and O2, and the channel at 408 nm to 

anti-Stokes vibrational Raman scattering by H2O. For each Raman and elastic detection 

channel, an interference filter is used prior to the detector to accurately select the detected light 

wavelength. Finally, LILAS also exhibits a fluorescence channel with a filter centered around 

466 nm and with a width of 44 nm. For each collected channel, PMTs are used to acquire the 

signal, which is afterward processed both in analog and photon-counting modes, except for the 

elastic channels at 1064 nm where avalanche photodiodes are used instead, and only analog 

detection is performed due to the high intensity of the signal. The use of both analog and 

photon-counting modes allows to perform gluing in order to improve the coverage of the 

instrument, considering the superior performance of analog processing at lower altitudes, 

where the backscattered signal is more important, and photon-counting at higher altitudes, 

where the backscattered light is weaker. The detection system temporal resolution is 50 ns 

which corresponds to a vertical resolution of 7.5 m for the vertical profiles. Moreover, the 

fluorescence lifetime falling in the nanosecond range, being shorter than the detector 

resolution, the fluorescence process is therefore seen as instantaneous by the instrument, and 

the measurement is not impacted by the non-instantaneous aspect of this phenomenon. 

EARLINET checking procedures are regularly performed in order to certify lidar measurement 

quality. These procedures are the Rayleigh fit, the telecover test, and Δ90° calibration 

(Freudenthaler et al., 2018). More details on the instrument can be found in Hu 2018.  
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Figure 2.5: (a) Picture of LILAS (b) schematic representation of LILAS emission and the 
reception parts and their different components, more details on each element of the emitting 

and receiving parts can be found in part 2.2.3 

2.2.4 LILAS profile inversion 

The objective of this section is to describe LILAS raw data (level 0) inversion, to derive profiles 

of humidity and aerosol backscatter coefficients (level 1.5). Pre-processing steps are applied 

before treating the data, these are trigger delay correction, dead-time correction and electric 

noise subtraction and are described in Hu 2018. The inversion is managed by AUSTRAL 

(AUtomated Server for the TReatment of Atmospheric Lidars), a processing server developed 

internally at the laboratory (Ducos et al., 2022). 

In order to invert lidar profiles, different methods exist. The one chosen in this work is the 

modified Raman technique described in Veselovskii et al. 2022, which is based on the classic 

Raman inversion method (Ansmann et al., 1992a). This method includes the choice of a 

reference height in which the contribution of aerosols to the backscatter signal is negligible.  

If the overlap function is assumed to be equal to 1, which is true at a certain distance from the 

instrument, the ratio between (2.5) and (2.7) for rotational Raman scattering at 530 nm allows 

to estimate βpart(λ0, R): 

 
𝑃(𝜆0, 𝑅)

𝑃(𝜆1, 𝑅)
=

𝐴0

𝐴1

𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅) + 𝛽𝑚𝑜𝑙(𝜆0, 𝑅)

𝛽1(𝜆0, 𝑅)

𝑇(𝜆0, 𝑅)

𝑇(𝜆1, 𝑅)
 (2.8) 

 𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅) =
𝑃(𝜆0, 𝑅)

𝑃(𝜆1, 𝑅)

𝐴1

𝐴0
𝛽1(𝜆0, 𝑅)

𝑇(𝜆0, 𝑅)

𝑇(𝜆1, 𝑅)
− 𝛽𝑚𝑜𝑙(𝜆0, 𝑅) (2.9) 
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For rotational Raman scattering, 𝛽1(𝜆0, 𝑅) depends on the scattering molecule properties and 

its quantity in the atmosphere. Therefore, it can be expressed as 𝛽1(𝜆0, 𝑅) = 𝜎1(𝜆0)𝜌(𝑅), where 

𝜎1(𝜆0) is the Raman differential scattering cross section in the backward direction (in 

m2. rad−1), and 𝜌(𝑅) is the density of Raman scatters (in m-3).  

By introducing the instrumental constant 𝐾 as 𝐾 = (𝐴1/𝐴0) 𝜎1, 𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅) can be expressed 

as: 

 𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅) = 𝐾
𝑃(𝜆0, 𝑅)

𝑃(𝜆1, 𝑅)
𝜌(𝑅)

𝑇(𝜆0, 𝑅)

𝑇(𝜆1, 𝑅)
− 𝛽𝑚𝑜𝑙(𝜆0, 𝑅) (2.10) 

To compute 𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅); 𝐾, 𝜌(𝑅),  𝑇(𝜆0, 𝑅)/𝑇(𝜆1, 𝑅) and 𝛽𝑚𝑜𝑙(𝜆0, 𝑅) need to be estimated. In 

order to estimate 𝐾, a reference height 𝑅𝑟𝑒𝑓 needs to be selected, like in the traditional Raman 

inversion. This reference height should almost be aerosol free, the reason why it is often chosen 

at high altitude. 𝐾 can then be computed as: 

𝐾 =
𝑃(𝜆1, 𝑅𝑟𝑒𝑓)

𝑃(𝜆0, 𝑅𝑟𝑒𝑓)
 

1

𝜌(𝑅𝑟𝑒𝑓)
 
𝑇(𝜆1, 𝑅𝑟𝑒𝑓)

𝑇(𝜆0, 𝑅𝑟𝑒𝑓)
𝛽𝑚𝑜𝑙(𝜆0, 𝑅𝑟𝑒𝑓) 

 
(2.11) 

Where 𝑅𝑟𝑒𝑓 is the reference height, at which 𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅𝑟𝑒𝑓) = 0. It is possible to estimate 

𝛽𝑚𝑜𝑙(𝜆0, 𝑅) and 𝜌(𝑅) from standard atmospheric profiles, which is automatically managed by 

austral. The ratio of atmospheric transmissions between the elastic channel at 532 nm and the 

rotational Raman channel at 530 nm can be approximated as being equal to 1. This 

approximation can be performed considering the difference between the emission and 

reception wavelength being small. These assessments allow to determine the aerosol 

backscattering coefficient at 532 nm, 𝛽𝑝𝑎𝑟𝑡(𝜆0, 𝑅). 

The benefit of this approach is that 𝐾 is expected to be stable throughout the day if no change 

is made on the instrument. Therefore, it becomes possible to invert profiles that do not exhibit 

any reference zone (because of the presence of low clouds for example), by using the constant 

𝐾 of the nearest clear sky profile. This approach is not possible with the classical Raman 

inversion. 

The particle linear depolarization ratio (𝑃𝐿𝐷𝑅) is defined as: 

𝑃𝐿𝐷𝑅(𝜆0, 𝑅) =
𝛽𝑝𝑎𝑟𝑡

⊥ (𝜆0, 𝑅)

𝛽𝑝𝑎𝑟𝑡
∥ (𝜆0, 𝑅)

 
 

(2.12) 

This ratio can be computed as the elastic channel is in fact separated with a polarization beam 

splitter, between the light polarized parallel to the laser polarization (𝑃∥(𝜆0, 𝑅)) and the light 

polarized perpendicularly to the laser polarization (𝑃⊥(𝜆0, 𝑅)) which are used to estimate 

𝛽𝑝𝑎𝑟𝑡
∥ (𝜆0, 𝑅) and 𝛽𝑝𝑎𝑟𝑡

⊥ (𝜆0, 𝑅). This can be done after performing calibration procedures 
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accounting for the efficiencies of each channel (Freudenthaler et al., 2009; Hu, 2018), and the 

estimation of the molecular and particular contributions to the total backscatter coefficient. 

The investigation of the  𝑃𝐿𝐷𝑅 is essential as it allows us to obtain information on the particle’s 

geometry, as perfect spheres tend to keep the light polarization state after scattering, while 

more complex structures exhibit higher depolarization (Sassen, 2000). 

In order to compute the water vapor mixing ratio, the N2 vibrational Raman channel at 387 nm 

is used as a reference. The ratio between the lidar detection channel at 408 nm, and the 

reference channel allows to express the Raman backscatter coefficient: 

 𝛽𝐻2𝑂(𝜆0, 𝑅) =
𝑃(408 𝑛𝑚, 𝑅)

𝑃(387 𝑛𝑚, 𝑅)

𝐴387

𝐴408
𝛽𝑁2

(𝜆0, 𝑅)
𝑇(408, 𝑅)

𝑇(387, 𝑅)
 (2.13) 

𝛽𝐻2𝑂(𝜆0, 𝑅) being the Raman backscatter coefficient of the Raman vibrational line of H2O, 

which can be expressed as 𝛽𝐻2𝑂(𝜆0, 𝑅) = 𝜎𝐻2𝑂(𝜆0)𝜌𝐻2𝑂(𝑅). Where 𝜎𝐻2𝑂(𝜆0) is the Raman 

differential scattering cross section in the backward direction of water vapor for the Raman 

line at 408 nm which is known, and 𝜌𝐻2𝑂(𝑅) is the water vapor density. 𝛽𝑁2
(𝜆0, 𝑅) is the Raman 

vibrational line of N2 which can be estimated from standard atmosphere properties. The ratio 

of atmospheric transmissions can be approximated using Rayleigh computation for the 

molecular transmission ratio, and by assuming an Ångström exponent for the particle 

transmission ratio. The Ångström exponent being defined as: 

 
𝛼(𝜆1)

𝛼(𝜆2)
= (

𝜆1

𝜆2
)

−𝑎

 (2.14) 

Where 𝛼(𝜆1) and 𝛼(𝜆2) are the aerosol extinction coefficients at wavelengths 𝜆1 and 𝜆2 

respectively, and a is the Ångström exponent. 

Finally, to estimate the water vapor density, which can be converted to mixing ratio using 

standard atmospheric properties, the ratio 𝐴387/𝐴408 needs to be known. To do so, the lidar 

measurement is compared to an external reference. This process is described in part 2.4.2 in 

this work. 

Finally, in order to compute the fluorescence backscatter coefficient, like for the water vapor 

computation, the N2 vibrational Raman line at 387 nm is also used as a reference. Equation 

(2.13) then becomes:  

 𝛽𝑓𝑙𝑢𝑜(𝜆0, 𝑅) =
𝑃(466 𝑛𝑚, 𝑅)

𝑃(387 𝑛𝑚, 𝑅)

𝐴387

𝐴466
𝛽𝑁2

(𝜆0, 𝑅)
𝑇(466, 𝑅)

𝑇(387, 𝑅)
 (2.15) 

The only difference with water vapor inversion however is that there is no reference for aerosol 

fluorescence to estimate 𝛽𝑓𝑙𝑢𝑜(𝜆0, 𝑅). Therefore, the characteristics of the dichroic mirror, and 

of the interference filter need to be considered. Furthermore, the ratio between the gain of the 
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detectors of 466 nm and 387 nm LILAS channels needs to be estimated regularly by calibration 

procedures. 

The constant 𝐾 is in general computed using a 4-hour time window. All these inversions are 

then performed on each lidar raw data profile, giving an inverted profile every 1 to 3 minutes, 

depending on the configuration of the raw time resolution of each profile. 

2.3 The microwave radiometer 

2.3.1 General presentation 

The radiometer is a passive remote sensing instrument measuring incoming radiant flux of 

electromagnetic radiation, often expressed as brightness temperatures, within a specific 

wavelength range. First introduced in Dicke et al. (1946), microwave radiometers are 

instruments designed to estimate the atmospheric temperature and humidity profiles as well 

as integrated information such as Integrated Water Vapor (𝐼𝑊𝑉) and Liquid Water Path 

(𝐿𝑊𝑃). They measure in the microwave domain, defined as electromagnetic waves featuring 

wavelength ranging from the millimeter to the meter. In general, electromagnetic waves in this 

domain are not characterized by their wavelength but by their frequency, ranging from 1 GHz 

to 300 GHz. 

In this domain, both oxygen and water molecules exhibit absorption lines. They are located 

around 60 GHz and 118.75 GHz for the oxygen, and 22.235 GHz and 183.31 GHz for water. 

Furthermore, liquid water continuously absorbs light in the microwave region.  

Microwave radiometer measures along these oxygen and water vapor absorption lines to 

obtain information on atmospheric properties. The shapes of the absorption lines depend on 

the molecule concentration, temperature, and pressure. Due to pressure broadening, which 

can be described as the broadening of absorption lines due to pressure, the shapes of the 

absorption lines measured by the radiometer are complex and vary with the vertical 

distribution of the molecule. Since this distribution is known in the case of oxygen, it allows 

inverting the atmospheric temperature profile. For water vapor, the same method is applied, 

the information on temperature given by the oxygen line allows to invert water vapor 

concentration (Skou and Le Vine, 2006). These inversions are not straightforward and usually 

involve statistical methods such as optimal estimation approaches or artificial intelligence 

methods like machine learning and deep learning. 

2.3.2 The RPG-HATPRO G5 

Commercialized by “Radiometer Physics, a Rohde & Schwarz company”, the RPG-HATPRO 

G5 is a microwave radiometer measuring water vapor and temperature profiles. Installed on 
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the ATOLL platform since 2021, the instrument also features an infrared extension for cloud 

base height and ice cloud detection, as well as a weather station allowing it to retrieve 

atmospheric properties at ground level.  

 

Figure 2.6: Picture of the RPG-HATPRO G5 Radiometer used in this study 

The detection channels of this radiometer are around 22.235 GHz for water vapor retrieval, 

between 51 to 58 GHz for temperature retrieval, and at 31.4 GHz for liquid water retrieval. The 

absorption spectrum as well as the detection channels can be found Figure 2.7. It exhibits the 

fact that only one side of the absorption lines is investigated, as their profile is symmetrical. 14 

channels are simultaneously acquired, providing profiles every second. 

 

Figure 2.7: spectral features used for microwave atmospheric profiling, from RPG-HATPRO 
G5 technical instrumental manual, the blue dots correspond to the measurement channels of 

the instrument: https://www.radiometer-
physics.de/downloadftp/pub/PDF/Radiometers/General_documents/Manuals/2015/RPG_

MWR_STD_Technical_Manual_2015.pdf 

The retrieval algorithm of the RPG-HATPRO G5 is based on a neural network approach 

specifically trained and adapted to the conditions of the measurement site. The instrument 
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present at the ATOLL platform has been trained with a generated dataset representing over 20 

000 possible atmospheric situations gathered by radio sounding measurements, covering a 

wide range of atmospheric situations, enhancing the performance of the retrieval. On each 

radiosounding profile, a forward model is used to simulate the measurement the radiometer 

would perform. The different accuracies of retrievals are of 0.4 g. m−3 for the humidity profile, 

0.25 K to 1 K, in function of the altitude for the temperature profile, and 0.12 kg. m−2 for the 

IWV measurement. The vertical resolution of the retrieved profiles evolves with the altitude, 

from 25 m near the ground to 300 m up to 10 km, the maximum altitude. 

2.4 Data preparation 

2.4.1 Dataset organization and temperature data 

The dataset spans from February 2021 to the end of 2023, a period during which the 

radiometer as well as all LILAS detection channels were simultaneously available. The lidar 

profiles have been inverted a first time to estimate the different instrumental constants for 

each day. Since the determination of the instrumental constant is not accurate in the presence 

of clouds, the instrumental constant of the closest clear sky situation has been used to invert 

cloudy profiles. 

In order to reduce the amount of data, and to improve the signal to noise ratio, both the 

radiometer and lidar profiles have been averaged hourly. Due to the low intensity of the 

fluorescence emission and of Raman scattering, LILAS measures fluorescence and humidity 

only during nighttime, daytime data being contaminated by background daylight. Therefore, 

only profiles measured between 8 p.m. to 4 a.m. were used in this work.  

In order to use both lidar and radiometer data, all profile ranges have been aligned on the lidar 

vertical distribution; ranging from the ground to 15 km, with a vertical resolution of 7.5 m. 

Since the radiometer measurement stops at 10 km, its profiles were not considered above this 

altitude. Linear interpolation has been used on the radiometer profiles in order to align the 

measures on the same ranges. 

To provide a temperature reference for comparison with radiometer retrieval, temperature 

data estimated by the ERA5 reanalysis has also been imported. ERA5 is an ECMWF (European 

Center for Medium-range Weather Forecast) atmospheric reanalysis. It relies on general 

circulation models and data assimilation of a vast amount of historical observation. The ERA5 

temperature data have been gathered using the ICARE data and services center 

(https://www.icare.univ-lille.fr/), one of the 4 data centers of AERIS, the French data 

infrastructure for the atmosphere created in 2014. The closest grid point to Lille has been 

isolated in order to derive the hourly averaged temperature profile in Lille. Similarly to the 
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radiometer data, temperature data ranges have been aligned on LILAS ranges using linear 

interpolation. 

Quantity 𝛽532 𝑃𝐿𝐷𝑅532 𝛽𝑓𝑙𝑢𝑜  𝑥𝐻2𝑂  AH IWV Temperature 

Units sr−1. m−1 ∅ sr−1. m−1 g. kg−1 g. m−3 g. m−2 K 

Availability All All Night Night All All All 

Source LILAS LILAS LILAS LILAS Radiometer Radiometer 
ERA-5 

Reanalysis 

Time 

Resolution 

(initial) 

3 min 3 min 3 min 3 min 3 min 10 min 1 H 

Time 

Resolution 

(final) 

1 H 1 H 1 H 1 H 1 H 1H 1 H 

Range 

Resolution 

(initial) 

7.5 m 7.5 m 7.5 m 7.5 m Variable Variable Variable 

Range 

Resolution 

(final) 

7.5 m 7.5 m 7.5 m 7.5 m 7.5 m 7.5 m 7.5 m 

Table 2.1: Summary table of the various important quantities used in this study with their 

characteristics 

2.4.2 LILAS humidity calibration 

As mentioned in part 2.2.4, unlike other lidar inversions, the retrieval of water vapor with lidar 

requires the use of an external reference in order to estimate the instrumental constant 

necessary to invert lidar measurement at 408 nm. Radiosounding data are usually used to 

perform this calibration as they provide an accurate water vapor profile twice a day (Foth et 

al., 2015; Mattis et al., 2002). Unfortunately, the proximity of the ATOLL platform to an airport 

prevents the use of radiosounding. Before the radiometer installation, radiosoundings from 

Brussels, in Belgium (150 km away from Lille) were used to calibrate the lidar. This process 

could introduce a lot of biases and therefore, a calibration method based on the radiometer has 

been developed. 

The first approach consisted in using the part of the profile where the lidar water vapor 

retrieval was the most accurate. This part is approximately located between 2 km and 3.5 km. 

To make sure that the profiles given by the radiometer were accurate, the AH (absolute 

humidity) profiles of the radiometer have been compared to LILAS uncalibrated measurement. 

The water vapor mixing ratio measured by LILAS has been converted to absolute humidity by 

using the ERA5 temperature.  
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 𝐴𝐻 = 𝑥𝐻2𝑂

𝑃

𝑅𝑎𝑇
, 𝑤𝑖𝑡ℎ 𝑃 = 𝑃0𝑒𝑥𝑝 (−

𝑔𝑧

𝑅𝑎𝑇
) (2.16) 

Where 𝐴𝐻 is the absolute humidity, 𝑥𝐻2𝑂 is the water vapor mixing ratio, 𝑃 is the atmospheric 

pressure, 𝑅𝑎 =  287.05 J kg−1K−1 is the specific gas constant for dry air, 𝑇 is the temperature, 

𝑃0 is the reference atmospheric pressure, set at 1013.25 hPa, 𝑔 is the acceleration due to Earth 

gravity and 𝑧 is the altitude above sea level. 

In order to compare radiometer profiles to lidar measures which have not been calibrated, both 

profiles have been normalized, meaning that they have been divided by the value of their 

integral between the ground to 6 km, which is the maximum detection range for lidar water 

vapor. This process enabled the examination of the profile shapes to determine their 

agreement. The radiometer temperature has also been compared to the ERA5 temperature. 

 

Figure 2.8: Comparison between LILAS and Radiometer Absolute Humidity (a) and between 
Radiometer and ERA5 temperature (b) on 23 July, 2021 between 00:00 UTC and 01:00 UTC 

Figure 2.8 shows an example of comparison between LILAS and radiometer AH, and between 

radiometer and ERA5 temperature profiles during 23 July 2021, averaged between 00:00 UTC 

and 01:00 UTC. The comparison between the radiometer and LILAS AH profiles shows that 

there are noticeable differences between the two estimations which are more important than 

measurement noise. The profile measured by LILAS is more directly obtained than the one 

measured by the radiometer and therefore seems more realistic, while the profile determined 

by the radiometer is smoother. This difference is due to the retrieval method employed to invert 

the radiometer humidity profile. Indeed, this method, which uses artificial intelligence, relies 

on little information to rebuild the whole profile, while LILAS is able to obtain information at 

each point of the profile, making this retrieval method more accurate. The same comment can 

be made on the difference between radiometer and ERA5 temperature profiles. The difference 

between the two values reaching up to 3 K, even though ERA5 temperature is not directly 
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measured, it is the result of models gathering much more information than the radiometer 

retrieval, and therefore, the ERA5 temperature profile is likely to be more realistic than the 

radiometer one. 

After analyzing the comparison between the two instrument results, it has been concluded that 

relying solely on the segment of the radiometer profile between 2 km and 3.5 km would not 

provide a reliable estimation of the humidity calibration constant due the inaccuracies of the 

retrieval method in comparison to the lidar measurement. Instead, it has been decided to use 

the radiometer integrated information. Due to the nature of the radiometer retrieval process, 

this measurement is expected to be much more reliable than the retrieved profile. Following 

the method presented in Foth et al. 2015, by supposing that most water in the atmosphere is 

contained between the ground and 6 km, it is possible to use the 𝐼𝑊𝑉 measurement of the 

radiometer to compute the lidar instrumental constant at 408 nm following equation (2.17).  

 𝐾408 =
1

𝐼𝑊𝑉
∫ 𝑥′

𝐻2𝑂(𝑧)
𝑃(𝑧)

𝑅𝑎 𝑇(𝑧)
𝑑𝑧

ℎ𝑚𝑎𝑥

0

 (2.17) 

Where 𝐾408 is the lidar instrumental constant for humidity measurement, 𝐼𝑊𝑉 is the 

radiometer Integrated Water Vapor measure, and 𝑥′
𝐻2𝑂 is the uncalibrated lidar water vapor 

mixing ratio measure, and ℎ𝑚𝑎𝑥 is the maximum considered altitude, here equal to 6 km. 

This method implies another approximation which concerns the overlap function 𝑂(𝑅) 

presented equation (2.5). Indeed, in the inversion methods presented in section 2.2.4, this 

overlap function is approximated as being equal to 1, which is true for LILAS at a distance of 

approximately 1 km from the instrument, but which does not hold true in lower altitudes, and 

specifically near to the ground. However, the computation of humidity from lidar data involves 

the ratio between two detection channels (408 nm and 387 nm). By supposing that the overlap 

function of these two detection channels is the same, the computation of water vapor as 

expressed equation (2.13) is still valid. 

This method has been used to compute the lidar instrumental constant in clear sky conditions. 

For cloudy sky situations, it is possible to compute the relative humidity using the lidar water 

vapor mixing ratio, ERA5 temperature, and the pressure. The relative humidity being defined 

as the ratio between the water vapor partial pressure and the equilibrium vapor pressure, its 

value is supposed to be at 100 % at cloud base. This gives a reference point in the profile which 

allows an estimate of the calibration coefficient. 

2.5 Chapter summary 

This chapter primarily focuses on the instrument used in this study, the Mie-Raman-

fluorescence lidar LILAS. It covers the technical characteristics of LILAS and the data 
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processing protocol applied. The data processing in this work utilizes a modified Raman 

inversion method, which introduces an instrumental constant, 𝐾, allowing for profile inversion 

without the need for a reference zone in every case. This method is particularly advantageous 

for processing profiles that contain low clouds or lack a reference zone. For water vapor 

inversion with LILAS, a reference instrument, the RPG-HATPRO G5 Radiometer, is required, 

and its details are also provided in this chapter. The calibration method for LILAS assumes 

that most water vapor is concentrated between the ground and 6 km above ground level, 

enabling the use of  𝐼𝑊𝑉 measurements from the radiometer, as the water vapor profiles from 

this instrument were not sufficiently precise for direct LILAS calibration. 
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3. FLARE-GMM: an aerosol typing 

model based on LILAS data, aerosol 

typing statistical analysis on 3 years 

of data 

This chapter focuses on FLARE-GMM (Fluorescence Lidar based Aerosol Recognition from 

Gaussian Mixture Model), an automated aerosol typing algorithm based on LILAS data that 

uses the Gaussian Mixture Model (GMM). The chapter begins with a discussion on general 

concepts related to aerosol typing, followed by a brief introduction to machine learning, 

highlighting its key principles, benefits, and challenges. Next, the development and functioning 

of FLARE-GMM are presented. Throughout this work, various versions of the algorithm have 

been trained using different datasets. This chapter details the evolution of FLARE-GMM, 

addressing the limitations encountered and the improvements made leading to the final 

version. The final version is then compared with other classification methods to assess its 

performance. Finally, a brief statistical analysis of aerosol types presents in the Lille 

atmosphere from 2021 to 2023 is conducted using the LILAS dataset, applying the FLARE-

GMM algorithm. 

3.1 Aerosol typing generalities 

3.1.1 Aerosol typing in the literature 

As stated in the first chapter, atmospheric aerosols can originate from various sources. These 

sources generally fall into two categories: natural and anthropogenic. Aerosols can be directly 

emitted into the atmosphere, such as desert dust, which are known as primary aerosols. 

Alternatively, they can form in the atmosphere from gaseous precursors, like Secondary 

Organic Aerosols (SOA), they are then referred to as secondary aerosols. The physical and 

chemical properties of aerosols can vary based on their origin. The objective of aerosol typing 

methods is to use these properties in order to determine the aerosols source type.  
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Aerosol chemical composition can be estimated in situ with instruments like ACSM, which 

continuously measure the mass and chemical composition of sub-micron aerosols (Ng et al., 

2011; Budisulistiorini et al., 2014; Parworth et al., 2015). Filters can also be used to collect both 

fine and coarse particles, and the samples can then be analyzed to determine the aerosols 

chemical composition (Edgerton et al., 2005; Yli-Tuomi et al., 2003; Yttri et al., 2015). The 

Positive Matrix Factorization (PMF) is generally the most commonly used method to estimate 

aerosol sources from the chemical composition. This method relies on prior knowledge of the 

specific chemical characteristics of particles emitted by different sources. Matrix factorization 

allows for the deconvolution of the chemical compositions of observed aerosols using this a 

priori information. The contribution of each source type to ambient aerosols can then be 

estimated with this method (Paatero and Tapper, 1994; Reff et al., 2007). However, in situ 

methods suffer from numerous limitations to determine aerosol type. The first one is that in 

situ measurement is limited to the instrument location only, which reduces the amount of data 

and of situations which can be analyzed. Furthermore, the instruments can also show strong 

constraints. The ACSM for example is limited to analyzing sub-micron aerosols, making it 

unsuitable for studying coarse aerosols. In contrast, filters can be used to study both fine and 

coarse particles. However, the chemical composition analysis is typically conducted off-line. 

As a result, the amount of data obtained is usually much smaller compared to other methods, 

and the sample acquisition time is very long (often around 24 hours), reducing the 

opportunities for interpreting and analyzing the results. Moreover, the PMF method also 

suffers from drawbacks. Namely, the a priori information on the source chemical 

characteristics is generally difficult to accurately estimate and can be subjectively set. 

Therefore, the analyses can be challenging to interpret and the results can be contested. 

Aerosol typing using remote sensing instruments has greatly advanced in recent years. The 

preferred instrument for conducting these classifications is generally the lidar, as it allows for 

the measurement of numerous optical properties of aerosols in the atmosphere. These optical 

properties vary in function of the particle origins, and different methods have been developed 

to estimate the aerosol sources from them. Various quantities estimated from lidar 

measurements have traditionally been used for this purpose. The Lidar Ratio (𝐿𝑅) is the ratio 

between the aerosol elastic backscatter coefficient and the extinction coefficient, as the elastic 

backscatter coefficient can be expressed as 𝛽(𝜆) = 𝜎𝑠(𝜆)𝑃(𝜋)/4𝜋, with 𝜎𝑠(𝜆) = 𝛼(𝜆)𝜔, where 𝜔 

is the aerosol single scattering albedo, defined as the ratio of the scattering coefficient to the 

extinction coefficient. It represents the fraction of the total light attenuation due to scattering 

alone. Therefore, 𝐿𝑅 can be expressed as 𝐿𝑅 = 4𝜋/𝜔𝑃(𝜋), and is therefore an intensive 

parameter characteristic of the particle, widely used for aerosol characterization. The 

backscatter color ratio is the ratio between elastic backscatter coefficients measured at 

different wavelengths. The spectral depolarization ratio describes the dependency of the 𝑃𝐿𝐷𝑅 
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with the wavelength. All these intensive quantities, alongside with the Ångström exponent and 

the 𝑃𝐿𝐷𝑅 already defined, are generally used to estimate the aerosol type (Ansmann et al., 

2011; Baars et al., 2016; Burton et al., 2012; Hofer et al., 2020; Müller et al., 2007). In the 

difference from in situ, deconvolution methods from remote sensing measurements are much 

more difficult to perform. The main reasons involve the uncertainty levels which are more 

important, as well as the quantity of information accessible which is more limited than the 

aerosol chemical composition information obtained with filters. Therefore, aerosol typing from 

remote sensing instruments generally discriminate aerosols between sources with a wider 

nature (urban for example, gathering all anthropogenic emissions from city activities), and 

attempts to identify the main aerosol source a layer is composed of, instead of estimating the 

contribution of each source type. However, as lidars are able to cover more situations in the 

atmosphere by measuring along the atmospheric column, and gather more data, advanced 

statistical classification methods such as machine learning and deep learning can be used to 

generate automatic classification tools able to perform aerosol typing on large amount of data 

(Choi et al., 2021; Nicolae et al., 2018a; Papagiannopoulos et al., 2018; Voudouri et al., 2019). 

These algorithms need to be trained on specific dataset in order to operate, these methods can 

then be limited by the measurement uncertainties of the optical properties used for the aerosol 

typing. This mainly concerns the lidar ratio and the Ångström exponent which are computed 

from the aerosol extinction coefficient which can exhibit high uncertainty levels due to its 

retrieval method (Ansmann et al., 1992a). In order to overcome this challenge, models can be 

trained on simulated data. However, this method also shows limitations as simulated data are 

not expected to perfectly represent real conditions and are subject to biases from the models 

used for the simulation, which can therefore impact the accuracy of aerosol typing. Simulated 

data may also not capture all the complexities and variabilities of real-world scenarios, leading 

to discrepancies in aerosol classification. 

3.1.2 Aerosol typing with LILAS 

In this work, LILAS data have been used to perform aerosol typing. This instrument features 

the configuration to estimate the various quantities traditionally used for aerosol typing that 

has been previously presented. However, LILAS has the particularity of exhibiting a high 

automation degree, and in order to estimate the intensive properties mentioned earlier, a 

Raman or Klett inversion of the lidar profiles needs to be performed. These inversions are not 

straightforward as they require to select a reference zone almost aerosol free in the case of the 

Raman inversion, or a fixed parameter which is in general either the lidar ratio or the aerosol 

optical depth (AOD), in the case of the Klett inversion (Ansmann et al., 1992a). Instead, the 

inversion method presented in chapter 2.2.4 allows to automatically perform the inversion by 

estimating the lidar instrumental constant for optimal situations and using it in more complex 
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cases such as cloudy situations. This way, it is possible to automatically inverse the available 

lidar profiles and work on large amounts of data. However, this method only allows to invert 

the elastic backscatter coefficient and the 𝑃𝐿𝐷𝑅 at one wavelength, 532 nm, which has been 

chosen as it is the one exhibiting the best signal to noise ratio out of the three LILAS elastic 

wavelengths. Therefore, without the extinction coefficient, the 𝐿𝑅, Ångström exponent, 

backscatter color ratio and spectral depolarization ratio cannot be estimated in this 

configuration. Nevertheless, it is still possible to perform relevant aerosol typing with LILAS.  

The other particularity of this instrument is its capacity to measure aerosol fluorescence. The 

fluorescence signal at 466 nm, for an emission at 355 nm, is commonly emitted by bioaerosols. 

Fluorophore commonly found in these aerosols are phenylalanine, tyrosine, tryptophan, 

nicotinamide adenine dinucleotide compounds (NADH), flavins and chlorophylls which are 

generally found in vegetation (Hill et al., 1999; Hoekstra et al., 2007; Pan et al., 1999, 2012). 

For this reason, smoke aerosol from biomass burning and pollen are expected to exhibit strong 

fluorescence backscatter coefficients. 

However, the fluorescence backscatter coefficient is an extensive quantity which therefore 

depends on the aerosol concentration. Therefore, it cannot be used for aerosol typing. Instead, 

in order to use an intensive information on fluorescence, the fluorescence capacity is as:  

 𝐺𝑓𝑙𝑢𝑜 ≡
𝛽𝑓𝑙𝑢𝑜

𝛽532
 

 
(3.1) 

Where 𝐺𝑓𝑙𝑢𝑜 is the fluorescence capacity, an intensive quantity, which can therefore be used to 

perform aerosol typing. Veselovskii et al. (2022) proposed a classification method based on 

two features: the depolarization ratio at 532 nm, and the fluorescence capacity. The 

depolarization ratio allows to discriminate between smooth aerosols which do not depolarize 

much, such as biomass burning aerosols, and coarse particles, like desert dust, which strongly 

depolarize the incident light (Freudenthaler et al., 2009; Gobbi, 1998; McNeil and Carsweil, 

1975; Murayama et al., 1996). On the other hand, the fluorescence capacity allows to 

distinguish aerosols containing important traces of bioaerosols such as pollen or smoke, from 

aerosols containing less bioaerosols like urban aerosols or desert dust. 
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Figure 3.1: Scattering and fluorescence spectra for an excitation at 355 nm (picture from 
Felidj 2016) 

With this approach and in the context of Lille environmental conditions, Veselovskii et al. 

(2022) demonstrated that it is possible to discriminate between four aerosol types using these 

two quantities measured by LILAS. Urban aerosols correspond to aerosols with low 

fluorescence and low depolarization. Desert dust aerosols exhibit low fluorescence as well but 

high depolarization. Biomass burning aerosols have strong fluorescence but low 

depolarization. Eventually, pollen show strong fluorescence and strong depolarization. These 

results are summarized in Figure 3.2. 

The main limitation of this method raised in Veselovskii et al. (2022) concerns the treatment 

of hygroscopicity. Hygroscopic growth, which is treated more in-depth in chapter 4, 

corresponds to the absorption of water vapor by aerosols, resulting in a potential change of 

physical and chemical properties. At high relative humidity (𝑅𝐻), the aerosol size increases 

when the aerosol absorbs water vapor, and therefore, the elastic backscatter coefficient 

increases. However, the fluorescence which is emitted only by the fluorophores present in the 

aerosols and not by water molecules, is not expected to be impacted by hygroscopic growth. 

Consequently, at high humidity conditions, the fluorescence capacity is expected to decrease 

for hygroscopic aerosols, as 𝛽𝑓𝑙𝑢𝑜 remains constant but 𝛽532 increases, affecting the efficiency 

of the presented classification method in high humidity conditions. Moreover, hygroscopic 

growth generally also smoothens aerosols, consequently decreasing the depolarization ratio, 

further impacting the classification accuracy (Cooper et al., 1974; Ferrare et al., 2023; Haarig 

et al., 2017). 
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Figure 3.2: Aerosol type with a depolarization/fluorescence capacity diagram. The ranges of 
the particle parameter variations for dust, pollen, smoke, and urban aerosol are given by 

rectangles, (adapted from Veselovskii et al. (2022)). 

In order to improve the aerosol typing method developed in Veselovskii et al. (2022), a 

statistical approach has been used to automatically estimate the clusters associated to each 

aerosol type, and the 𝑅𝐻 value measured with LILAS has been used to take hygroscopic growth 

into account. The next part is dedicated to the presentation of the machine learning model that 

has been used to perform the automatic classification. 

3.2 FLARE-GMM presentation 

3.2.1 Generalities on machine learning 

Machine learning is a subset of artificial intelligence that focuses on the development of 

algorithms and statistical models enabling computers to perform tasks without explicit 

instructions. The objective of machine learning algorithms is to automatically identify patterns 

in data, and to take actions such as classification in different categories, or regression. A 

machine learning model is an algorithm featuring tunable parameters that are estimated 

during the training phase, also known as the learning phase. The training set is the dataset 

used for this training phase, it is ideally representative of the different conditions in which the 

algorithm is supposed to operate. In some occurrences, the training set needs to be 

preprocessed, either to accelerate computation time, or to form new variables more relevant 

for the considered problem. The objective of the training phase is to tune the parameters of the 

model, generally by minimizing a cost function, in order to be able to predict the desired output 

𝑦(𝑥) for unseen inputs 𝑥, not contained in the training set. The ability of the model to correctly 

predict 𝑦(𝑥) for unseen data is called generalization, and is a central aspect of machine 

learning. Examples of machine learning algorithms are least-squares regression, or hand digit 

recognition.  
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Depending on the output nature and of the training set, machine learning algorithms fall in 

different categories. First, models such as least-square regression, which predict continuous 

outputs are referred to as regression models. On the other hand, models such as hand digit 

recognition, which predict discrete outputs are called classification models. When the training 

set contains a set of inputs as well as the corresponding expected outputs, the model is qualified 

as a supervised machine learning algorithm, while if the training set does not contain outputs, 

we talk about unsupervised algorithms. 

Probability, decision and information theories are at the heart of the machine learning field, 

and allow us to work with real data containing uncertainties to solve complex physical 

problems from a data-driven statistical approach. Machine learning is a field that has 

significantly developed in recent years, especially with the explosion of modern computing 

power. Machine learning algorithms are now being used in various domains such as 

healthcare, finance, and of course, physics (Bishop, 2006).  

3.2.2 The Gaussian Mixture Model 

Gaussian Mixture Model (GMM) is an unsupervised classification model, also referred to as 

clustering algorithm. The objective of this model is to recognize patterns in the dataset to 

identify latent variables and separate the dataset between classes. This algorithm operates 

under the assumption that the dataset is generated from a finite mixture of Gaussian 

distributions with unknown parameters. Each Gaussian distribution represents a cluster 

within the data, and the overall model is a weighted sum of these Gaussian distributions 

(Bishop, 2006).  

Before the training phase begins, the number of Gaussian distributions must be specified. 

These kinds of specified values are called hyperparameters, defined as parameters with a fixed 

value, used to shape the model's structure and guide the training process. The training phase 

consists then in estimating the Gaussians means, variances and weights that best fit the dataset 

according to the maximum likelihood criteria. This phase can be performed with different 

methods but the most common one is the Expectation Maximization (EM), an iterative 

algorithm used to find maximum likelihood estimates of parameters in statistical models with 

latent variables. This algorithm alternates between two main steps: the expectation step, which 

consists in computing the expected values of the latent variables given the current estimates of 

the parameters, and the maximization step, during which the parameters are updated to 

maximize the likelihood based on these expected values of latent variables (Dempster et al., 

1977; Gentle et al., 2012).  

In the case of GMM, after the initialization, the expectation step corresponds to the 

computation of the probability fields of being associated to each distribution. The data points 



FLARE-GMM: an aerosol typing model based on LILAS data, aerosol typing statistical 
analysis on 3 years of data 

 

54 
 

can then be attributed to a certain Gaussian component, or a certain class, according to the 

maximum probability. During the maximization step, new Gaussian parameters (means, 

variances and weights) are computed according to the data repartition issued from the 

expectation step. By repeating this process, it is possible to lead to a convergence of the GMM 

to a local maximum of the likelihood function.  

This method however shows some limitations. First, by its sensitivity to the initialization, as 

the algorithm converges toward a local optimum which might differ from the global solution. 

Moreover, for GMM, computation times of EM algorithms can be very important. For these 

reasons, the initialization is often selected from the result of a K-means clustering algorithm, 

a simpler clustering algorithm, which aims at initially getting closer to the optimal solution, 

reducing computation time and avoiding converging toward local optimums. Moreover, the 

selection of the a priori number of clusters is also constraining, as a number of clusters not 

adapted to the real data representation would result in suboptimal solutions. Eventually, 

preprocessing steps are essential before running the EM algorithm effectively on the training 

set. Specifically, rescaling the dataset ensures each variable contributes equally to the 

likelihood estimation. This involves centering the data by subtracting the mean of the overall 

distribution and scaling it by dividing by the variance. These steps normalize the variables, 

optimizing the performance and convergence of the algorithm. Indeed, when variables are on 

disparate scales, the dominant variable exerts more influence on the likelihood estimation, 

potentially biasing the results (Bishop, 2006). An illustration of the EM algorithm is 

represented in Figure 3.3. 

Once the algorithm is trained, the dataset can then be represented as a sum of Gaussian 

distributions, and it is possible to express the probability of each data point to have been 

generated by a specific Gaussian component: 

 𝑝(𝑘|𝑥) =  
𝜋𝑘𝒩(𝑥|𝜇𝑘, 𝛴𝑘)

∑ 𝜋𝑗
𝐾
𝑗=1 𝒩(𝑥|𝜇𝑗 , 𝛴𝑗)

 (3.2)  

Where 𝑝(𝑘|𝑥) is the probability for a data point 𝑥 to have been generated by the Gaussian 

component 𝑘 of weight 𝜋𝑘, mean 𝜇𝑘 and variance 𝛴𝑘, 𝒩(𝑥|𝜇𝑘 , 𝛴𝑘) is the multivariate Gaussian 

distribution evaluated in 𝑥, and 𝐾 is the total number of Gaussian distributions specified before 

the training phase. Being able to compute 𝑝(𝑘|𝑥) for each Gaussian distribution allows 

classification of the dataset by identifying the maximum probability among the different 

components. 



FLARE-GMM: an aerosol typing model based on LILAS data, aerosol typing statistical analysis 
on 3 years of data 

55 
 

 

Figure 3.3: Illustration of EM algorithm for GMM fitting to a dataset divided in two clusters. 
(a) corresponds to the initialization, the blue and red circles correspond to the Gaussian 

distributions centered around their mean and with radius corresponding to their variances 
(b) illustrates the expectation set, the data points are separated according to the maximum 
probability of belonging to either distribution (c) illustrates the maximization step, the new 
parameters of the Gaussians are computed according to the new distribution (d), (e) and (f) 

show the results of the EM algorithm after 2, 5 and 20 iterations respectively, 𝐿 being the 
iteration number. (figure from Bishop (2006)) 

3.2.3 FLARE-GMM: an automatic aerosol typing algorithm 

Fluorescence Lidar based Aerosol REcognition from Gaussian Mixture Model (FLARE-GMM) 

is an automatic aerosol typing algorithm based on LILAS data and the GMM algorithm 

introduced earlier. Different versions of this model have been tested and are going to be 

presented. The model takes as features the fluorescence capacity, the 𝑃𝐿𝐷𝑅 at 532 nm, as well 

as 𝑅𝐻 depending on the version. The objective of this model is to perform automatic aerosol 

typing between urban aerosols, desert dust, biomass burning aerosols, and pollen, from LILAS 

data, according to the repartition represented Figure 3.2. 

The advantages of using GMM for aerosol typing lies in several aspects. First, compared to a 

manual subjective approach, the automatic and statistical nature of this algorithm allows for 

more rigorous determinations of the different clusters composing the dataset, and of the 

decision boundaries used for the automatic identification of aerosol type. Moreover, GMM 

allows us to deal with multi-dimensional datasets. Although it is preferable to keep the dataset 

dimension as low as possible to reduce computation times and the risk of underfitting, machine 
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learning models are capable of handling multi-dimensional problems that are much more 

complex to analyze manually. In our case, this means that incorporating information on 

𝑅𝐻 into our model is straightforward, as well as the inclusion of further aerosol optical 

properties such as Lidar Ratios, Ångström Exponents, or spectral depolarization ratio as the 

profile inversion method evolves.  

Then, compared to other machine learning algorithms, GMM shows many benefits. Compared 

to K-means, a simpler clustering algorithm, GMM algorithms provide more detailed 

information and enable finer classification, at the cost of longer computation time. K-means is 

a non-probabilistic model that uses a hard-clustering approach, whereas GMMs are 

probabilistic models. This distinction allows GMMs to handle cluster overlap more efficiently 

than K-means. Additionally, GMMs facilitate the treatment of uncertainty because clusters are 

represented by Gaussian distributions. This representation allows for better identification of 

outliers and data points near decision boundaries, a capability that K-means lacks since it only 

indicates the class to which each data point belongs (Bishop, 2006; Patel and Kushwaha, 

2020). 

Eventually, compared to neural network methods, GMM also has many advantages. Neural 

networks are popular algorithms, allowing to solve very complex problems, and have been used 

in various occasions for aerosol typing (Nicolae et al., 2018a; Papagiannopoulos et al., 2018; 

Voudouri et al., 2019). The ability of neural networks to solve complex problems lies in the 

number of their parameters, which can be important depending on the network complexity. 

However, the high number of parameters means that the computation time for training neural 

networks can be significant. Additionally, a very large training set is necessary to prevent 

overfitting, a strong limitation of deep learning algorithms. Finally, neural networks are 

supervised models, implying that the training set already contains the expected aerosol type. 

Constituting the training set can therefore represent an important challenge if the classification 

of aerosols is performed manually, moreover considering that the training set size needs to be 

large in order to correctly train the neural network. This aspect has motivated researchers to 

work with simulated data, as it is the case for Nicolae et al. (2018), in order to work with a large 

training set containing the aerosol type of each data point. The advantage of GMM compared 

to neural networks lies in the ability to work with real, unclassified data, whereas neural 

networks require simulated labeled data for training. 

The main drawback of GMM however is that it supposes that the data points are generated by 

Gaussians, making it challenging to identify clusters if the data distribution is not represented 

well by this distribution. Moreover, in the case of mixtures of different aerosol types, the lidar 

performs a convolution of the aerosol optical properties due to the fact that the instrument 

measures the average optical properties of a volume in which different aerosols are present. If 
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aerosols from different sources are present in this volume, the resulting optical property 

measured by LILAS would then be a convolution of each source aerosol properties. This aspect 

is not modeled well by GMM, especially during the training phase, leading to biases in the 

cluster determination as it will be illustrated later. 

3.3 Preparation before training FLARE-GMM 

3.3.1 Filtering and preprocessing of the dataset 

As mentioned in the former part, in order to correctly train GMM algorithms, the training set 

needs to be preprocessed. Before rescaling the dataset to make sure each variable contributes 

equally to the cluster identification, it needs to be filtered, as the presence of outliers in the 

training set can strongly impact the model. 

In order to filter LILAS data, the 𝑃𝐿𝐷𝑅 at 532 nm, the elastic backscatter coefficient at 532 nm, 

the fluorescence capacity, 𝑅𝐻 and the altitude have been considered. First concerning the 

𝑃𝐿𝐷𝑅, situations in which the depolarization ratio is negative have been filtered out as negative 

values of 𝑃𝐿𝐷𝑅 are non-physical. This means that a problem occurred during the profile 

inversion, which concerns about 5% of the dataset. Then, regarding the upper limit, it has been 

chosen to fix it at 40%. This choice has been motivated by the maximum values reached by 

desert dust aerosols, which are in this range at 532 nm (Haarig et al., 2022). Pollen aerosols 

may exhibit higher 𝑃𝐿𝐷𝑅 values at 532 nm, up to 80% (Bohlmann et al., 2021), however as it 

will be shown later, occurrences of pure pollen aerosols have not been observed in the dataset. 

Instead, pollen is often mixed with urban aerosols in the atmospheric boundary layer, making 

it difficult to reach such levels of depolarization. Situations for which the 𝑃𝐿𝐷𝑅 value reaches 

higher values than 40% correspond then to ice clouds, which can be misclassified as desert 

dust aerosols otherwise. 

Then, the elastic backscatter coefficient at 532 nm has also been used to filter the dataset. The 

objective here is to filter out cloudy cases which can alter the data, either by impacting the 

profile inversion, or due to the screen effect of optically thick clouds. Therefore, after some 

tests, it has been chosen that profiles in which 𝛽532 reaches over 10 Mm−1sr−1 have been 

filtered out to avoid cloudy situations. Moreover, the elastic backscatter coefficient has also 

been used to filter situations with low aerosol load. It is important to filter these situations as 

performing aerosol typing if there is little to no aerosol is not relevant. But moreover, if the 

backscatter coefficient is low, the 𝑃𝐿𝐷𝑅 becomes then very sensitive to measurement noise. 

Indeed, the depolarization is computed from a ratio between the elastic backscatter coefficients 

measured in parallel and cross polarization states. Therefore, as these values decrease, the 

sensitivity of 𝑃𝐿𝐷𝑅 to measurement noise increases and can reach outlier values under low 

aerosol load conditions. Therefore, if the 𝛽532 value is below 0.7 Mm−1sr−1, the case has been 
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filtered out from the training set. This threshold has also been applied to the result of FLARE-

GMM, and these situations have been classified as “background”. 

Regarding the fluorescence capacity, the results from Veselovskii et al. (2022) as well as the 

observation of the LILAS data have been used to determine the various thresholds to filter 

outliers. In the dataset used for this study, smoke aerosols can have fluorescence capacity 

reaching up to 10−3. This value has then been chosen as the upper threshold for fluorescence 

capacity, and cases exhibiting higher values have been filtered out. For the lower threshold, a 

value of 9.10−6 has been selected. This choice has been motivated by observations of the 

fluorescence capacity of urban and dust cases, which rarely fall below this value. Lower 

fluorescence capacities are typically observed only in clouds. This lower threshold is then a 

secondary filtering process enabling to exclude such conditions. 

Then, concerning 𝑅𝐻, filters have been applied on the dataset to exclude physically unrealistic 

values. Specifically, situations with negative 𝑅𝐻 values or values above 100% have been filtered 

out, which concerns about 0.5% of the dataset. And finally, only altitudes above 1000 m above 

ground level have been considered to ensure that the overlap function is equal to 1, 

guaranteeing the quality of the LILAS profile inversion. Similarly, only altitudes below 6000 

m have been considered in the first place to maintain an acceptable signal-to-noise ratio for 

the 𝑅𝐻 data. 

After the filtering, preprocessing of the data has been applied. The fluorescence capacity can 

vary on very large ranges (between 9.10−6 to 10−3), compared to 𝑃𝐿𝐷𝑅 and 𝑅𝐻, which typically 

vary within a single order of magnitude. This wide variation implies that some information 

may be lost during the rescaling process. To mitigate this effect, the logarithm of the 

fluorescence capacity has been used as a feature for the GMM training. By applying the 

logarithm, the range of fluorescence capacity is compressed, reducing the disparity with other 

variables. Afterward, the training set has been rescaled by retracting the mean of the dataset, 

and dividing by the variance, to ensure that each variable contributes equally to cluster 

identification. This rescaling step is crucial as it balances the influence of each variable in 

GMM, allowing the model to more effectively identify clusters without being dominated by any 

single variable. 

Quantity 𝛽532 𝑃𝐿𝐷𝑅 𝐺𝑓𝑙𝑢𝑜 𝑅𝐻 Altitude 

Maximum 

threshold 

10 sr−1Mm−1 

(profile removed) 
40% 10−3 100% 6 km 

Minimum 

threshold 
0.7 sr−1Mm−1 0% 9. 10−6 0% 1 km 

Table 3.1: Summary of the various thresholds used to filter the dataset in the first time 
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3.3.2 Hyperparameter selection 

As depicted in the presentation of GMM part 3.2.2, the expected number of clusters has to be 

selected before training the model. The selection of the appropriate number of expected 

clusters is essential to optimize GMM outcome, and efficiently represent the dataset. In order 

to correctly select this hyperparameter, different methods exist. In this work, it has been 

decided to use the silhouette method (Dinh et al., 2019; Zhou and Gao, 2014).  

This method relies on the silhouette coefficient which is a metric used to evaluate the quality 

of the model in a clustering analysis. It measures how similar a data point is to its own cluster 

compared to other clusters. The silhouette coefficient of a data point can be expressed as:  

 𝑠 =
𝐵 − 𝐴

𝑚𝑎𝑥(𝐴, 𝐵)
 (3.3)  

Where 𝑠 is the silhouette coefficient, 𝐴 is the average distance between the point and all other 

points in the same cluster, and 𝐵 is the average distance between the point and all points in the 

nearest cluster that it is not a part of (Rousseeuw, 1987). The silhouette coefficient varies 

between -1 and 1. If it is equal to 1 it means that the point is well classified, if it is equal to 0, it 

means that the data point is on or very close to the decision boundary between two neighboring 

clusters, and a negative value indicates that the data point may have been assigned to the wrong 

cluster. By considering the average silhouette coefficient of all data points, it is possible to 

estimate an overall assessment of the clustering quality.  

Therefore, a method to select the most appropriate number of clusters that best fit the dataset 

is to train the model for different values of cluster numbers, compute the average silhouette 

coefficient of each model, and select the number of clusters which exhibit the highest silhouette 

coefficient value. This method ensures to choose the number of clusters which best fits the 

dataset (Dinh et al., 2019; Zhou and Gao, 2014). 

In order to reduce computation time, K-means has been used instead of GMM to run this 

method and estimate the silhouette coefficient. This choice could be disputed as K-means and 

GMM might have different outcomes in terms of cluster determination. However, the ideal 

number of clusters depends much more on the dataset than on the model used. Therefore, after 

conducting some tests, it has been determined that the overall results in terms of choice of 

cluster number have been consistent between the two models, allowing to run K-means to 

reduce computation time. 

3.4 Selection of the training set, the different versions of FLARE-

GMM 
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During the development of FLARE-GMM, several training sets have been tested. In this part, 

the different training sets used to train the GMM algorithm are going to be presented, as well 

as the results of FLARE-GMM clusters identification, the conclusions that have been drawn for 

each version and the evolutions of the classification method. 

3.4.1 Training with all available data 

The first tested version of FLARE-GMM has been trained on all data from LILAS 

measurements from 2021 to 2023. The objective of this first step is to initially evaluate the 

performances of the training on all available data. After the filtering, this training set contains 

1141 profiles, for a total of 106979 points, which is a really high number, ideal to avoid 

overfitting issues that might occur in machine learning problems. 

Before proceeding to the silhouette method to select the number of clusters, and to the training 

phase, it can be interesting to investigate the data repartition to check if clusters can clearly be 

identified in the dataset. Figure 3.4 shows 2D histograms of the training set containing all 

filtered data from LILAS, in function of the different features used to train FLARE-GMM. 

Figure 3.4 (a) shows the repartition of the dataset in function of the fluorescence capacity and 

the depolarization ratio. From this figure, it is possible to identify a cluster with high 

depolarization (over 30 %), and low fluorescence capacity (below 10−4). According to the 

repartition proposed by Veselovskii et al. (2022), this cluster is supposed to be associated with 

desert dust. Other than this one, it is possible to identify another cluster, with low 

depolarization (below 15 %) and relatively low fluorescence (below 2. 10−4). This cluster could 

be attributed to urban aerosols according to Veselovskii et al. (2022), which is consistent with 

the fact that this cluster seems to gather a large proportion of the data points, which is expected 

as in the situation of Lille, the boundary layer is most of the time filled with urban aerosols due 

to the city activity. Then, it is possible to distinguish another cluster at low depolarization 

(below 10 %) but with high fluorescence capacity (over 2. 10−4). These optical properties are 

characteristics of smoke, or biomass burning aerosols (Veselovskii et al., 2022b). Eventually, 

one last cluster can be identified in the center of the graph. This cluster probably gathers data 

points from mixtures. As the lidar measures the average optical properties of the aerosols 

contained in a defined volume, these points are the result of convolutions between different 

distributions, which can be challenging to tackle with GMM, and will be discussed later. 
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Figure 3.4: 2D histograms of the training set containing all filtered data from 2021, 2022 and 
2023 (a) 𝐺𝑓𝑙𝑢𝑜 vs 𝑃𝐿𝐷𝑅, (b) Gfluo vs 𝑅𝐻, (c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅 

Figure 3.4 (b) shows the data repartition in a 2D histogram in function of the fluorescence 

capacity and 𝑅𝐻. Only one cluster seems to appear by looking at this figure, but it can be 

interesting to analyze the location of this cluster. Indeed, this cluster can be seen as an 

illustration of hygroscopic growth impact on aerosol optical properties, which has been 

mentioned in part 3.1.2 and is dealt with more in depth in chapter 4. This impact is 

characterized by the fact that the aerosol size increases with 𝑅𝐻, thus increasing the elastic 

backscatter coefficient of the aerosol. As the fluorescence backscatter coefficient remains 

constant in high humidity conditions, the fluorescence capacity consequently decreases at high 

humidity. This can be seen in Figure 3.4 (b) as the data distribution mostly ranges from high 

fluorescence capacity and low 𝑅𝐻, to high 𝑅𝐻 and low fluorescence capacity. 

Figure 3.4 (c) is more difficult to analyze. It is expected that the 𝑃𝐿𝐷𝑅 decreases with 𝑅𝐻 due 

to hygroscopic growth, as the aerosol is expected to smoothen at high humidity (Cooper et al., 

1974; Ferrare et al., 2023; Haarig et al., 2017). But this aspect is more difficult to identify than 

in the case of fluorescence capacity. Two clusters can still be identified at low 𝑃𝐿𝐷𝑅 (below 10 

%), one at high 𝑅𝐻 (above 50 %) and the other at low 𝑅𝐻 (below 50%). Among these clusters, 
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it could be possible to observe a decrease of 𝑃𝐿𝐷𝑅 with 𝑅𝐻, however this decrease is not 

obvious and difficult to evidence. 

One comment that can be made, however, is that almost the entire domain represented in the 

various graphs contains data. This could be due to various factors, such as measurement 

uncertainty, which increases the size of the different clusters. But it can also be explained by 

the presence of numerous cases of mixing between different aerosol types. Due to the 

measurement method, these cases are represented by convolutions between different 

distributions of these aerosol optical properties, creating data centered between these different 

distributions.  

However, Figure 3.4 (a) shows that aerosols having high depolarization ratio and high 

fluorescence capacity are rarely observed. Pollen is expected to meet these criteria (Veselovskii 

et al., 2022b), indicating that pure pollen conditions are almost never observed in the 

atmosphere around Lille. This is likely because pollen is generally found in the atmospheric 

boundary layer, where they often mix with urban aerosols. This mixing reduces the 

fluorescence capacity and the 𝑃𝐿𝐷𝑅 of the mixture, making the detection of pollen in this 

context particularly challenging.  

 

 

Figure 3.5: Silhouette coefficient from K-Means partitions on the training set containing all 
filtered data from 2021, 2022 and 2023, for a number of clusters ranging from 3 to 8 

Before proceeding to FLARE-GMM training, the expected number of clusters has to be chosen. 

The silhouette coefficient has been computed for K-Means partitions performed on this 

training set, for a number of clusters ranging from 3 to 8. The different silhouette coefficients 

are shown Figure 3.5.  

According to the silhouette coefficient method, the number of clusters that is most appropriate 

to represent the dataset is therefore 6 clusters. This number could have been anticipated as 
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four different clusters have been identified in Figure 3.4 (a), and two in Figure 3.4 (c) at low 

𝑃𝐿𝐷𝑅. The clusters for smoke and urban aerosols can then probably be separated between dry 

conditions and humid conditions. 

 

Figure 3.6: Data repartition of the training set with FLARE-GMM according to (a) 𝐺𝑓𝑙𝑢𝑜 vs 

𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 vs 𝑅𝐻, (c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅, each color is associated to a Gaussian distribution 

determined by FLARE-GMM 

Once these steps are completed, the training of FLARE-GMM can be performed with 6 clusters 

on the dataset. In order to represent the resulting trained algorithm, the data repartition of the 

training set can be investigated. The analysis of this repartition allows to observe a 

representation of the 𝑝(𝑘|𝑥) functions defined equation (3.2) which represent the various 

Gaussian distributions of each component. By comparing this analysis to the distribution 

determined by (Veselovskii et al., 2022b), it is first possible to observe if the obtained 

repartition is relevant, and then to identify each cluster to associate it to its corresponding 

aerosol type. 
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Figure 3.6 shows the data repartition between the different clusters determined by FLARE-

GMM on the training set according to the different features used for the classification. The 

objective of this section is to analyze the different figures to identify the aerosol types that could 

be represented by each cluster. Figure 3.6 (a) shows the data repartition according to the 

fluorescence capacity and 𝑃𝐿𝐷𝑅. This figure can be used in comparison to Figure 3.2 to identify 

the different clusters. First, concerning the orange cluster, it is characterized by an important 

depolarization (over 20 %), and a low fluorescence capacity (below 10−4), for this reason, this 

cluster most certainly corresponds to desert dust aerosols. This can be confirmed by the 

observation of Figure 3.6 (c), which shows that the depolarization ratio of this aerosol type 

remains constant with humidity variations. This aspect can be explained by the fact that desert 

dust exhibit little to no hygroscopic growth (Chen et al., 2020; Herich et al., 2009). Therefore, 

the fact that the depolarization ratio of these aerosols does not decrease in high humidity 

conditions is consistent with the suggestion that this cluster corresponds to desert dust. 

Regarding the blue cluster, it spans a wide range of aerosol optical properties and is centered 

around medium 𝑃𝐿𝐷𝑅 and fluorescence capacity. For this reason, it is probably associated with 

the different mixture cases. The clusters showing low depolarization are more difficult to 

analyze as they are partly superposed in Figure 3.6 (a), making it difficult to distinguish 

between them. Nevertheless, it is possible to identify that the brown cluster shows low 

fluorescence capacity (below 7.10−5) and the red cluster shows high fluorescence capacity (over 

2.10−4). For this reason, the first corresponds probably to urban aerosols, and the second to 

smoke. The analysis of the black and green cluster is more complicated as they both share 

similar optical properties. In order to distinguish between them, it is possible to analyze the 

distributions represented according to 𝑅𝐻 Figure 3.6 (b) and Figure 3.6 (c). We can observe 

from these figures that the green cluster corresponds to dryer conditions than the black cluster. 

Since the aerosol fluorescence capacity decreases in high humidity conditions due to 

hygroscopic growth, the aerosols represented by the green cluster are therefore less fluorescent 

than the ones represented by the black cluster. For this reason, it is possible to associate the 

black cluster to humid smoke aerosols, while the red cluster corresponds to dry smoke aerosols. 

The green cluster can be associated with dry urban aerosols, while the brown cluster 

corresponds to humid urban aerosols showing lower depolarization and lower fluorescence 

capacity. 

However, this reparation can be criticized on numerous aspects. Mainly, concerning the 

distributions associated with the smoke aerosols. Concerning the red cluster, associated with 

the dry smoke aerosols, we can observe from Figure 3.6 (b) and Figure 3.6(c) that it gathers 

data points with 𝑅𝐻 reaching up to 100 %, which contradicts the fact that this distribution 

corresponds to dry conditions. Furthermore, concerning the black cluster, it gathers levels of 
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fluorescence capacity going all the way down to 10−5 which is extremely low for smoke 

aerosols, even at high humidity conditions, showing that the distribution repartition 

determined by FLARE-GMM is still ambiguous with this training set. Eventually, an 

interesting aspect is the attribution of data points with low depolarization and low fluorescence 

capacity associated with the blue cluster. These optical properties correspond to urban aerosols 

but are associated with a cluster identified as representing the mixtures. This aspect can be 

explained by the variance of the Gaussian distribution and the probabilistic nature of the GMM 

model. Since the blue distribution has a higher variance than the others, outliers or data points 

near the decision boundaries are more likely to be attributed to the blue cluster. This is because 

the higher variance increases 𝑝(𝑘|𝑥), the Gaussian probability of association with this 

distribution, far from the means of each cluster. In order to mitigate this effect, the likelihood 

has been used to deal with outliers and identify them as unclassed data. This method has been 

applied in the final version of FLARE-GMM which is presented in part 3.4.3. 

Eventually, to evaluate the robustness of FLARE-GMM in this context, it has been tested to 

train the algorithm with only a fraction of the dataset. The objective here is to evaluate if the 

distributions remain stable when a part of the training set is removed. To evaluate this 

robustness, the data from 2023 have been removed from the training set and the training 

method on FLARE-GMM has been performed with this reduced dataset.  

The silhouette coefficient method (figure in the Appendix), shows that the ideal number of 

clusters for this reduced dataset is not 6 anymore but 5, already suggesting that the distribution 

might be impacted by this change. 

Figure 3.7 shows the repartition of the training set data points in the different clusters from 

FLARE-GMM when it is trained on data only from 2021 and 2022. By comparing this figure 

with Figure 3.6, it is possible to observe that some clusters have been strongly impacted by the 

change of dataset. Figure 3.7 (a) demonstrates that the orange and blue clusters, previously 

associated with desert dust aerosols and mixtures, now exhibit similar optical properties. This 

similarity makes it difficult to distinguish between pure desert dust cases and mixtures in this 

case. Furthermore, the red cluster, previously identified as smoke aerosols now exhibits a 

much higher variance. Consequently, data points with 𝑃𝐿𝐷𝑅 going up to 17 % are associated 

with this cluster, which cannot be possible in the case of pure smoke. 

These differences demonstrate the instability of the distributions previously presented. An 

explanation of this instability is the presence of mixture cases. As these cases result from 

convolutions between different distributions, their presence can therefore be responsible for 

the distortion of the clusters. Indeed, the GMM algorithm assumes that the entire dataset is 

generated by a finite number of Gaussians, which in this case represent the different types of 
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aerosols. However, this algorithm does not account for the presence of data points resulting 

from the convolution of different distributions. Consequently, the working assumptions are 

not met by the dataset, which explains this instability. 

Different training sets have then been formed to reduce as much as possible mixture cases 

occurrences. The results of FLARE-GMM training on these different datasets are presented in 

the following parts. 

 

Figure 3.7: Data repartition of the training set with FLARE-GMM, with a training set 
containing data from 2021 and 2022 only, according to (a) 𝐺𝑓𝑙𝑢𝑜 vs 𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 vs 𝑅𝐻, (c) 

𝑅𝐻 vs 𝑃𝐿𝐷𝑅, each color is associated to a Gaussian distribution determined by FLARE-GMM 

3.4.2 Training without the boundary layer 

In order to improve the performance of FLARE-GMM, it has been shown that it is necessary 

to reduce the amount of mixture cases in the dataset, as they are responsible for the model 
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instability. For this reason, it has been tested to remove the boundary layer data from the 

training set, as well as situations with medium to low aerosol loads. The objective of this 

process is to focus the training set on strong events during which the aerosol properties are 

specific to one aerosol type, therefore improving the ability of FLARE-GMM to correctly 

identify the clusters. 

 

Figure 3.8: 2D histograms of the training set containing all filtered data from 2021, 2022 and 
2023, without the boundary layer and low aerosol load situations (a) 𝐺𝑓𝑙𝑢𝑜 vs 𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 

vs 𝑅𝐻, (c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅 

The lower threshold on the elastic backscatter coefficient has then been increased from 

0.7 Mm−1sr−1, to 2 𝑀m−1sr−1, and only altitudes above 2000 m above ground level have been 

considered, instead of 1000 m. These thresholds have been selected after testing to balance 

between having sufficient data to accurately represent each aerosol type and filtering out as 

many mixture cases as possible. The dataset used to train FLARE-GMM in this section contains 

321 profiles, for a total of 11389 data points. Although this is significantly smaller than the 

previous training set, it is still sufficient to effectively train FLARE-GMM without causing 

overfitting, and this training set still covers a wide variety of situations. 
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Figure 3.8 shows the 2D histogram of the training set used in this section. From Figure 3.8 (a), 

it is possible to observe that a cluster with low fluorescence and high depolarization, 

attributable to desert dust, can still be identified. Similarly, a cluster with low depolarization, 

containing both urban aerosols and smoke, can be observed, making it difficult to distinguish 

between the two. But the most significant observation is that Figure 3.8 (a) illustrates how 

filtering the boundary layer and low aerosol load situations effectively eliminates the majority 

of mixture cases. This is evidenced by the absence of the data points located at the center of 

Figure 3.8 (a) which can be identified Figure 3.4 (a). Even though some residual points can be 

observed, a large portion of these cases has been filtered out. This helps minimize their 

influence on cluster identification and the determination of decision boundaries. Finally, it is 

important to note that it is difficult to assess whether the mixtures of urban aerosols and smoke 

have been correctly filtered. Unlike the previously mentioned data, which can be easily 

identified, these mixtures have physical properties that are more difficult to distinguish from 

pure cases of urban aerosols and smoke. Therefore, this factor should be kept in mind when 

analyzing the classification results. 

It has been determined with the silhouette method (in the Appendix) that the number of 

clusters best representing the dataset is 5. FLARE-GMM has been trained using this parameter 

on the training set presented in this section. 

Figure 3.9 shows FLARE-GMM class repartition on the training set, in function of the different 

features used to train the algorithm. Figure 3.9 (a) can be used to identify the different clusters 

and to attempt to associate them with the various aerosol types. First, the blue cluster is 

characterized by a high depolarization ratio (over 25 %) and low fluorescence capacity (bellow 

2.10−4). These properties are specific to desert dust aerosols, and similarly to the situation 

analyzed in part 3.4.1, they are almost independent of humidity levels. This confirms that this 

cluster is attributed to desert dust, as it indicates that these aerosols are almost not 

hygroscopic. The yellow cluster appears to exhibit a large variance, gathering data points with 

highly variable optical properties. This cluster appears to be located at the center of Figure 3.9 

(a), indicating that it could be associated with mixtures. It is interesting to notice that despite 

the fact that most mixture cases have been filtered out, as it is suggested from the analysis of 

Figure 3.8, a cluster gathering mixed cases is still identified during the training of FLARE-

GMM, meaning that the filtering process is probably not enough to completely mitigate the 

impact of these situation on the identification of the decision boundaries. Concerning the 

clusters with low depolarization, analyzing Figure 3.9 (a) allows to easily distinguish the cluster 

associated with smoke aerosols from the one linked to urban aerosols. The green cluster 

consists of cases with very low fluorescence capacity (below 10−4), whereas the red cluster 

includes cases with significantly higher fluorescence capacity (over 10−4). Therefore, the green 
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cluster can be attributed to urban aerosols, while the red cluster can be associated with smoke 

aerosols. It is more complicated to correctly analyze the brown cluster. It gathers cases with 

highly variable fluorescence capacity, low 𝑃𝐿𝐷𝑅, and low 𝑅𝐻. It is therefore probably not 

associated with a specific aerosol type but rather gathers dry conditions. 

 

Figure 3.9: Data repartition of the training set with FLARE-GMM, trained on a dataset 
without boundary layer, according to (a) 𝐺𝑓𝑙𝑢𝑜 vs 𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 vs 𝑅𝐻, (c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅, each 

color is associated to a Gaussian distribution determined by FLARE-GMM 

This version of FLARE-GMM seems more reliable than the previous one presented in part 

3.4.1. It is easier to distinguish the different clusters, and apart from the brown one, each type 

of aerosol (dust, urban, smoke) can be easily associated with a specific cluster that stands out 

from the others. However, it is important to keep in mind that this distribution is still 

influenced by mixture cases grouped into one cluster, which poses a problem concerning the 

model working assumptions. Furthermore, the presence of the brown cluster which gathers 
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dry data from various aerosol types also raises questions. To ensure the robustness of this 

distribution, the same test as for the previous version has been conducted. One year of data 

has been removed from the dataset, and the results have been analyzed to ensure that the shape 

of the distribution is not impacted.  

The results after removing the cases that occurred in 2021 are presented. For this training set, 

the silhouette method (in the Appendix) estimates that the optimal number of clusters for 

representing the dataset is 6, which already marks a difference with the previous situation. 

Figure 3.10 shows the data repartition of the training set with FLARE-GMM when it is trained 

without 2021 data. It is possible to observe from Figure 3.10 (a) that the clusters identified with 

FLARE-GMM in this configuration are different from the ones presented in Figure 3.9. This 

mainly concerns the cluster attributed to the desert dust aerosols, which is here separated 

between the blue and the green cluster, and with the decision boundaries significantly altered 

compared to those shown Figure 3.9. Furthermore, while the clusters associated with urban 

and smoke aerosols can still be identified as brown and red, respectively, based on their optical 

properties, the presence of a black cluster containing a substantial amount of data raises 

questions. This cluster is similar to the brown cluster represented Figure 3.9, and attributing a 

specific aerosol type to it is difficult.  

Therefore, while it is possible to identify similar clusters, it is also possible to observe that their 

decision boundaries and characteristics have been largely impacted by the change of the 

dataset. Therefore, this aspect demonstrates that this method is not robust enough and 

probably still not adapted to the problem. Once again, the presence of mixed cases can explain 

why cluster determination is highly sensitive and can change drastically with variations in the 

training set. 
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Figure 3.10: Data repartition of the training set with FLARE-GMM, with a training set 
containing data from 2022 and 2023 only, without the boundary layer, according to (a) 𝐺𝑓𝑙𝑢𝑜 

vs 𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 vs 𝑅𝐻, (c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅, each color is associated to a Gaussian distribution 

determined by FLARE-GMM 

3.4.3 Training with selected cases 

In this final version of the training set for FLARE-GMM, the approach significantly changed. 

The former versions of the algorithm presented in previous parts evidenced the fact that the 

presence of mixed cases can strongly impact the training of FLARE-GMM and the 

determination of the clusters.  

In order to solve this issue, it has been decided to train FLARE-GMM on a dataset made of 

hand-selected cases, gathering, as much as possible, pure cases only. In order to select the 

different cases used for the training of FLARE-GMM, the second version of the classification 

algorithm presented in part 3.4.2 has been used on LILAS quick-looks. These products are 

inverted profiles on which the 2 hours average has not been performed. These data, with a 

higher temporal frequency (approximately one profile every 3 minutes), are used to create 
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quick-looks that help better identify aerosol layers and cloud structures, at the cost of higher 

uncertainty. The use of FLARE-GMM on these products allows to identify pure aerosol layers, 

on which FLARE-GMM aerosol typing is constant. This solution is not ideal since the objective 

is to work with as much data as possible to cover every scenario. However, it is more important 

to us to improve the reliability of FLARE-GMM. Indeed, the objective of this algorithm is to 

work with a large volume of data and being able to quickly analyze estimations of aerosol typing 

over long periods, it is therefore important to assure the quality of this estimation.  

Figure 3.11 shows an example of quick-look that has been used to identify profiles that should 

be selected to train FLARE-GMM. It is possible to observe from Figure 3.11 (a) that a dust 

aerosol layer is present in the atmosphere above Lille during the night between 6 and 7 

September 2021, located around 2500 m above ground level. Both Figure 3.11 (a) and Figure 

3.11 (b), which represents the classified data in function of the fluorescence capacity and the 

𝑃𝐿𝐷𝑅, allow us to estimate that in this situation, the aerosol layer is composed of pure desert 

dust. The optical properties of this layer represented in Figure 3.11 (b) are indeed characteristic 

of this aerosol type. This case has therefore been used for the new dataset used to train FLARE-

GMM. 

With this method, by analyzing the quick-looks of classifications and the scattering plots of the 

classified data in function of the fluorescence capacity and the 𝑃𝐿𝐷𝑅, it has been possible to 

create a training set composed almost only of pure cases. These cases have been filtered with 

the method detailed part 3.3.1, which allowed to form a training set gathering 138 profiles, for 

a total of 17078 data points. 
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Figure 3.11: (a) quick-looks of FLARE-GMM results (version from part 3.4.2) during the 

night between 6 and 7 September 2021 (b) Representation of classified data in function of the 

fluorescence capacity and the depolarization 

By observing Figure 3.12 (a), it is possible to notice that no mixture case can be observed 

anymore in comparison with  Figure 3.8 (a) and Figure 3.4 (a). The cluster associated with dust 

cases with low fluorescence and high depolarization is now clearly identified. Furthermore, 

concerning the smoke and urban clusters,  Figure 3.8 (b) shows that there seems to be a 

separation between a cluster with high fluorescence capacity and another cluster with lower 

fluorescence capacity. This observation suggests that even though the clusters are close in 

terms of optical properties, the use of this training set allows us to differentiate more easily 

between smoke and urban cases. 
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Figure 3.12: 2D histograms of the training set containing hand-selected data of pure cases (a) 
𝐺𝑓𝑙𝑢𝑜 vs 𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 vs 𝑅𝐻, (c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅 

The silhouette method has been applied on this dataset to estimate the optimal number of 

clusters represented in the data. While it has been anticipated that the dataset would be 

represented by 3 clusters, one attributed to urban aerosols, one to smoke, and one to dust, the 

silhouette coefficient method has actually estimated that the dataset is composed of 5 clusters, 

as represented in the Appendix.  

FLARE-GMM has therefore been trained with 5 clusters, and the results of the training data 

classification is shown Figure 3.13. Figure 3.13 (a) shows that the blue cluster can be associated 

with desert dust as it gathers data with high depolarization (above 20 %) and low fluorescence 

(below 10−4). Regarding the discrimination between urban and smoke clusters, it is possible 

to observe that both red and green clusters exhibit higher fluorescence capacity than the orange 

and brown clusters. Figure 3.13 (b) also shows that the green and orange clusters gather data 

in higher humidity conditions than the brown and red clusters. Moreover, the brown and red 

clusters seem to exhibit higher fluorescence capacity than the orange and green clusters 
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respectively, suggesting that hygroscopic growth occurred, thus reducing the fluorescence 

capacity. For these reasons, it is possible to attribute the green cluster to humid smoke, while 

the red cluster can be associated with dry smoke. On the other hand, the brown and orange 

clusters can be attributed to dry and humid urban aerosols respectively.  

 

Figure 3.13: Data repartition of the training set with FLARE-GMM, with a training set 
containing hand-selected data of pure cases, according to (a) 𝐺𝑓𝑙𝑢𝑜 vs 𝑃𝐿𝐷𝑅, (b) 𝐺𝑓𝑙𝑢𝑜 vs 𝑅𝐻, 

(c) 𝑅𝐻 vs 𝑃𝐿𝐷𝑅, each color is associated to a Gaussian distribution determined by FLARE-
GMM 

This data repartition appears ideal, it is possible to differentiate between various aerosol types 

and to identify if an aerosol layer contains either urban, smoke or dust aerosols accurately with 

this method. However, questions arise on the separation of the urban and smoke cases between 

different Gaussian components. It can be interesting to notice that it is not the case for dust 

aerosols. This aspect can be interpreted by the fact that these aerosols do not exhibit 

hygroscopic growth, therefore, their optical properties are not impacted by humidity.  
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However, it may seem ambiguous that the clusters for smoke and urban aerosols are separated 

into two instead of being combined into a single cluster that accounts for the effects of 

hygroscopic growth on optical properties. One explanation for this is that hygroscopic growth 

is not well represented by a Gaussian model. In high humidity conditions, hygroscopic growth 

decreases fluorescence capacity and depolarization. As a result, if we consider a cluster 

represented in the [𝐺𝑓𝑙𝑢𝑜; 𝑃𝐿𝐷𝑅] plane, the effect of hygroscopic growth can be seen as a 

translational movement in this plane. Indeed, at low humidity, 𝐺𝑓𝑙𝑢𝑜 and 𝑃𝐿𝐷𝑅 will be high, 

and they will decrease, along a specific trajectory as 𝑅𝐻 increases. Therefore, it can be 

estimated that the data repartition does not follow a Gaussian distribution according to 𝑅𝐻, as 

this movement does not align with Gaussian modeling in 3 dimensions. This aspect could 

explain why the smoke and urban aerosol clusters are separated, and indicated that another 

representation of this phenomenon should be used. 

3.4.4 Use of 𝑹𝑯 and the treatment of hygroscopicity 

In order to solve the issues raised in the former part, and improve the treatment of hygroscopic 

growth by FLARE-GMM, it has been decided that 𝑅𝐻 should not be considered as a feature to 

classify the data. This choice has been motivated by the nature of the hygroscopic growth 

phenomenon, which cannot be represented by a Gaussian distribution, as mentioned 

previously. 

Instead, it has been decided to train three different models, one for dry conditions, one for very 

humid conditions, and one corresponding to medium conditions. To do so, the training set has 

been divided into three groups based on the 𝑅𝐻 value. Dry data points have been selected for 

𝑅𝐻 values below 60%, very humid data points for 𝑅𝐻 values over 80%, and data with 

𝑅𝐻 between 60% and 80% have been attributed to the dataset corresponding to medium 

conditions. This repartition has been decided after running some tests. The challenge is to 

balance between having as many sections as possible to correctly consider the impact of 

hygroscopic growth on the aerosol optical properties, while also providing that each aerosol 

class is well represented with enough data points in each section, to correctly train the model. 

The other benefit of this method is that only two features are used, which allows to visualize 

the data much more easily. 

Figure 3.14 shows the histograms of the different sections of the training set in function of the 

fluorescence capacity and the depolarization ratio. This figure shows that in each section, the 

different aerosol types, urban, smoke and desert dust, are represented. The only exception 

being for dust cases when 𝑅𝐻 is over 80 %, with a very low number of data points. However, 

this low amount of data does not impact the training of FLARE-GMM, as it will be evidenced 

later. Each section contains 4719, 9970 and 2475 for the dry, medium and wet sections 
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respectively, which is enough to correctly train FLARE-GMM without risking overfitting the 

model. 

Figure 3.14 also shows an interesting phenomenon, showing a clear shift of the urban and 

smoke clusters in the [𝐺𝑓𝑙𝑢𝑜;  𝑃𝐿𝐷𝑅] plane towards lower values of fluorescence and 

depolarization as 𝑅𝐻 increases. This aspect is a direct illustration of the hygroscopic growth 

impact on aerosol optical properties, which can be clearly observed in this situation. 

 

Figure 3.14: 2D histograms of the training set containing hand-selected data of pure cases in 
function of humidity levels (a) below 60 % (b) between 60 % and 80 %, (c) over 80%, (d) all 

data 

The silhouette coefficient method, shown in the Appendix has been used on each section of the 

dataset, and in each case, the optimal cluster number has been determined as 3, which is the 

result that has been expected by the observation of the dataset 2D histograms. This result 

supports the conclusion made in part 3.4.3, that hygroscopic growth has been responsible for 

the separation of the clusters in the model presented in this part. 

FLARE-GMM models have been trained on each section of the training set, and the results of 

the training set data repartition are displayed Figure 3.15. On this figure, it is possible to 

observe that the different clusters are well defined and separated in each case. The association 

of each cluster to its aerosol type, urban, smoke and dust, is not ambiguous and can be 
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performed straightforwardly. For this reason, this model is the one that has been chosen as the 

best aerosol typing method. 

However, limitations of this method can be mentioned. First concerning its ability to perform 

on unseen situations (generalization). Given that the training set contains a limited number of 

cases, due to the selection process, it can be more challenging for the model to accurately 

classify an aerosol with properties that are similar to, but distinct from, those on which the 

model has been trained. Furthermore, the treatment of mixture cases can also be problematic. 

Unlike the models presented in parts 3.4.1 and 3.4.2, FLARE-GMM in this instance does not 

have a cluster dedicated to identifying mixtures, making it challenging to accurately classify 

them. 

 

Figure 3.15: Data repartition of the training set sections with the different versions of FLARE-
GMM trained on these sections (a) section with 𝑅𝐻 < 60 %, (b) 60 % < 𝑅𝐻 < 80 %, (c) 𝑅𝐻 > 

80 %, each color is associated to a Gaussian distribution determined by FLARE-GMM 

In order to address these issues, the likelihood function can be used. It is defined as:  
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 𝑃(𝑥) =  ∑ 𝜋𝑗

𝐾

𝑗=1

𝒩(𝑥|𝜇𝑗 , 𝛴𝑗) (3.4)  

This function can be interpreted as the probability that the point 𝑥 has been generated by a 

Gaussian distribution of the model. Therefore, by choosing a threshold on the likelihood value, 

it is possible to balance between enlarging the clusters to mitigate the impact of the limited 

training set, and excluding mixture cases and outliers from the repartition process. 

 

Figure 3.16: Data repartition of the training set sections with the different versions of 
FLARE-GMM trained on these sections (a) section with 𝑅𝐻 < 60 %, (b) 60 % < 𝑅𝐻 < 80 %, 
(c) 𝑅𝐻 > 80 %, each color is associated to a Gaussian distribution determined by FLARE-

GMM, with the representation of the negative log likelihood contour lines (−𝑙𝑛(𝑃(𝑥))  

Figure 3.16 shows the contour lines of the negative log likelihood field, which corresponds to 

the negative of the logarithm of equation (3.4), in function of the rescaled features. This figure 
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has been analyzed in order to select the optimal threshold of the negative log likelihood, in 

order to correctly filter out mixture cases and outliers, while also widening the clusters to 

consider the limits of the training set. Eventually, it has been chosen to fix the threshold at 8. 

This value has been selected as it allows for unseen cases, for which the negative log likelihood 

value is generally below 8, to be correctly classified, while also excluding mixture cases and 

outliers, for which the negative log likelihood value is generally over 8. 

Another benefit of this approach is that it can be used at high altitudes, where 𝑅𝐻 is much more 

difficult to obtain accurately. In order to use FLARE-GMM above 6 km, altitude above which 

𝑅𝐻 cannot be measured by LILAS, it has been decided to use the driest model to classify cases. 

The motivation behind this approach is that lidar can measure fluorescence and depolarization 

at very high altitudes, and in clear sky conditions, the 𝑅𝐻 level is typically lower at these 

altitudes. Consequently, hygroscopic growth cases are rarely detected at high altitudes, which 

is presented in chapter 4. This supports using a dry aerosol model for aerosol typing in such 

cases. Allowing aerosol typing up to 15 km during the night. 

Eventually, it is possible to observe that the cluster associated with urban aerosols and the one 

associated with smoke particles are very close to each other. Moreover, there is no separation 

between them once the negative log likelihood criterion is applied. This makes it currently very 

difficult to differentiate layers containing a mixture of urban and smoke cases from a layer 

containing pure particles of one aerosol type. Instead, FLARE-GMM can estimate which 

aerosol has the higher contribution to the mixture's optical properties. In our case, it is not 

possible to improve this result, as the clusters are too close. The use of other optical properties 

in the future, such as the 𝐿𝑅 or the Ångström exponent, could be essential to help solve this 

issue. 

3.5 Generalization of FLARE-GMM 

The objective of this section is to assure the generalization of FLARE-GMM. To do so, the 

results of FLARE-GMM have been compared to references for unseen cases. In the first part, 

this concerns cases of extreme events in which the aerosol type is not ambiguous and that has 

already been documented by other studies. In the second part, FLARE-GMM is compared to 

NATALI, another aerosol typing model based on lidar data, which uses a neural network. 

3.5.1 Classification of specific events 

Assessing the accuracy of clustering models such as GMM can be challenging in the absence of 

definitive reference. In this section, an analysis of specific events has been performed to have 

an idea of the algorithm performances to identify aerosol types from LILAS data. 
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Our initial approach involves exploring FLARE-GMM aerosol typing estimation in instances 

where aerosol types are not ambiguous and easily identified. These scenarios mainly manifest 

during specific events of dust or smoke occurrences. Fortunately, the region of Lille frequently 

experiences such events, which are consistently documented and analyzed by the LOA, and 

which origins can be checked from backward trajectories (Baars et al., 2019; Draxler et al., 

2023; Stein et al., 2015). 

The first event analyzed in this section occurred during the night between 15 and 16 March 

2022. In this period, strong manifestations of Sirocco winds have been experienced. These 

phenomena are responsible for the advection of Saharan desert dust over Europe. 

Consequently, desert dust can be observed in Lille during these events (Husar, 2004; Stohl et 

al., 2004). The backward trajectory for this night (in the Appendix) confirms that the air 

present in the atmosphere above Lille in this situation comes for the Saharan region, thus 

supporting the fact that desert dust is expected to be present in Lille.  

 

Figure 3.17: FLARE-GMM aerosol type estimation quick-look during the night between 15 
and 16 March 2022 between 1000 m and 15000 m 

On the other hand, Figure 3.17 shows the quick-look of FLARE-GMM aerosol type estimation 

during the night between 15 and 16 March 2022. Background and cloud classes are 

automatically attributed when the elastic backscatter coefficient is below 0.5 Mm−1. sr−1 or 

over 15 Mm−1. sr−1 respectively, while the unknown class gathers the outliers and mixture 

cases for which the negative log likelihood of FLARE-GMM is over 8. Figure 3.17 shows that 

during the second part of the night, after 00:00 UTC on 16 April 2022, an aerosol layer has 
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been present below 3000 m, with clouds at the top of the layer. FLARE-GMM estimates that 

these aerosols are certainly desert dust aerosols, which is consistent with the backward 

trajectories as well as the analyses and the different reports made on this particular situation 

(Bouteiller, 2022). FLARE-GMM aerosol typing estimation concurs with the expected result in 

this case, supporting the fact that FLARE-GMM is able to identify desert dust aerosols in such 

events. 

The second case used in this study occurred during the night between 2 and 3 March 2021. 

Similarly to the previous case, the presence of strong Sirocco winds has been responsible for 

the transportation of Saharan desert dust over Europe. The backward trajectory for this case 

(in the Appendix) shows that the air present above Lille during this night originated from the 

North African region, supporting the presence of desert dust in the atmosphere. Figure 3.18 

shows the quick-look of FLARE-GMM aerosol type estimation for this case. During this night, 

FLARE-GMM identifies the presence of desert dust aerosols in a layer spanning from 2000 m 

to almost 7000 m. Clouds can also be observed after 00:00 UTC, ranging from 3000 m to 

10000 m, while the lowest part of the atmosphere is associated with unknown aerosol type, 

which could correspond to a mixture between desert dust and urban aerosols in the boundary 

layer. Such as the previous studied case, in this situation, the ability of FLARE-GMM to 

correctly identify desert dust aerosol layers is illustrated here, as FLARE-GMM aerosol typing 

estimation corresponds to the aerosol type expected from backward trajectory and previous 

analyses (Veselovskii et al., 2022b). 
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Figure 3.18: FLARE-GMM aerosol type estimation quick-look during the night between 2 and 
3 March 2021 between 1000 m and 15000 m 

Eventually, the last case investigated in this part occurred during the night of 19 July 2022. 

During this period, significant forest fires occurred in the Gascogne region in southeastern 

France. The winds blowing northward during this event transported the biomass burning 

aerosols all the way to Lille. This can be clearly observed in Figure 3.19 where both the fire map 

and the backward trajectory are represented. Figure 3.19 (a) shows the backward trajectory in 

this situation and Figure 3.19 (b) shows the fire map between 14 and 19 July 2022, obtained 

from the Fire Information for Resource Management System (FIRMS), which uses data from 

MODIS and the Visible Infrared Imaging Radiometer Suite (VIIRS), and is managed by NASA 

(source: https://firms.modaps.eosdis.nasa.gov/, last access: 28 June 2024). On this map is 

also highlighted the fire data corresponding to the forest fires which occurred in the Gascogne 

region at this period. By analyzing both these figures, it is possible to observe that biomass 

burning aerosols emitted from the forest fires, have been transported to Lille during this 

period. On the other hand, Figure 3.19 (c) shows the aerosol typing estimation from FLARE-

GMM during the night of 19 July 2022. This figure shows that FLARE-GMM correctly 

recognizes the presence of a smoke layer ranging from 2000 m to 6000 m with the presence 

of unknown aerosols in the lower part of the atmosphere, which could correspond to a mixture 

with another aerosol type like urbans, or to outliers. Nevertheless, this case illustrates well the 

ability of FLARE-GMM to identify smoke layers in such conditions, supporting its efficiency 

and generalization. 
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Figure 3.19: (a) Backward trajectory of 24 hours at 4000 m above ground level at 22:00 UTC 
on 19 July 2022 (b) Fire map from the Fire Information for Resource Management System 
(FIRMS) between 14 to and 19 July 2022 (source: https://firms.modaps.eosdis.nasa.gov/, 
last access: 28 June 2024) (c) FLARE-GMM aerosol type estimation quick-look during the 

night of 19 July 2022 between 1000 m and 15000 m 

These three presented cases allow for the evaluation of the performance of FLARE-GMM in 

occurrences of strong events. In these situations, the aerosol type estimated by the algorithm 

is consistent with the expected aerosol type present in the atmosphere. The ability of FLARE-

GMM to correctly identify aerosol types in such cases is thus supported by these examples. 

However, this approach is limited since it uses a low number of specific situations, which is 
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therefore not ideal to evaluate the algorithm performance in general. In order to do so, as 

previously mentioned, a reference is necessary to compare with FLARE-GMM results. 

3.5.2 Comparison with NATALI aerosol typing 

Neural Network Aerosol Typing Algorithm Based on Lidar Data (NATALI) is a deep learning 

algorithm developed to estimate the most probable aerosol type from lidar data. This algorithm 

uses the EARLINET 3𝛽 +  2𝛼 (+1𝛿) profiles, which are multispectral profiles that can be 

obtained from LILAS and are regularly inverted. However, these profiles differ from the data 

used in this study, as both the inverted variables and the inversion method are different. 

NATALI has been trained on synthetic data, using the aerosol Ångström exponent, color index, 

color ratios, 𝐿𝑅 and 𝑃𝐿𝐷𝑅 of the aerosols as features to perform the classification. From these 

properties, the algorithm is able to determine the aerosol type among continental, continental 

polluted, smoke, dust, marine and volcanic (Nicolae et al., 2018a). 

Thus, the use of NATALI allows us to have a second estimate of the aerosol type, which can be 

used as a relative reference to evaluate FLARE-GMM performance. 36 cloud-free profiles from 

2022, covering different situations and aerosol types have been selected randomly to compare 

FLARE-GMM estimates with NATALI. Figure 3.20 shows the confusion matrix between the 

two aerosol type estimates. Confusion matrices are usually used to evaluate the performance 

of a classification algorithm. They display the counts of true positives, true negatives, false 

positives, and false negatives, helping to assess the accuracy, precision and overall 

effectiveness of the model. In this case, as the reference is not absolute, this matrix can then be 

used to compare the results from the two models, analyze their agreements and disagreement, 

in order to evaluate their performances, and biases.  

The confusion matrix indicates that the agreement rate between the two models is at 38 %. 

This rate is acceptable given that the two models utilize different features for classification and 

differ in their algorithmic nature. Indeed, NATALI is a supervised learning algorithm, while 

FLARE-GMM is unsupervised. Regarding the disagreements between FLARE-GMM and 

NATALI, we can first evidence the confusion that exists between smoke and urban, or 

continental aerosols. Indeed, in a substantial number of cases, NATALI and FLARE-GMM 

disagree between smoke and urban aerosols. This confusion has been expected since the 

optical properties of smoke and urban aerosol are close, as evidenced part 3.4.4. Furthermore, 

as evidenced in the previous sections, the investigation of humidity is essential to discriminate 

between smoke and urban aerosols in dry and humid conditions. However, NATALI does not 

consider hygroscopic growth as it does not use 𝑅𝐻 as a feature, which is essential to classify 

aerosols. Therefore, the discrimination between these aerosol types constitutes a limitation of 
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NATALI (Nicolae et al., 2018b). Thus, it is challenging to conclude on the disagreements 

between the two models in this case. 

 

Figure 3.20: Confusion matrix between FLARE-GMM and NATALI aerosol type estimation 
on 36 profiles from 2022 

Moreover, we can notice that most cases identified as desert dust by FLARE-GMM are 

classified differently by NATALI, either as smoke or as marine aerosols. This confusion is more 

surprising since desert dust optical properties are supposed to be different from these aerosol 

types. In particular, desert dust 𝑃𝐿𝐷𝑅 is expected to range close to 30 %, while smoke and 

marine aerosols are expected to have much lower 𝑃𝐿𝐷𝑅. This difference can be explained by 

several factors. First, the methods used to invert the profiles used by FLARE-GMM and 

NATALI are different. Therefore, inversion errors might appear on one dataset and not the 

other, introducing disagreements. Then, the different natures of the two algorithms might as 

well explain these differences. As it has been mentioned, NATALI is a supervised learning 

model that has been trained on synthetic data, as opposed to FLARE-GMM that is an 

unsupervised learning model which has been trained using data from LILAS instrument 

specifically. This aspect is an advantage for FLARE-GMM as the specificities of the site in Lille, 

as well as the specificities of the instrument are therefore considered by the model. On the 

other hand, NATALI, which has been trained on synthetic data, might contain biases from the 

model used to simulate the aerosol optical properties. Moreover, the features used by NATALI 

might as well explain these differences with FLARE-GMM estimates. Indeed, the 𝐿𝑅 and the 

Ångström exponent, both relying on the extinction coefficient estimation, are used by NATALI. 

However, these properties are difficult to estimate accurately with the Raman inversion, 
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performed on the EARLINET profiles. These quantities often exhibit high uncertainties 

(Ansmann et al., 1992a) thus impacting NATALI estimation quality. This might explain why 

NATALI predicts the presence of marine aerosols while the measurement site is located 70 km 

away from the coast, thus making it unlikely to observe aerosol layers mainly composed of 

marine particles. Eventually, the treatment of hygroscopicity can also be responsible for the 

differences between NATALI and FLARE-GMM aerosol typing estimates. This phenomenon, 

which significantly alters aerosol properties, is taken into account by NATALI in the training 

set, as it is modeled according to different 𝑅𝐻 levels, but 𝑅𝐻 is not used as an input to 

determine the aerosol type (Nicolae et al., 2018a). On the other hand, as FLARE-GMM uses 

real data in the training set, it naturally covers a wide range of humidity levels, and 

furthermore, even if 𝑅𝐻 is not used as a feature, its influence on aerosol optical properties is 

considered with the use of different trained modeled in function of the 𝑅𝐻 levels. These 

differences of treatment can be responsible for important differences between the two 

estimates, especially between urban and smoke aerosols, as their optical properties can be 

difficult to distinguish if humidity is not considered. 

Nevertheless, the comparison between FLARE-GMM and NATALI allows us to evaluate 

FLARE-GMM performance, compared to another automatic aerosol typing model. While the 

comparison suffers from limitations that have been raised, making it challenging to formulate 

quantitative conclusions, it is still providing encouraging results. Indeed, despite their 

differences, in terms of architecture, training methods and datasets used to perform the 

classification, the agreement rate between the two models is almost at 40 %. Moreover, 

disagreements between NATALI and FLARE-GMM can find explanations in many factors that 

have been mentioned. Therefore, this comparison, with the analysis of extreme events 

performed part 3.5.1 are promising for the model performance. They also provide a positive 

outlook for its potential future improvements and advancements, indicating that the model 

has a solid foundation and can continue to evolve successfully. 

3.6 Aerosol type analysis in Lille 

In this section, FLARE-GMM is used to analyze aerosol type estimates in Lille on all the 

available dataset. The advantage of developing an automatic aerosol typing method is that such 

analyses are easily performed quickly on a very large amount of data. The results can then be 

analyzed to study aerosol properties in Lille, and evaluate potential trends. 

By using FLARE-GMM on the LILAS dataset from 2021 to 2023, we can investigate the aerosol 

type repartition, as well as the seasonality of the aerosols in the Lille region. To do so, the 

aerosol type has been estimated by FLARE-GMM for each available profile between 2021 and 

2023. Each profile containing more than 15 data points classified as a specific aerosol type have 
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been considered in order to avoid treating outliers. Eventually, the considered altitudes for this 

analysis have been selected below 6 km. This choice has been motivated to avoid taking cirrus 

clouds into account, which might be classified as dust aerosols by FLARE-GMM due to their 

high depolarization and low fluorescence. Indeed, cirrus clouds often show low optical 

thickness and are therefore more complicated to differentiate from aerosols by using a criterion 

on the elastic backscatter coefficient. By considering only the data below 6 km, it is possible to 

mitigate the impact of cirrus clouds in the statistics while also considering most of the aerosol 

cases, which are in majority present in low altitudes. 

 

Figure 3.21: (a) Violin plots and (b) Box plots of averaged altitudes, between the ground and 
6 km above ground level in function of the aerosol type for all available data from 2021 to 

2023 

First, it can be interesting to investigate the altitude distribution for each aerosol type. Figure 

3.21 shows the violin plots (a) and the box plots (b) of the averaged altitudes above the ground 

of the identified aerosol layers in function of the aerosol type. This plot indicates that both 

urban and smoke aerosols are predominantly detected at low altitudes, mainly within the 

boundary layer. The distribution for smoke aerosols exhibits a longer tail compared to urban 

aerosols. This is expected, as smoke aerosols, generally originating from fires, are emitted at 

high temperatures and can be injected into higher altitudes. In contrast, urban aerosols usually 

remain confined to the boundary layer and rarely reach higher altitudes. Regarding dust 

aerosols, their distribution shows that they can be present at much higher altitudes. This result 

can be interpreted in different ways. First, it could be a consequence of ice cloud detection, 

however, below 6 km, the presence of ice clouds is less probable in the Lille atmosphere. This 

could also be due to the fact that the primary sources of dust in Lille are not local. Unlike urban 

and smoke aerosols, which may be emitted locally, dust often originates from the Sahara or 

other deserts and is carried to Lille by the wind. As a result, dust particles are found at more 

dispersed altitudes compared to urban and smoke aerosols. 
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Figure 3.22 (a) shows the histogram of FLARE-GMM aerosol type estimations on all available 

data below 6000 m in function of the time. This figure shows that in general, more aerosol 

layers are identified during spring and summer. This situation is influenced by Lille's 

meteorology, as it often rains in this region during winter. LILAS does not measure during 

rain, which reduces the amount of data available for analysis. Additionally, during winter, the 

boundary layer is generally lower due to decreased temperatures. Given that the minimum 

considered altitude is 1000 m, aerosol layers may not be detected, further limiting the data. 

 

 

Figure 3.22: (a) Histogram of aerosol type estimate from FLARE-GMM in function of the 
time and (b) share of each aerosol type in function of the season, with all data from 2021, 

2022 and 2023 below 6000 m above ground level 

Figure 3.22 (b) shows the seasonal share of each aerosol type estimated by FLARE-GMM. This 

figure first illustrates that urban aerosols are the main aerosol type present in the Lille 

atmosphere, and represent more than half cases in each season. This result is expected as the 

LOA is located next to the city of Lille, the emission of urban aerosols by human activity is 

therefore the first aerosol source in the observed atmosphere. Regarding smoke aerosols, 
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Figure 3.22 (b) indicates that they are significantly more frequent during spring and summer 

compared to fall and winter. This trend can be attributed to higher temperatures in spring and 

summer, which increase the likelihood of fires, the primary source of smoke aerosols, occurring 

during these periods. Eventually, regarding dust aerosols, they are the aerosol type the least 

represented. This is because dust scenarios are rare in Lille, which is not located close to a 

source of desert dust. The occurrence of dust cases in Lille are due to extreme events such as 

the advection of Saharan dust by Sirocco winds as mentioned part 3.5.1. Such events generally 

occur early in spring or in winter, and it is possible to observe that dust cases are more 

represented at these periods, thus confirming the importance of these phenomena in the 

observation of dust aerosols in Lille. However, it is important to consider the proportion of 

dust cases in winter within the context of data availability limitations during this season. 

Additionally, the colder temperatures in winter increase the likelihood of observing ice or 

mixed-phase clouds below 6000 m. These clouds can occasionally be misinterpreted as desert 

dust aerosols with the current classification method, as it has been mentioned. Despite these 

challenges, these findings are crucial for gaining insights into the composition and distribution 

of aerosols in the region, showing the benefits from using an automatic aerosol typing process 

like FLARE-GMM. 

3.7 Chapter summary 

This chapter details FLARE-GMM, an aerosol typing algorithm designed to identify smoke, 

urban, and dust aerosols using LILAS data. The chapter covers the evolution of various 

versions of the algorithm, highlighting challenges such as the negative impact of mixed aerosol 

cases on cluster identification and the representation of hygroscopic growth by separating the 

dataset according to humidity levels. The final version of FLARE-GMM has been generalized 

and tested. First the result of FLARE-GMM has been investigated on three cases, all three 

correctly classified by the algorithm. Then, FLARE-GMM has been compared to NATALI, 

another automatic aerosol typing model using lidar data. The comparison has shown that the 

two algorithms agree in 38% of the cases, which is a low number but still encouraging. 

Disagreements between FLARE-GMM and NATALI have been analyzed, suggesting that 

NATALI may be less applicable in this context, as FLARE-GMM has been directly trained on 

LILAS data, in comparison. Finally, a brief statistical analysis of aerosol types in the Lille 

atmosphere has been conducted, showing that smoke and urban aerosols are mostly observed 

at lower altitudes due to local emissions, while dust, originating from distant sources, is found 

at various altitudes between 1,000 and 6,000 meters above ground level. Seasonal analysis 

indicates the presence of annual cycles in aerosol type distribution, with more smoke during 

summer and more urban aerosols in the fall. 
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The FLARE-GMM algorithm is expected to be integrated into AUSTRAL soon, allowing for 

automated aerosol typing on each inverted profile. Due to the adaptable nature of this 

classification method, FLARE-GMM is well-suited to accommodate future technological 

advancements or algorithmic updates. For example, the upcoming lidar system LIFE (Laser 

Induced Fluorescence Explorer), set to become operational shortly, will offer enhanced power 

and the ability to measure fluorescence across different wavelengths. This new capability is 

crucial for more precise aerosol identification and will significantly deepen our understanding 

of aerosol types. By applying a protocol similar to the one detailed in this chapter, it would be 

feasible to develop an updated version of FLARE-GMM that utilizes the LIFE dataset for 

training, further enhancing its capabilities and accuracy in aerosol typing. Eventually, in order 

to assess the robustness of this approach to perform aerosol typing, it could be tested on 

another instrument also measuring aerosols but in a different environment than Lille, to 

confront its viability in the presence of other aerosol types such as marine, volcanic aerosols or 

pollen in higher quantity.  
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4. Hygroscopic growth study from 

Mie-Raman-fluorescence Lidar 

This chapter aims to present the potential and advantages of using fluorescence measurements 

with lidars to study aerosol hygroscopic growth. The chapter begins by the description of 

hygroscopic growth and the conventional methods used to investigate it with lidars and other 

instruments. Next, it introduces a novel approach that uses fluorescence to enhance the 

determination of aerosol hygroscopic properties using lidar data. This method is demonstrated 

through three distinct cases of hygroscopic growth: two involving urban aerosols and one 

involving smoke, each case illustrating the added value of fluorescence data. Following this, an 

automated detection of hygroscopic growth cases is carried out, accompanied by a statistical 

analysis of the hygroscopic properties of aerosols in the Lille atmosphere. The chapter 

concludes with a mathematical analysis of the method for estimating hygroscopic properties, 

highlighting its sensitivity to errors in relative humidity (RH) measurements and offering 

strategies to model and mitigate these errors. 

4.1 Aerosol hygroscopic growth 

4.1.1 General description 

Hygroscopicity is the ability of a material to absorb water vapor. For aerosols, the absorption 

of water vapor can lead to changes in the physical properties, such as size or optical properties, 

as well as changes in chemical properties (Hänel, 1976). Aerosol hygroscopic growth 

corresponds to the change of aerosol size in response to varying ambient relative humidity. 

This growth depends on the particle affinity for water; some aerosols are highly hygroscopic, 

such as marine aerosols, while others, like desert dust, are hydrophobic and exhibit little to no 

hygroscopic growth. 

The investigation of aerosol hygroscopic properties is a field of high importance. Indeed, these 

properties greatly influence aerosol effective radiative forcing through two mechanisms. First, 

at high humidity, the size of hygroscopic aerosols increases, enhancing their scattering 

properties which affects ERFari. On the other hand, aerosol hygroscopic properties 

significantly impact the CCN activity of aerosols, thereby affecting ERFaci (Dusek et al., 2006; 

Köhler, 1936; Mochida et al., 2006; Twomey, 1974). 
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The Köhler theory describes the condensation of water vapor to form liquid cloud droplets, 

based on equilibrium thermodynamics (Köhler, 1936). This theory considers the Kelvin effect 

and the Raoult law which both influences the condensation of a water droplet in real 

conditions, the Köhler curve which illustrates this theory is represented in Figure 4.1.  

On the one hand, the Kelvin effect takes into account the droplet curvature and how it increases 

the saturation pressure necessary to condense water vapor in comparison to a flat surface. On 

the other hand, the Raoult law describes the decrease of the saturation ratio in the presence of 

a solute. It can be expressed as:  

 𝑃𝑖 = 𝑥𝑖𝑃𝑠𝑎𝑡 
 

(4.1) 

where 𝑃𝑖 is the gaseous partial pressure of a chemical component, 𝑥𝑖 is the mixing ratio of this 

component in the liquid phase, and 𝑃𝑠𝑎𝑡 is the equilibrium vapor pressure. In the case of water, 

in the presence of a solute, the water mixing ratio is then inferior to 1, consequently favoring 

water condensation. The Köhler equation can take the form:  

 𝑠 = 𝑎𝑤. 𝐾𝑒 (4.2) 

Where 𝑠 is the saturation ratio, the ratio between the equilibrium water vapor pressure of a 

realistic water droplet, and equilibrium water vapor pressure of a flat pure water liquid surface. 

The term depends on both the Raoult term, 𝑎𝑤 which represents the effect of the Raoult law, 

and the Kelvin term, 𝐾𝑒, which represents the impact of the Kelvin effect. This equation is 

fundamental in cloud microphysics as it describes the aerosol CCN activity at a given relative 

humidity. Indeed, the Raoult term can be expressed using the aerosol hygroscopic parameter 

𝜅 (Petters and Kreidenweis, 2007):  

 𝑎𝑤 = (1 + 𝜅
𝑉𝑠

𝑉𝑤
)

−1

 (4.3) 

Where 𝑉𝑠 is the volume of dry soluble, and 𝑉𝑤 is the volume of water. The study of aerosol 

hygroscopic properties and the determination of 𝜅 are therefore essential to characterize the 

CCN activity of aerosols, and how their presence influence the formation of water droplets. 
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Figure 4.1: Köhler curve (Saturation ratio vs particle diameter) of a sodium chloride (NaCl) 
particle with a dry size of 𝐷𝑑𝑟𝑦 =  50 𝑛𝑚 (at 𝑇 =  298 𝐾). The contributions of the Raoult 

effect (red curve) and the Kelvin effect (green curve) are shown. The critical saturation ratio 
𝑆𝑐𝑟𝑖𝑡 and the corresponding critical diameter 𝐷𝑐𝑟𝑖𝑡 are indicated (blue bullet) (From P. C. 

Zieger (2011)). 

4.1.2 Characterization of aerosol hygroscopic growth in the literature 

The study of aerosol hygroscopic properties involves a multidisciplinary approach combining 

experimental techniques, theoretical models, and computational simulations. For a long time, 

aerosol hygroscopic growth measurements have been performed using mainly in situ 

instruments. The hygroscopicity tandem differential mobility analyzer (HTDMA), directly 

measures the change in aerosol size as a function of humidity, providing insights into 

hygroscopic behavior and particle activation. This instrument is composed of an aerosol dryer 

and an aerosol humidifier, used to control the humidity levels at which the collected aerosols 

will be examined. Two differential mobility analyzers measure the aerosol electrical mobility, 

from which it is possible to estimate the aerosol size, in the dry and humid conditions. This 

method allows us to compute the growth factor, which is the ratio between the dry and the 

humid aerosol size, and which quantifies the hygroscopic properties of the particle (Liu et al., 

1978; Swietlicki et al., 2008; Zardini et al., 2008).  

Nephelometers are also largely used to estimate aerosol hygroscopic properties in situ. These 

instruments can measure the impact of hygroscopicity on aerosol backscattering properties. 

Nephelometers can measure aerosol scattering properties, and when they are used in 

combination with dryers and humidifiers, it allows us to estimate how these properties evolve 

at different 𝑅𝐻 levels. The aerosol light scattering enhancement factor, noted 𝑓(𝑅𝐻) can then 
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be estimated. It is a quantity largely used to quantify aerosol hygroscopic growth, and it is 

defined as the ratio between the aerosol backscatter coefficient at high 𝑅𝐻, and the backscatter 

coefficient at low 𝑅𝐻. It is different however from the growth factor measured with HTDMA, 

but is still a valuable information on aerosol properties, which is essential to quantify the effect 

of aerosols on radiation balance, and can also be used to estimate the aerosol hygroscopic 

parameter (Burgos et al., 2019; Chen et al., 2014; Covert et al., 1972; Gomez et al., 2018). 

However, in situ measurements show strong limitations. Apart from the fact that 

measurements can be performed only at the point where the instrument is present, the use of 

dryers and humidifiers, and the different measurement techniques themselves, are susceptible 

to alter aerosol properties in comparison to real atmospheric conditions (Spanu et al., 2020). 

Therefore, remote sensing techniques, and more precisely lidars, tend to be more and more 

used to estimate aerosol hygroscopic properties remotely (Feingold 2003; Fernández et al. 

2015; Granados-Muñoz et al. 2015; Zieger et al. 2015; Haarig et al. 2017; Navas-Guzmán et al. 

2019; Dawson et al. 2020; Düsing et al. 2021; Sicard et al. 2022…). Since lidars measure the 

aerosol backscatter coefficient, it is also possible to compute 𝑓(𝑅𝐻) from lidar measurements. 

In order to do so, it is necessary to identify an aerosol layer that is spread spatially, this way 

the lidar is either able to capture the layers on a large range of altitudes, or during a long time. 

To estimate 𝑓(𝑅𝐻), most studies assume that the aerosol layer is homogeneous. Then, any 

change of backscatter coefficient can therefore be attributed to hygroscopic growth. From these 

variations, it is possible to estimate 𝑓(𝑅𝐻) in function of 𝑅𝐻 in the layer.  

The homogeneity of the aerosol layer can be controlled with several criteria. Wind measures 

and backward trajectory methods, such as NOAA’s HYSPLIT trajectory model  (Draxler et al., 

2023; Stein et al., 2015), are used to verify that different parts of the aerosol layer have the 

same origin. The water vapor mixing ratio can also be used as a tracer of air masses. In the 

absence of condensation or evaporation, the water vapor mixing ratio remains constant. 

Therefore, a constant water vapor mixing ratio means with a good approximation that the air 

masses have the same origin, and supports the hypothesis that the aerosol layer is 

homogeneous. Eventually, the potential temperature can be used. It is defined as:  

 𝜃 = 𝑇 (
𝑃𝑠𝑡𝑑

𝑃
)

𝑅𝑎
𝑐𝑝

 (4.4) 

Where 𝜃 is the potential temperature, 𝑇 is the temperature, 𝑃𝑠𝑡𝑑  =  1 000 hPa by convention, 

𝑃 is the atmospheric pressure, 𝑅𝑎 =  287.05 J kg−1K−1 is the specific gas constant for dry air, 

and 𝑐𝑝 is the dry air thermal capacity at constant pressure, approximately equal to 7/2 times 

𝑅𝑎. The potential temperature is essential since it is a tracer of atmospheric stability. Indeed, 

if it increases with altitude, the atmosphere is stable and stratified, meaning that there is no 
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exchange of air masses between low and high altitudes. On the contrary, if the potential 

temperature decreases with altitude, the atmosphere is unstable and upward air motion is 

likely to happen, therefore favoring good mixing and homogeneity in the layer. Furthermore, 

due to the low thermal conductivity of air, the potential temperature of an air parcel tends to 

evolve very slowly, at least on a timescale of a few hours. Consequently, potential temperature 

can be used to label air parcels in function of their origin, similarly to water vapor mixing ratio. 

Therefore, decreasing to constant potential temperature with altitude, also suggests that the 

considered aerosol layer is homogeneous (Andrews, 2012). 

Once the homogeneity of the aerosol layer has been confirmed with the methods mentioned 

above, we can estimate 𝑓(𝑅𝐻), the aerosol enhancement factor, which quantifies the aerosol 

hygroscopic properties:  

 𝑓(𝑅𝐻) =
𝛽(𝑅𝐻)

𝛽𝑑𝑟𝑦
 (4.5) 

Where 𝛽(𝑅𝐻) is the aerosol backscattering coefficient at the considered relative humidity, and 

𝛽𝑑𝑟𝑦 is the same quantity in dry condition. However, on the contrary to in situ measurements 

where the relative humidity can be fixed by dryers and humidifiers, the remote sensing 

measurements are performed under ambient humidity, which depends on the atmospheric 

conditions and cannot be fixed. Therefore, it is not always possible to measure 𝛽𝑑𝑟𝑦 to estimate 

𝑓(𝑅𝐻). Instead, the enhancement factor is often estimated by considering the ratio between 

the aerosol backscatter coefficients at maximum and minimum 𝑅𝐻 in the layer. The main issue 

is that in this framework, it is complicated to compare the results between different cases and 

different studies, since the values of 𝑓(𝑅𝐻) depend on the humidity levels of the different 

aerosol layers. In order to overcome this, we can use the Hänel parameterization (Hänel, 1976). 

This parameterization estimates 𝑓(𝑅𝐻) as an exponential function of 𝑅𝐻 under the form:  

 𝑓(𝑅𝐻) =
𝛽(𝑅𝐻)

𝛽(𝑅𝐻𝑟𝑒𝑓)
= (

1 − 𝑅𝐻

1 − 𝑅𝐻𝑟𝑒𝑓
)

−𝛾

 (4.6) 

Where 𝑅𝐻𝑟𝑒𝑓 is the reference 𝑅𝐻, generally chosen equal to 0.4, which is a level of relative 

humidity at which it is estimated that hygroscopic growth does not occur, and is a 

recommendation of the World Meteorological Organization (World Meteorological 

Organization and Global Atmosphere Watch, 2023). 𝛾 is the Hänel hygroscopic parameter of 

the aerosol. This parameter is different from 𝜅, the hygroscopic parameter used in the Köhler 

theory, but can also quantify the hygroscopic properties of the aerosol. The Hänel 

parameterization allows to compute 𝑓(𝑅𝐻) when 𝛾 is known, considering that 𝑅𝐻 is not equal 

or close to 1. We can estimate 𝛾 by taking into account the variations of the backscatter 

coefficients with 𝑅𝐻 in a homogeneous aerosol layer:  
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𝛽(𝑅𝐻)

𝛽(𝑅𝐻𝑚𝑖𝑛)
= (

1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
)

−𝛾

 (4.7) 

Where 𝑅𝐻𝑚𝑖𝑛 is the minimum 𝑅𝐻 value in the aerosol layer. The evolution of 𝛽(𝑅𝐻) with 

𝑅𝐻 can then be fitted using (4.7) to estimate 𝛾. This parameter can be either used to compare 

𝛾 estimates between different cases, or to compute 𝑓(𝑅𝐻) at the same relative humidity for 

each analyzed case. This way, the values of the enhancement factors 𝑓(𝑅𝐻) can be compared 

between each other. 

4.2 Methodology for estimating aerosol hygroscopic properties 

with LILAS 

The unique characteristics of the LILAS instrument present opportunities to improve the 

characterization of aerosol hygroscopic properties with lidar technology. First, this instrument 

simultaneously measures the aerosol backscattering coefficient and humidity throughout the 

atmospheric column. This aspect enhances the accuracy of hygroscopic properties retrieval 

compared to methods that use separate instruments for aerosol and humidity measurement. 

Indeed, humidity can vary rapidly on short distances depending on atmospheric stability, the 

ability to collocate aerosol and humidity measurements with one instrument is therefore a 

significant advantage. Furthermore, the fluorescence measurement of LILAS is a valuable tool 

allowing to gather precious information about aerosols, and improving the study of their 

hygroscopic properties compared to traditional methods using lidars. As stated previously, the 

emission of fluorescence by aerosols can be attributed to biogenic material. This characteristic 

has been used to identify the origin of aerosol layers with FLARE-GMM, described in chapter 

3. Indeed, pure water does not produce fluorescence at 466 nm for an excitation at 355 nm. 

Therefore, in a first approximation, fluorescence signal measured by LILAS is independent 

from the presence of water vapor in the air, unlike other aerosol optical properties (Veselovskii 

et al., 2020). Then, considering that the mixing ratio of biogenic particles present in an aerosol 

layer is constant, 𝛽𝑓𝑙𝑢𝑜 becomes a tracer of aerosol concentration within the layer. It can 

therefore be used to correct variations in aerosol concentration within the layer. Thus, it allows 

to study hygroscopic growth even if the layer is not homogeneous, which is a very strong 

constraint and difficult to properly verify, adding a high degree of uncertainty in studying 

aerosol hygroscopic properties with previous methods. Instead, the necessary assumption is 

that the biogenic particles mixing ratio is constant within the aerosol layer, since this 

assumption allows to use 𝛽𝑓𝑙𝑢𝑜 to follow the aerosol concentration. 

In order to assert that the aerosol biogenic particles mixing ratio remains constant within the 

studied aerosol layer, most methods previously employed to verify the aerosol layer 

homogeneity can be used. Constant water vapor mixing ratio, which is measured by LILAS, 



Hygroscopic growth study from Mie-Raman-fluorescence Lidar 
 

98 
 

indicates that air masses have the same origin. It therefore supports that the biogenic particles 

mixing ratio remains constant in the layer. Similarly, the potential temperature, estimated with 

ERA-5 and standard atmospheric pressure profiles, indicates strong mixing within the layer if 

it is constant or if it decreases with altitude, which also suggests that the biogenic particles 

mixing ratio is likely to be homogeneous. The aerosol source can also be verified using FLARE-

GMM result. If this result is consistent across the aerosol layer, it means that the source of the 

aerosol layer is of the same nature, further supporting that biogenic particles mixing ratio is 

likely to be constant across the layer. Eventually, in some occasions, backward trajectories can 

be computed to ensure that the aerosols in the layer have the same origin. 

Once the homogeneity of the biogenic particles mixing ratio is confirmed in the aerosol layer, 

the hygroscopic properties of the aerosol can be studied, given that hygroscopic growth occurs. 

To ensure its occurrence, 𝑅𝐻 can be investigated; the maximum 𝑅𝐻 in the layer should be over 

0.8. This way, hygroscopic growth is most certainly happening for most aerosol types. 

Moreover, 𝑅𝐻 should vary in the layer over at least a range of 0.1, in order to accurately 

estimate 𝛾. Furthermore, the LILAS depolarization measurement can also confirm that 

hygroscopic growth occurs. Indeed, this property depends on the aerosol shape, and in most 

cases, humidified aerosols have smoother shapes, thus reducing their ability to depolarize light 

(Cooper et al., 1974). Therefore, decreasing 𝑃𝐿𝐷𝑅 supports that hygroscopic growth is 

occurring within the layer, given that the aerosol type remains constant. 

Once these verifications have been performed, 𝛽𝑓𝑙𝑢𝑜 can be used to follow the evolutions of the 

aerosol concentration within the layer. We can take this evolution into account to improve 

𝑓(𝑅𝐻) estimation. To do so, equation (4.7) can be modified as follow:  

 
𝛽(𝑅𝐻)

𝛽(𝑅𝐻𝑚𝑖𝑛)

𝛽𝑓𝑙𝑢𝑜(𝑅𝐻𝑚𝑖𝑛)

𝛽𝑓𝑙𝑢𝑜(𝑅𝐻)
= (

1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
)

−𝛾

 (4.8) 

 

𝛽̅(𝑅𝐻)

𝛽̅(𝑅𝐻𝑚𝑖𝑛)
= (

1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
)

−𝛾

 

 

(4.9) 

Where 𝛽̅(𝑅𝐻) is the normalized aerosol backscatter coefficient, equal to the aerosol backscatter 

coefficient divided by the fluorescence backscatter coefficient. Using (3.2), it is possible to 

estimate 𝛾 while considering eventual aerosol concentration variations within the aerosol 

layer. This method allows to better estimate the Hänel hygroscopic constant, improving the 

aerosol enhancement factor 𝑓(𝑅𝐻) estimation. 

In order to evaluate the efficiency of this method, it has been performed on more than twenty 

cases, in various conditions covering different aerosol types. The Hänel hygroscopic constant 

as well as the aerosol enhancement factor for the backscatter coefficient at 532 nm have been 
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estimated for these different situations, the results are analyzed and compared to the literature 

in the following part. 

4.3 Case studies 

4.3.1 Hygroscopic growth of urban aerosol during the night of 29 July 2021 

The first case studied in this work corresponds to the night between 29 and 30 July 2021. 

Quick-looks of LILAS 𝛽532 and FLARE-GMM results are displayed Figure 4.2. The quick-looks 

show the presence of a stable boundary layer, made of urban aerosols, with height located at 2 

km above ground level. Small clouds form at the top of the boundary layer around 00:00 UTC 

and at 4:00 UTC showing high 𝑅𝐻 conditions, which are favorable for the occurrence of 

hygroscopic growth. Liquid clouds are also present higher in altitude in the free troposphere 

during the night, around 4 km and 6 km. Ice clouds are present above 8 km from 00:00 UTC 

to the end of the night, as shown by their altitude, large spatial coverage and low optical 

thickness in comparison to the other clouds. The 𝑃𝐿𝐷𝑅 of these clouds is also high (over 30%), 

further supporting the presence of ice crystals. It is noteworthy that the quick-looks reveal a 

decrease in boundary layer height during the night. Additionally, the boundary layer appears 

more homogeneous in the early part of the night, while towards the end, it shows strong 

backscatter at the top and lower backscatter at lower altitudes. These observations can be 

explained by the cooling of the ground during the night, which reduces the turbulence in the 

boundary layer, increasing its stratification and stability, while also reducing its height. 
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Figure 4.2: (a) aerosol elastic backscatter coefficient quick-look at 532 nm [m−1. sr−1] and (b) 
results of the FLARE-GMM typing, between 20:00 UTC and 4:00 UTC, on 29 July 2021 

In order to determine if this situation is suitable for the study of aerosol hygroscopic properties, 

the profiles of LILAS inverted products can be investigated. The situation between 22:00 and 

23:00 UTC seems to be more appropriate for the study of hygroscopic properties. First, the 

results of FLARE-GMM are homogeneous on this interval within the boundary layer, and show 

an absence of clouds. Furthermore, since convective processes are supposed to occur for some 

time after sunset, the boundary layer is expected to be well mixed in this situation, which is 

favorable for studying hygroscopic properties of the aerosols. Profiles of LILAS measures 

averaged on this time period are displayed Figure 4.3. 
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Figure 4.3: Profile of retrieved optical properties in function of altitude above ground level (a) 
water vapor mixing ratio [g/kg] and potential temperature [K], (b) elastic backscatter 

coefficient at 532 nm [m−1. sr−1] and 𝑅𝐻, (c) fluorescence backscatter coefficient at 466 nm 
[m−1. sr−1] and particular linear depolarization ratio at 532 nm, on 29 July 2021 from 22:00 
to 23:00 UTC, the black dashed lines identify the area where hygroscopic growth is expected 

to occur 

Figure 4.3 displays the atmospheric products used to study hygroscopic growth. Figure 4.3 (a) 

shows the potential temperature and the water vapor mixing ratio. The potential temperature 

appears uniform between 1000 m and 1500 m above ground level (295 ±  1 K), suggesting 

effective mixing of the boundary layer at these altitudes. This could be due to the fact that the 

profiles are acquired shortly after sunset, when convective processes might still be active, 

favoring strong mixing in the boundary layer. The water vapor mixing ratio also appears 

homogeneous (7.2 ±  0.5 g. kg−1), indicating that the air masses between 1000 m and 1500 m 

are expected to have the same origin. This conclusion is also supported by FLARE-GMM 

results, which indicate the presence of urban aerosols across the whole boundary layer. These 

observations are generally used to assess the homogeneity of the layer. Therefore, it allows us 

to estimate that the biogenic particle mixing ratio remains constant within the considered 

aerosol layer. 

The middle profiles (Figure 4.3 (b)) represent both the aerosol elastic backscatter coefficient 

at 532 nm, and the relative humidity. A strong increase of β532 with altitude is observed 

between 1000 m and 1500 m, from 9.7 ± 0.2 Mm−1sr−1 at 1000 m to 1.7 ± 0.3 Mm−1sr−1 at 

1500 m. 𝑅𝐻 simultaneously increases in the boundary layer, varying from 76 ± 3 % (bottom of 

the layer) to 99 ± 5 % (top of the layer). The significant variation in 𝑅𝐻 (a 23 % difference 

between the lowest and highest altitudes) and the fact that the maximum 𝑅𝐻 approaches 100 
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% indicate that hygroscopic growth is occurring within this aerosol layer, which can be 

witnessed by the increase of 𝛽532. This is further supported by the slight decrease in aerosol 

depolarization with altitude, dropping from 3.7 ± 0.2 %  to 2.2 ± 0.4 %, shown on the last 

profiles (Figure 4.3 (c)). This decrease is small but is in fact not relevant in this case. Indeed, 

given that the depolarization of urban aerosols is already low, a strong reduction in 

depolarization is not anticipated in the occurrence of hygroscopic growth. The hygroscopic 

properties of the aerosols can then be investigated, by fitting the evolution of 𝛽532 with 𝑅𝐻 on 

the Hänel parameterization. 

 

Figure 4.4: Evolution of the elastic backscatter coefficient at 532 nm in function of 𝑅𝐻 on 29 
July 2021 from 22:00 to 23:00 UTC, between 1000 m and 1500 m above ground level, and 

results of the fit on the Hänel parameterization 

Initially, the hygroscopic properties of the aerosols were studied using the method generally 

employed in the literature. Figure 4.4 shows the evolution of the elastic backscatter coefficient 

with 𝑅𝐻 and the fit to the Hänel parameterization as expressed equation (4.7), without the 

correction with the fluorescence backscatter coefficient. This expression supposes that the 

aerosols are homogeneously distributed in the layer where the hygroscopic growth occurs. This 

hypothesis is generally confirmed by a constant potential temperature, which suggests that 

strong mixing processes occur in the layer, and by a constant water vapor mixing ratio, 

indicating that air masses have the same origin. Both potential temperature and water vapor 

mixing ratio are constant in this case as stated earlier, the method commonly used to study 

aerosol hygroscopic properties can then be performed in this case. 

Figure 4.4 shows that the fit to the Hänel equation is not ideal in this case. The coefficient of 

determination, noted 𝑅², measures the quality of the fit to the model, and how well the model 

predicts the data points. It varies generally between 0 and 1, with 𝑅² = 1 when the model 

perfectly predicts the data, and 𝑅² close to or below 0, or above 1 when the model is wrongly 
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chosen to represent the data. In this case, 𝑅² = 0.72, which indicates that the model is not 

perfect but still represents the data accurately enough. The Hänel hygroscopic parameter is 

estimated at 𝛾 = 0.24 ± 0.02 and the enhancement factor at 85 % is therefore estimated at 

𝑓(85%) = 1.40 ± 0.06 according to the equation (4.6). This value is low compared to previous 

studies on urban aerosols (Sicard et al., 2022), which estimated that the enhancement factor 

at 85 % for this type of aerosols, and specifically traffic emissions, is expected to range between 

1.5 and 2 at 532 nm. This fact, and the relatively low determination coefficient, both suggest 

that the situation is not accurately modeled by the Hänel parameterization in this case, and 

that other processes are likely to occur in the aerosol layer.  

Concerning the uncertainties of 𝛾 and 𝑓(𝑅𝐻) estimates, only the contribution from the 

backscatter coefficient uncertainties has been considered. This is because the uncertainties on 

𝑅𝐻 estimates are difficult to assess, and are mainly discussed part 4.5.   

Different hypotheses could explain the poor fit to the Hänel parameterization in this situation. 

The first explanation is that there could be little or no hygroscopic growth, which would result 

in an underestimation of 𝛾 and thus 𝑓(𝑅𝐻). However, given the 𝑅𝐻 values and the collocated 

increase in 𝑅𝐻 and backscatter with altitude, this hypothesis seems unlikely. A second 

hypothesis which could explain a poor fit is the occurrence of condensation within the layer. 

Indeed, the Hänel parameterization is not valid anymore for 𝑅𝐻 values close to 100 % (which 

is the case here). This is because it does not model condensation, which would consequently 

drastically increase 𝛽532. However, this hypothesis is also highly unlikely since it generally 

leads to an overestimation of the Hänel hygroscopic parameter, as well as an overestimation of 

𝑓(𝑅𝐻), which is the opposite of the results observed in this situation. Eventually, a final 

explanation of the poor fit to the Hänel parameterization could be that the homogeneity 

hypothesis, on which it relies, might not hold true in this case. In order to confirm this 

hypothesis, the fluorescence backscatter can be investigated on the profiles shown in Figure 

4.3 (c). Thanks to the arguments previously raised, the organic particles mixing ratio can be 

assumed as constant within the aerosol layer, therefore, 𝛽𝑓𝑙𝑢𝑜 becomes a tracer of the aerosol 

concentration evolution. Moreover, we can see that the fluorescence backscatter coefficient 

decreases in the upper part of the aerosol layer, suggesting a reduction in aerosol concentration 

in these altitudes. This consequently reduces the elastic backscatter coefficient when 𝑅𝐻 is at 

its peak, compared to a scenario where the aerosol concentration would have stayed uniform. 

Thus, it explains the underestimation of the Hänel hygroscopic parameter, and of the 

enhancement factor 𝑓(𝑅𝐻). 

To take this variation into account, the method presented in part 4.2 using equation (3.2) can 

be applied instead. In this method, the fluorescence backscatter is used to correct the aerosol 
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concentration variations in the layer. Figure 4.5 shows the evolution of the normalized 

backscatter coefficient with 𝑅𝐻, as well as the fit of this evolution to the parameterization 

presented equation (3.2). 

 

Figure 4.5: Evolution of the normalized elastic backscatter coefficient at 532 nm (normalized 
with fluorescence backscatter coefficient) in function of 𝑅𝐻 on 29 July 2021 from 22:00 to 
23:00 UTC, between 1000 m and 1500 m above ground level, and results of the fit to the 

Hänel parameterization 

Figure 4.5 shows that the fit to the Hänel parameterization is improved when the aerosol elastic 

backscatter coefficient is normalized with the fluorescence. First, concerning the 

determination coefficient, it increases significantly from 𝑅² = 0.72 to 𝑅² = 0.89. This notable 

rise indicates that the model now represents the data much more accurately, as the 

determination coefficient is closer to 𝑅² = 1, the value at which the model perfectly fits the 

data. The Hänel hygroscopic parameter estimation is also impacted by the use of fluorescence, 

increasing from 𝛾 = 0.24 ± 0.02 without fluorescence correction, to 𝛾 = 0.35 ± 0.01 with the 

fluorescence correction. This increase is a direct consequence of the fact that the decreasing 

aerosol concentration in the upper part of the layer is now balanced by the normalization of 

the elastic backscatter coefficient with the fluorescence backscatter coefficient. The same 

behavior is observable on the enhancement factor at 85 % as it increases from 𝑓(85%) = 1.40 ±

0.06 without fluorescence correction to 𝑓(85%) = 1.63 ± 0.03 with fluorescence correction, 

falling precisely in the range of previous estimates for the enhancement factor of urban 

aerosols. 

It is interesting to note that the major concerns that were raised in the characterization of the 

hygroscopic properties of the aerosol with the previous method are dealt with when 𝛽𝑓𝑙𝑢𝑜 is 

used to take into account aerosol concentration variations. The determination coefficient 

increases, witnessing a better fit to the model, and the enhancement factor also increases, 



Hygroscopic growth study from Mie-Raman-fluorescence Lidar 

105 
 

getting in the range between 1.5 to 2, which concurs with previous estimates of 𝑓(85%) for 

urban aerosols. These facts confirm that the aerosol concentration changes in the aerosol layer 

between the lowest and the highest altitudes, in spite of the constant potential temperature 

and constant water vapor mixing ratio. It also confirms that the fluorescence backscatter 

coefficient can indeed be used to follow these evolutions and correct them to improve the 

estimation of the aerosol hygroscopic characteristics. 

4.3.2 Hygroscopic growth of biomass burning aerosols during the night of 9 

March 2021. 

The second case analyzed for this study occurred nighttime between the 9 and 10 March 2021. 

Figure 4.6 shows the quick-looks of the elastic backscatter coefficient at 532 nm and the results 

of FLARE-GMM during this night. 

 

Figure 4.6: (a) aerosol elastic backscatter coefficient quick-look at 532 nm [m−1. sr−1] and (b) 
results of the FLARE-GMM typing, between 20:00 UTC and 4:00 UTC, on 9 March 2021 

From the backscatter quick-look, it is possible to observe the presence of aerosols in the 

boundary layer, up to 1500 m during the early part of the night. It is interesting to notice that, 

similarly to the 29 July situation, the boundary layer height decreases with time during the 
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night, and even disappears from the range of the lidar after 1:00 UTC. This is also a result of 

the reduction in ground heating, which diminishes after sunset when the sun's radiative power 

ceases to warm the ground, consequently favoring boundary layer stability, and decreasing its 

height. An ice cloud is also present during the second part of the night, ranging from 5 km to 

12 km, from 23:00 UTC to the end of the night. The presence of ice crystals in the cloud can be 

confirmed by its high altitude and high depolarization. Its large spatial coverage and low 

optical thickness also confirm the fact that this cloud is made of ice crystals. 

Regarding the results from FLARE-GMM, it estimates that the boundary layer is loaded with 

biomass burning aerosols, which are present across the whole layer. During winter, heating 

can be responsible for the emission of biomass burning aerosols, when fireplaces are used for 

example, supporting the presence of this aerosol type in the boundary layer.  

 

Figure 4.7: Profile of retrieved optical properties in function of altitude above ground level (a) 
water vapor mixing ratio [g/kg] and potential temperature [K], (b) elastic backscatter 

coefficient at 532 nm [m−1. sr−1] and 𝑅𝐻, (c) fluorescence backscatter coefficient at 466 nm 
[m−1. sr−1] and particular linear depolarization ratio at 532 nm, on 9 March 2021 from 21:00 
to 22:00 UTC, the black dashed lines identify the area where hygroscopic growth is expected 

to occur 

Backward trajectories have been computed for this case (in the Appendix), and show that the 

air masses originate from the Northwest direction, where the coast is located. It suggests that 

marine aerosols might be present in the atmospheric boundary layer. However, the lack of data 

of pure marine aerosols makes it difficult to draw definitive conclusions. Moreover, the city of 

Lille is located 70 km from the coast, making it improbable to find a majority of marine aerosols 

in the boundary layer. Therefore, the atmospheric boundary layer is assumed as composed of 

biomass burning aerosols in this case.  
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In order to determine if this situation is suitable for the study of aerosol hygroscopic properties, 

the same procedure as for the previous case is used. The profiles of LILAS inverted products 

between 21:00 and 22:00 UTC can be investigated. This situation seems to be the more 

appropriate for the study of hygroscopic properties, as the boundary layer appears more stable 

during this time interval. Furthermore, good mixing could be expected in the layer since it is 

not long after sunset, therefore convective processes could still occur to favor good mixing of 

the boundary layer. 

Interesting observations can be made from the LILAS profiles displayed on Figure 4.7. 

Concerning the water vapor mixing ratio present on the first panel (Figure 4.7 (a)), it appears 

to be constant between 850 m and 1280 m (3.4 ±  0.2 g/kg), indicating that the air masses 

located at these altitudes have the same origin, which has already been stated by the analysis 

of the backward trajectory, but is confirmed here. Regarding the potential temperature, it is 

increasing with altitude, from 283.1 ± 0.5 K to 284.8 ± 0.5 K. This increase suggests that the 

boundary layer is likely to be stratified, indicating that there is no mixing between the air 

masses at the bottom of the layer and the air masses at the top of the layer. This could 

consequently lead to strong aerosol concentration variations in the layer. The fact that the 

potential temperature at the top and at the bottom of the layer are different might suggest that 

the air masses have different origins as the potential temperature is not likely to evolve rapidly 

in the atmosphere. However, since the difference is less than 2 K, and its evolution is smooth 

and slow, this conclusion can be disputed, especially when considering the water vapor mixing 

ratio and backward trajectories. If the air masses have the same origin, the hypothesis that the 

biogenic particles mixing ratio is homogeneous on the layer can still be formulated.  

By looking at the middle panel, (Figure 4.7 (b)), it is possible to observe that 𝑅𝐻 increases from 

74 ± 3 % to 83 ± 4 % which is almost a 10 % increase on the layer. This is not ideal since a wide 

variation of 𝑅𝐻 helps to better estimate 𝛾. Yet, considering the high values of 𝑅𝐻 (being over 

80 %), hygroscopic growth is still likely to happen in this situation, and thus, the hygroscopic 

growth constant can be estimated, at the cost of higher uncertainty. It is possible to observe 

that the elastic backscatter coefficient increases between the bottom and the top of the layer. 

However, this increase is not monotonous and does not follow the evolution of 𝑅𝐻. This could 

be a consequence of the high measurement uncertainty (represented in light blue) that is due 

to atmospheric instability during the average time and instrumental noise. But the variations 

of 𝛽532 can also be explained by a variation of the aerosol concentration in the layer. By looking 

at the fluorescence backscatter represented on the last panel (Figure 4.7 (c)), it is possible to 

observe that the fluorescence backscatter coefficient follows the same behavior as the elastic 

backscatter coefficient, especially in the lowest part of the layer. This correlation indicates that 

the aerosol concentration, which can be followed by the fluorescence, is likely to be varying in 
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the layer. This variation could be caused by the layer stratification, suggested by the increasing 

potential temperature. Regarding the depolarization, it is slightly decreasing from 10.0 ± 0.2 %  

at the bottom of the layer to 8.7 ± 0.7 %  at the top of the layer, which could confirm the 

presence of hygroscopic growth, however, like for the former case, the value of the 𝑃𝐿𝐷𝑅 being 

already low, the variations are not relevant. One final comment which can be made on this 

situation is that LILAS measures are investigated below 1000 m. Below this level, the lidar 

overlap function is not supposed to be exactly equal to 1, which consequently impacts the 

estimation of the aerosol backscatter and fluorescence backscatter coefficients. However, due 

to the low variation range of 𝑅𝐻, and the high uncertainty of the elastic backscatter coefficient, 

a high level of uncertainty on the estimations of the aerosol hygroscopic properties is expected 

in these conditions. Therefore, the overlap function is not expected to have a significant impact 

on the aerosol hygroscopic property estimates. For this reason, it is approximated as to one for 

such particular case. 

All these elements allow us to conclude that this situation, even if it is not an ideal case, can be 

used to study the hygroscopic properties of this aerosol layer. However, the low range of 

variation of 𝑅𝐻 and the high uncertainty on 𝛽532 indicate that the estimation of these 

properties is likely to have a high degree of uncertainty. Nevertheless, this case can still be used 

to evaluate the efficiency of the normalization by the fluorescence backscatter coefficient to 

study hygroscopic properties, especially in a situation with atmospheric stratification and 

varying aerosol concentration.  

 

Figure 4.8: Evolution of the elastic backscatter coefficient at 532 nm (a) without 
normalization and (b) with normalization with the fluorescence backscatter coefficient, in 

function of 𝑅𝐻 on 9 March 2021 from 21:00 to 22:00 UTC, between 850 m and 1280 m above 
ground level, and results of the fit to the Hänel parameterization 
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Figure 4.8 (a) shows that when the fluorescence backscatter coefficient is not used to correct 

aerosol concentration variations in this case, the determination coefficient of the fit to the 

Hänel parameterization is negative (𝑅² =  −0.05). A negative determination coefficient 

indicates that the model is wrongly chosen to represent the data. It means that in this situation, 

the Hänel parameterization does not represent how the elastic backscatter coefficient evolves 

with 𝑅𝐻. Therefore, it indicates that other processes are occurring in the layer, like it was the 

case in the previous situation. In this condition, the evaluation of the hygroscopic properties 

estimated by this method is not relevant, since the situation is not well represented by this 

parameterization. This poor fit could be explained by the increase of the potential temperature 

in the layer, which suggests that the boundary layer is stratified, as previously stated, and 

aerosol concentration variations are therefore likely to occur. In order to take this variation 

into account, the fluorescence backscatter coefficient is used to normalize 𝛽532. 

Figure 4.8 (b) shows the elastic backscatter coefficient normalized by the fluorescence in 

function of 𝑅𝐻, and the fit to the Hänel parameterization. This figure shows that the model 

represents the data much more accurately when the normalization is applied. This can be 

observed with the determination coefficient which largely increases when the elastic 

backscatter coefficient is normalized (𝑅² =  0.92 instead of 𝑅² =  −0.05). This increase 

confirms that the aerosol concentration varies in the aerosol layer, explaining the poor fit to 

the Hänel parameterization previously observed when this variation is not considered. 

Moreover, it indicates that these variations are well captured by the normalization of the elastic 

backscatter coefficient with the fluorescence backscatter coefficient. It therefore supports the 

fact that aerosol concentration can be followed by the fluorescence backscatter coefficient, 

considering that the biogenic particle mixing ratio is constant in the aerosol layer, which has 

been demonstrated here. Furthermore, it suggests that even if the potential temperature within 

the layer increases, indicating stratification, the hypothesis that the aerosol biogenic particle 

mixing ratio remains homogeneous still holds true, provided that this temperature increase is 

minor (less than 2 K) and the water vapor mixing ratio is constant. This condition allows for 

tracking aerosol concentration using fluorescence. Eventually, it is possible to conclude that 

even if the potential temperature increase is small, there is still enough stratification in the 

layer to exhibit strong aerosol concentration variations, which greatly impact the hygroscopic 

properties estimations with a classic approach. 

Concerning the hygroscopic properties, it is difficult to conclude about these estimates since 

the uncertainties are very important, as anticipated. Nevertheless, the Hänel hygroscopic 

coefficient is estimated at 𝛾 = 0.7 ± 0.5, and the enhancement factor at 85 % is estimated at 

𝑓(85%)  =  2.5 ± 2. The expected range of enhancement factor for biomass burning aerosols 

is around 2 at 532 nm (Sicard et al., 2022), the results obtained by the analysis of this case are 
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therefore in this expected range for this aerosol type. However, the high uncertainty on the 

hygroscopic properties retrieval, due to the uncertainties on 𝛽532 and 𝛽𝑓𝑙𝑢𝑜, and the low range 

of 𝑅𝐻 variation, makes it challenging to interpret these results. 

Nevertheless, this case is still a nice example of the use of fluorescence data to improve the 

characterization of aerosol hygroscopic properties. In this type of situation where stratification 

occurs, the fluorescence helps following the aerosol concentration evolutions in the layer, and 

therefore mitigate the impact of this variation on the Hänel hygroscopic coefficient, and 

therefore the enhancement factor estimates, thus improving the characterization of the 

aerosols hygroscopic properties. 

4.3.3 Hygroscopic growth of urban aerosols during the night of 16 April 2021. 

The final case presented in this study occurred during the night between 15 to 16 April 2021. 

The quick-looks of the aerosol elastic backscatter coefficient at 532 nm and FLARE-GMM 

results are displayed Figure 4.9. 

 

Figure 4.9: (a) aerosol elastic backscatter coefficient quick-look at 532 nm [m−1. sr−1] and (b) 
results of the FLARE-GMM typing, between 20:00 UTC and 4:00 UTC, on 15 April 2021 
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The elastic backscatter coefficient quick-look (Figure 4.9 (a)) shows the presence of an ice 

cloud during the early part of the night between 6 km and 10 km until 00:00 UTC. It can be 

identified by its high depolarization, large vertical coverage and low optical thickness. Figure 

4.9 (a) also shows the presence of a boundary layer, with height located around 2000 m above 

ground level. It is interesting to observe that the boundary layer height does not decrease 

during the night, as it is generally expected due to ground cooling, and can be observed in the 

two first cases presented in this study. One more interesting observation concerns the variation 

of aerosol elastic backscatter coefficient in the boundary layer during the night. Between 20:00 

and 00:00 UTC, the aerosol elastic backscatter coefficient is highly heterogeneous in the 

boundary layer, it is stronger in the top of the boundary layer, and quickly decreases at lower 

altitudes. However, after 00:00, 𝛽532 increases in the lower part of the boundary layer, and the 

boundary layer appears more homogeneous. This could be the consequence of convective 

processes lifting air masses from lower altitudes, which are more loaded in aerosols. However, 

these processes are generally driven by radiative forces from the ground, when it is heated by 

the sunlight, which cannot be the case here as it occurs in the middle of the night. Another 

possible explanation for this phenomenon is that aerosols have been emitted at this time. The 

results of FLARE-GMM (Figure 4.9 (b)) show that before 00:00 UTC, the aerosol type is not 

obvious; there might be a mixture between urban aerosols and biomass burning aerosols. 

However, after 00:00 UTC, the type of the aerosols present in the boundary layer is estimated 

as being mainly urban. This could indicate that urban aerosols have been emitted from the 

ground around 00:00 UTC, and have loaded the boundary layer. This supports the fact that 

the increase of the elastic backscatter in the boundary layer is due to the emission of urban 

aerosols during the night.  

To study hygroscopic growth in this case, the profiles averaged between 01:00 UTC and 02:00 

UTC have been investigated. This interval has been chosen because the boundary layer appears 

to be the more homogeneous at this time. Profiles of LILAS measures averaged on this time 

period are displayed Figure 4.10. 

The potential temperature profile displayed Figure 4.10 (a) shows that similarly to the former 

case, the potential temperature increases in the boundary layer, indicating the presence of 

stratification between the low altitudes and the high altitudes. However, the increase of 

potential temperature is inferior than 2 k (from 280.9 K to 281.4 K), which suggests that the 

stratification is weak and that it does not contradict the fact that the biogenic particles mixing 

ratio remains constant in the layer. On the other hand, the water vapor mixing ratio is constant 

(equal to 2.4 ± 0.2 g/kg), indicating that the air masses have the same origin. This fact is 

confirmed by the backward trajectory (in the Appendix), suggesting that the air masses present 

in the boundary layer all come from the North direction. These observations, combined with 
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FLARE-GMM result being homogeneous on the layer, allow us to conclude that the biogenic 

particles mixing ratio is expected to be constant in the considered layer. The fluorescence 

backscatter coefficient can therefore be used to follow the evolution of the aerosol 

concentration. 

 

Figure 4.10: Profile of retrieved optical properties in function of altitude above ground level 
(a) water vapor mixing ratio [g/kg] and potential temperature [K], (b) elastic backscatter 

coefficient at 532 nm [m−1. sr−1] and 𝑅𝐻, (c) fluorescence backscatter coefficient at 466 nm 
[m−1. sr−1] and particular linear depolarization ratio at 532 nm, on 16 April 2021 from 01:00 
to 02:00 UTC, the black dashed lines identify the area where hygroscopic growth is expected 

to occur 

Figure 4.10 (b) shows that both the elastic backscatter coefficient and 𝑅𝐻 increase in the layer. 

The elastic backscatter increases from 0.7 ± 0.1 Mm−1sr−1 to 1.0 ± 0.1 Mm−1sr−1 which is a 

small increase but which can still be characterized. On the other hand, 𝑅𝐻 increases from 70 ±

3 % to 83 ± 4 %. It indicates that hygroscopic growth is expected to occur since the maximum 

𝑅𝐻 reached in the layer is over 80 %. Furthermore, the span of the 𝑅𝐻 variations in the layer 

is over 10 %, allowing to accurately estimate the hygroscopic properties of the aerosols. The 

𝑃𝐿𝐷𝑅 profile represented Figure 4.10 (c) shows that the depolarization decreases from 6.5 ±

0.2 % at the bottom of the layer, to 4.6 ± 0.2 % at the top of the layer. Once again, this decrease 

is not relevant considering the low value of 𝑃𝐿𝐷𝑅 for this type of aerosols, but still comfort the 

fact that hygroscopic growth is occurring. These elements indicate that this situation is ideal to 

study the hygroscopic properties of the aerosols present in the boundary layer during that 

night. 
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In order to quantify the hygroscopic properties of the aerosols, the evolution of the elastic 

backscatter coefficient with 𝑅𝐻, both not normalized (Figure 4.11 (a)) and normalized (Figure 

4.11 (b)) by the fluorescence are fitted on the Hänel parameterization. Interesting observations 

can be made from the results of these fits. First, concerning the case which is not normalized 

by the fluorescence, we can see that the fit to the Hänel parameterization is relatively good, 

with a determination coefficient equal to 𝑅2 = 0.87. The Hänel hygroscopic parameter is 

estimated at 𝛾 = 0.46 ±  0.02 which corresponds to an enhancement factor of 𝑓(85%) = 1.9 ±

0.1 which is exactly in the expected range for urban aerosols, between 1.5 and 2. These results 

could indicate that the situation is well characterized by the approach usually used in the 

literature, as the fit to the Hänel parameterization is good, and the result is in the range of what 

is expected. However, this result lies on the hypothesis that the aerosol layer is homogeneous, 

which can be refuted by the increasing potential temperature shown Figure 4.10 (a), indicating 

a stratification of the aerosol layer. Moreover, the homogeneity of the layer can also be 

contradicted by the fluorescence backscatter coefficient shown Figure 4.10 (c), which decreases 

with altitude. In the case of a homogeneous layer, the fluorescence backscatter coefficient 

should remain constant, which means that in this case, the aerosol concentration is expected 

to evolve in the layer. 

 

Figure 4.11: Evolution of the elastic backscatter coefficient at 532 nm (a) without 
normalization and (b) with normalization with the fluorescence backscatter coefficient, in 
function of 𝑅𝐻 on 9 March 2021 from 21:00 to 22:00 UTC, between 1000 m and 1450 m 

above ground level, and results of the fit to the Hänel parameterization 

On the other hand, the fit of the normalized elastic backscatter coefficient to the Hänel 

parameterization can be analyzed. The determination coefficient is equal to 𝑅2 = 0.94 which is 

an increase compared to the case where the backscatter coefficient is not normalized (𝑅2 =

0.87). This increase supports the fact that the aerosol concentration varies in the layer, and 

that this variation is accurately corrected by the normalization of 𝛽532 with the fluorescence 
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backscatter coefficient. The Hänel hygroscopic parameter is estimated at 𝛾 = 0.87 ±  0.02 

which corresponds to an enhancement factor of 𝑓(85%) = 3.3 ± 0.1. This value of 

enhancement factor is much more important than what is expected for urban aerosols. These 

values of enhancement factor at 532 nm are characteristic of situations where marine aerosols 

are mixed with urban aerosols (Sicard et al., 2022). This could be the case here as the backward 

trajectories indicate that the air masses present in the Lille boundary layer during this night 

originate from the North, i.e. from the sea. However, considering the distance between Lille 

and coast, it is highly doubtful that the marine aerosol concentration could be high enough that 

it would impact this much the hygroscopic growth properties of the aerosol. These values are 

generally attained in the littoral, while Lille is 70 km inland, and pure marine aerosols layers 

are almost never observed. Another factor which could explain this result is the uncertainty 

on 𝑅𝐻. Indeed, an error on the humidity calibration coefficient, or on the temperature can have 

important impacts on 𝑅𝐻 estimate, and therefore on the estimation of aerosol hygroscopic 

properties. This aspect will be explained deeply in part 4.5. 

4.4 Automatic study of hygroscopic cases 

4.4.1 Method 

The different cases presented in the previous part show the efficiency of the method developed 

to study aerosol hygroscopic growth from LILAS, which enables a better characterization of 

the aerosol hygroscopic properties compared to other common methods employed with lidar 

data. The objective of this section is now to establish a routine that allows for the automatic 

identification of hygroscopic growth cases. This way, it would be possible to automatically 

estimate the aerosol hygroscopic properties of a wide variety of situations. This would enable 

the study of correlations between the hygroscopic properties of aerosols and other properties, 

such as aerosol type, fluorescence capacity or depolarization. 

The method starts with the determination of intervals of altitudes showing monotonous 

increase of 𝑅𝐻. In order to mitigate the impact of measurement noise, moving average on 70.5 

m (10 altitude ranges) is applied to LILAS profiles of 𝑅𝐻. Then, the growth rate can be 

computed to determine altitudes where 𝑅𝐻 increases. Once these altitudes are identified, a list 

of criteria can be used to estimate if each situation can be studied to determine the hygroscopic 

properties of the aerosol. 

 The average elastic backscatter coefficient on the layer is over 0.5 Mm−1sr−1  

 The maximum value of 𝑅𝐻 in the layer is over 80 % 

 The variation of 𝑅𝐻 in the layer is over 10 % 

 The variation of potential temperature is below 2 K 
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 The variation of water vapor mixing ratio is below 10 % of the average on the layer 

 FLARE-GMM aerosol type remains constant on the layer 

Once the cases are identified, the aerosol hygroscopic properties can be estimated. 

Fluorescence can be utilized to correct potential changes in aerosol concentration within the 

layer, as described in equation (3.2). Additionally, fitting the Hänel parameterization to the 

normalized elastic backscatter coefficient enables to estimate the Hänel hygroscopic parameter 

𝛾. From this parameter, it is possible to compute the enhancement factor, 𝑓(𝑅𝐻), which 

quantifies the aerosol hygroscopic properties.  

In order to consider only relevant cases, if the determination coefficient of the fit to the Hänel 

parameterization is below 𝑅² = 0.8, the situation is not treated. This generally corresponds to 

cases where a problem occurred with the inversion or in the humidity calibration. In order to 

identify situations where the atmosphere is highly unstable during the average over a 1-hour 

period, cases which exhibit high uncertainty on the enhancement factor estimates are not 

considered. If the uncertainty is over 30 % of the 𝑓(85%) value, the case is removed. 

Eventually, to further eliminate irrelevant cases, it is important to identify situations where 

condensation occurs, as it is not modeled well by the Hänel parameterization. Condensation of 

water droplets consequently introduces overestimations of 𝛾 and 𝑓(85%). In order to take this 

aspect into account, the cases for which the Hänel hygroscopic parameter estimate is over 𝛾 =

1 are not considered. This value of 𝛾 corresponds to highly hydrophilic aerosols, and is reached 

only in the case of pure sea salts (Haarig et al., 2017). These conditions are not expected to be 

met in Lille due to its distance to the sea as previously stated. Therefore, these values of Hänel 

hygroscopic parameter correspond to situations where condensation occurs, which leads to 

overestimations of 𝛾, and can be removed in order to analyze hygroscopic growth cases only. 

4.4.2 Results 

The method previously described to automatically identify and analyze hygroscopic growth 

cases has been applied to all available profiles between 2021 and 2023. It allowed us to identify 

36 cases in 2021 and 2022. Unfortunately, due to the absence of humidity measurements for 

several months in the spring of 2023, no hygroscopic cases have been identified for this year. 

Figure 4.12 shows the histogram of the hygroscopic growth occurrences in function of the time 

(Figure 4.12 (a)) and the histogram of the mean altitudes at which hygroscopic growth cases 

are identified (Figure 4.12 (b)). The first observation that can be made is the absence of dust 

cases. This can be explained by the fact that dust events generally occur in Lille during specific 

meteorological conditions, such as the manifestation of Sirocco winds bringing desert dust 

from the Sahara. For that reason, desert dust aerosol layers are generally dry in Lille, and no 

hygroscopic growth can be witnessed. Moreover, the hygroscopicity of desert dust aerosols is 
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still debated in the scientific community (Herich et al., 2009; Chen et al., 2020). For this 

reason, rare instances of desert dust with high humidity are not expected to exhibit the same 

hygroscopic behavior as other aerosol types. Therefore, their fit to the Hänel parameterization 

is likely to be poor, and these cases would be filtered out because their determination 

coefficient would not meet the necessary threshold.  

 

Figure 4.12: Histograms of hygroscopic growth cases (a) time of occurrences (b) mean 
altitude above ground level (in meter) between February 2021 and December 2023 

Figure 4.12 (a) also shows that most cases occur during spring and summer, and that no 

hygroscopic growth cases seem to be identified between October to March. This can be 

explained by the fact that in Lille during the winter, the precipitation rate is generally high, 

reducing the opportunities for lidar measurements under humid atmospheric conditions. 

Additionally, during clear sky conditions, the low temperature typically results in low relative 

humidity levels, preventing hygroscopic growth situations. Eventually, the lower boundary 

layer height in winter implies that cases of hygroscopic growth may fall below the detection 

range of the lidar, as they are typically found within the boundary layer, as explained below. 

Figure 4.12 (b) shows that the average altitude of hygroscopic growth events in Lille is generally 

below 2 km. This result is expected as the boundary layer shows high humidity and high aerosol 

concentration, gathering therefore favorable conditions to witness hygroscopic growth. On the 

contrary, as the altitude increases, the humidity tends to quickly decrease in the free 

troposphere during clear-sky conditions, and the aerosol load is generally lower than in the 
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boundary layer, which has been evidenced in chapter 3. As most hygroscopic growth cases 

occur in the boundary layer, it mainly concerns urban aerosols which tend to be the most 

commonly present at low altitudes in Lille atmosphere. Therefore, over the 36 identified cases, 

27 are for urban aerosols, only 5 are for biomass burning aerosols, and 4 concern unknown 

aerosols that can be mixtures of different types of aerosols.  

Figure 4.13 shows the results of the enhancement factor estimates for the different kinds of 

aerosols across all identified hygroscopic growth cases. Due to the limited number of events 

involving biomass burning aerosols and mixtures, the boxplots are unfortunately not relevant 

for these aerosol types, and it is difficult to analyze the results. Moreover, for the same reason, 

the results for all cases combined are very similar to those for the urban plot. Nevertheless, it 

is possible to observe that except for mixtures, all distributions exhibit high standard deviation. 

 

Figure 4.13: boxplots of the different estimates of the enhancement factor at 85 % for β532, 
f(85%) for all aerosols and each aerosol type estimated from FLARE-GMM 

Concerning urban aerosols, the enhancement factor estimates are averaged at 𝑓(85%) = 2.3 ±

0.2 with a standard deviation of 0.6. This average value is higher than previous estimates for 

urban aerosols, which are expected to range between 1.5 and 2 (Sicard et al., 2022). Moreover, 

the enhancement factors estimate for urban aerosols vary from 1.2 to 3.7, representing a 

significant range for a single aerosol type. The same observation can be made for biomass 

burning aerosols. The enhancement factor is averaged at 𝑓(85%) = 2.1 ± 0.3, which aligns with 

the expected value for biomass burning aerosols, typically ranging around 2 (Sicard et al., 

2022). However, the standard deviation is equal to 0.9 and the estimates range from 1.4 to 3.2, 

which also represent much more important variations than what is anticipated for a single 

aerosols type. 

Several hypotheses could explain why the results differ from the expectations. The first one is 

that aerosols in Lille exhibit a large variety of compositions, explaining why their hygroscopic 
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properties can vary on such large ranges, and why the average estimate of urban aerosol 

enhancement factor differs from what has been determined in previous work. However, values 

of enhancement factors at 85 % above 3 correspond to aerosols containing marine particles, as 

previously stated, which is not expected to be the case in the Lille atmosphere. Therefore, these 

extreme values could not be explained only by the aerosol composition. On the other hand, 

potential errors on 𝑅𝐻 estimate could also explain why the estimations of aerosol hygroscopic 

properties are highly variable. Indeed, errors on 𝑅𝐻, due to calibration issues or uncertainty in 

the temperature estimate can significantly impact the assessment of the Hänel hygroscopic 

constant, and can therefore potentially strongly affect the enhancement factor estimate. 

Unfortunately, the uncertainties in 𝑅𝐻, which are expected to range from 1% to 10% with our 

current setup, significantly impact 𝛾 estimates. This makes it challenging to draw definitive 

conclusions about the aerosol hygroscopic properties and their potential correlations with 

other aerosol properties, such as type, fluorescence capacity, or depolarization. 

The next part of the chapter focuses on evaluating the influence of 𝑅𝐻 uncertainties on the 

estimation of aerosol hygroscopic properties. 

4.5 Influence of 𝑹𝑯 uncertainty on hygroscopic growth properties 

estimation 

4.5.1 Impact of a flat adjustment in 𝑹𝑯 

The objective of this part is to evaluate how the uncertainties on the determination of 𝑅𝐻 can 

influence the estimation of the Hänel hygroscopic constant, and therefore the enhancement 

factor. In order to do so, the 𝑅𝐻 profile has been adjusted by a fixed value 𝛥𝑅𝐻 (𝑅𝐻′ = 𝑅𝐻 +

𝛥𝑅𝐻), ranging from plus 0.1 to minus 0.1. The fit to the Hänel parameterization of 𝛽532 

normalized by 𝛽𝑓𝑙𝑢𝑜 is then performed with the new 𝑅𝐻 value. The modification of the Hänel 

hygroscopic growth constant and of the enhancement factor can then be analyzed in function 

of 𝛥𝑅𝐻. 

The case presented in part 4.3.3 which occurred during the night between 15 and 16 April 2021 

has been chosen to study how the Hänel hygroscopic constant is changed by the adjustment 

on 𝑅𝐻. This case is interesting as the estimation of the aerosol hygroscopic properties is not in 

the expected range for urban aerosols, and because this difference can be explained by an error 

on 𝑅𝐻. It could be either because of an error on the LILAS humidity calibration or on the 

assessment of the temperature, which would both impact the estimation of 𝑅𝐻.  
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Figure 4.14: Variation of the Hänel hygroscopic constant 𝛾 (blue) and the enhancement factor 
at 85 % (red) at 532 nm, in function of the adjustment on the humidity (𝑅𝐻′ = 𝑅𝐻 + 𝛥𝑅𝐻) for 

the 16 April 2021 between 01:00 and 02:00 UTC between 1000 m and 1450 m 

Figure 4.14 shows how the estimations of the Hänel hygroscopic constant and the 

enhancement factor at 85 % evolve with the shift in 𝑅𝐻. The first observation that can be made 

is that 𝛾 varies from 𝛾 = 1.24 ± 0.02 for 𝛥𝑅𝐻 = −0.1, to 𝛾 = 0.49 ± 0.01 for 𝛥𝑅𝐻 = +0.1, which 

correspond to variations of enhancement factor from 𝑓(85%) = 5.6 ± 0.2 for 𝛥𝑅𝐻 = −0.1, to 

𝑓(85%) = 1.98 ± 0.03 for 𝛥𝑅𝐻 = +0.1. This wide variation confirms that the results presented 

part 4.3.3 and 4.4.2 can indeed be explained by errors on the estimation of 𝑅𝐻. Moreover, as 

the enhancement factor falls in the expected values for urban aerosols when 𝛥𝑅𝐻 is around plus 

0.1, it suggests that 𝑅𝐻 is certainly underestimated during the night between 15 and 16 April 

2021, either because of an error on LILAS calibration, or on the estimation of the temperature. 

Another interesting observation concerns the evolution of the Hänel hygroscopic growth 

constant with 𝛥𝑅𝐻, which is smooth and appears almost linear. The next part is dedicated to 

the approximation of the slope of this variation, in order to quantify the dependency of 𝛾 to 𝑅𝐻.  

Eventually, it is also interesting to investigate how the determination coefficient of the fit to 

the Hänel parameterization varies with errors on 𝑅𝐻. Figure 4.15 shows how 𝑅² evolves in 

function of 𝛥𝑅𝐻. The first observation which can be made is that, contrary to 𝛾, 𝑅² is much less 

impacted by errors on 𝑅𝐻. This can be witnessed with the range on which the determination 

coefficient varies with 𝛥𝑅𝐻, from 𝑅² = 0.93 at 𝛥𝑅𝐻 = −0.1, to 𝑅² = 0.95 at 𝛥𝑅𝐻 = 0.1. This 

means that the main conclusions drawn from the analyses of 𝑅² in the former parts are robust 

to potential errors on 𝑅𝐻. The benefit of fluorescence to study aerosol hygroscopic properties 

is therefore supported by this observation. Moreover, it is interesting to note that in this case, 

𝑅² increases with 𝑅𝐻, which means that when 𝑅𝐻 increases, the fit to the Hänel 
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parameterization of the situation is improved. This fact is difficult to interpret but could also 

support that 𝑅𝐻 is currently underestimated in this case. Eventually, it is interesting to note 

that the value of 𝛾 estimated for the maximum 𝑅² value is equal to 𝛾 = 0.49 ± 0.01, which 

corresponds to an enhancement factor of 𝑓(85%) = 1.98 ± 0.03, falling in the range of the 

expected value for urban aerosols. This aspect also suggests that 𝑅𝐻 is probably 

underestimated in this case. 

 

Figure 4.15: Variation of the determination coefficient of the fit to the Hänel 
parameterization in function of the adjustment on the humidity (𝑅𝐻′ = 𝑅𝐻 + 𝛥𝑅𝐻) for the 16 

April 2021 between 01:00 and 02:00 UTC between 1000 m and 1450 m 

4.5.2 Modeling 𝜸 variations with 𝑹𝑯 and approximation of the slope 

The objective of this part is to estimate the slope of the Hänel hygroscopic constant variation 

with the adjustment of 𝑅𝐻 highlighted in the previous part. The approximation of this slope 

would allow to quantify the dependency of 𝛾 to the uncertainty on 𝑅𝐻. 

The Hänel hygroscopic growth constant is estimated using equation (4.7). When the 

adjustment on 𝑅𝐻 is considered, this equation changes from: 

 
𝛽(𝑅𝐻)

𝛽(𝑅𝐻𝑚𝑖𝑛)
= (

1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
)

−𝛾0

 
 

(4.10) 

Where 𝛾0 is the Hänel hygroscopic constant estimated when 𝛥𝑅𝐻 = 0, to: 

 
𝛽′(𝑅𝐻 + 𝛥𝑅𝐻)

𝛽′(𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
= (

1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
)

−𝛾(𝛥𝑅𝐻)

 
 

(4.11) 
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Where 𝛽′(𝑅𝐻 + 𝛥𝑅𝐻) = 𝛽(𝑅𝐻) as the values of the elastic backscatter coefficient are not 

changed with the adjustment of 𝑅𝐻, and 𝛾(𝛥𝑅𝐻) is the Hänel hygroscopic constant, as a 

function of 𝛥𝑅𝐻.  

 
𝛽(𝑅𝐻)

𝛽(𝑅𝐻𝑚𝑖𝑛)
= (

1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
)

−𝛾(𝛥𝑅𝐻)

 
 

(4.12) 

Therefore, from equation (4.10), we have:  

 (
1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
)

−𝛾0

= (
1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
)

−𝛾(𝛥𝑅𝐻)

 
 

(4.13) 

 𝛾(𝛥𝑅𝐻) = 𝛾0

𝑙𝑛 (
1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
)

𝑙𝑛 (
1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
)

 
 

(4.14) 

Now from the equation (4.14), in order to express 𝛾(𝛥𝑅𝐻) in function of 𝛥𝑅𝐻, it is necessary to 

simplify the ratio between the two logarithm functions, which is not straightforward.  

Figure 4.16 shows how the two logarithm functions correlate depending on 𝛥𝑅𝐻. It can be 

observed that the relationship between the two functions appears mostly linear, and that the 

slope of this correlation varies with the value of 𝛥𝑅𝐻. It is also possible to note that the fit 

appears to be the best when 𝑅𝐻 is close to the 𝑅𝐻𝑚𝑖𝑛 value, and that the functions tend to 

deviate from the linear fit as 𝑅𝐻 increases.  

In order to approximate the value of the slope in function of 𝛥𝑅𝐻, it is therefore possible to 

study the limit of the logarithm functions when 𝑅𝐻 is close to 𝑅𝐻𝑚𝑖𝑛. To do so, it is possible to 

express 𝑅𝐻 = 𝑅𝐻𝑚𝑖𝑛 + 𝜖, with 𝜖 ≪ 𝑅𝐻𝑚𝑖𝑛. Therefore:  

 𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

 𝑙𝑛 (
1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
) = 𝑙𝑖𝑚

𝜖→0
 𝑙𝑛 (1 −

𝜖

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
) 

 
(4.15) 

By expressing the first-order Taylor expansion of the logarithm function, when considering 

that 𝜖 ≪ 1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻), it is then possible to write:  

  𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

𝑙𝑛 (
1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
) =

𝜖→0

−𝜖

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
+ 𝑜(𝜖) 

 
(4.16) 
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Figure 4.16: 𝑙𝑛 (
1−(𝑅𝐻+𝛥𝑅𝐻)

1−(𝑅𝐻𝑚𝑖𝑛+𝛥𝑅𝐻)
) in function of 𝑙𝑛 (

1−𝑅𝐻

1−𝑅𝐻𝑚𝑖𝑛
) for different values of 𝛥𝑅𝐻 (a) 𝛥𝑅𝐻 =

−0.08, (b) 𝛥𝑅𝐻 = −0.04, (c) 𝛥𝑅𝐻 = 0.04, (d) 𝛥𝑅𝐻 = 0.08, the linear fit and the values of the 
slope 

On the other hand, by expressing the second-order Taylor expansion of the logarithm function, 

we can express the limit of the other logarithm function:  

 𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

 𝑙𝑛 (
1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
) =

𝜖→0

−𝜖

1 − 𝑅𝐻𝑚𝑖𝑛
−

1

2
(

𝜖

1 − 𝑅𝐻𝑚𝑖𝑛
)

2

+ 𝑜(𝜖2) 
 

(4.17) 

By taking the inverse of equation (4.17) and using the first-order Taylor expansion of the 

inverse function it is possible to write:  

 𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

 (𝑙𝑛 (
1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
))

−1

=
𝜖→0

1 − 𝑅𝐻𝑚𝑖𝑛

−𝜖

1

1 +
𝜖

2(1 − 𝑅𝐻𝑚𝑖𝑛)
+ 𝑜(𝜖)

 
 

(4.18) 

Leading to: 

 𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

 (𝑙𝑛 (
1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
))

−1

=
𝜖→0

1 − 𝑅𝐻𝑚𝑖𝑛

−𝜖
(1 −

𝜖

2(1 − 𝑅𝐻𝑚𝑖𝑛)
+ 𝑜(𝜖)) 

 
(4.19) 
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𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

 (𝑙𝑛 (
1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
))

−1

=
𝜖→0

1 − 𝑅𝐻𝑚𝑖𝑛

−𝜖
+

1

2
+ 𝑜(1) 

 
(4.20) 

Therefore, when multiplying equation (4.16) with equation (4.20), it is possible to approximate 

the limits as: 

 

𝑙𝑖𝑚
𝑅𝐻→𝑅𝐻𝑚𝑖𝑛

 𝑙𝑛 (
1 − (𝑅𝐻 + 𝛥𝑅𝐻)

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
) (𝑙𝑛 (

1 − 𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
))

−1

≈

1 − 𝑅𝐻𝑚𝑖𝑛

1 − (𝑅𝐻𝑚𝑖𝑛 + 𝛥𝑅𝐻)
 

 
(4.21) 

Equation (4.21) allows us to approximate the slope of the linear fit between the two linear 

functions presented in Figure 4.16. Figure 4.17 shows how this approximation compares to the 

real fit between the two functions. It is possible to observe that the approximation of the slope 

is accurate, especially for smaller values of 𝛥𝑅𝐻, and for 𝑅𝐻 values close to 𝑅𝐻𝑚𝑖𝑛. It can 

therefore be used in equation (4.14) to express how 𝛾(𝛥𝑅𝐻) evolves with 𝛥𝑅𝐻. 

Figure 4.17: 𝑙𝑛 (
1−(𝑅𝐻+𝛥𝑅𝐻)

1−(𝑅𝐻𝑚𝑖𝑛+𝛥𝑅𝐻)
) in function of 𝑙𝑛 (

1−𝑅𝐻

1−𝑅𝐻𝑚𝑖𝑛
) for different values of 𝛥𝑅𝐻 (a) 𝛥𝑅𝐻 =

−0.08, (b) 𝛥𝑅𝐻 = −0.04, (c) 𝛥𝑅𝐻 = 0.04, (d) 𝛥𝑅𝐻 = 0.08, with the linear fit, and the 
approximation of the linear relationship expressed equation (4.21)  
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By combining equation (4.14) and (4.21) it is possible to write:  

 𝛾(𝛥𝑅𝐻) ≈ 𝛾0 (1 −
𝛥𝑅𝐻

1 − 𝑅𝐻𝑚𝑖𝑛
) 

 
(4.22) 

Therefore, it is possible to approximate the slope of the variation of 𝛾(𝛥𝑅𝐻) with 𝛥𝑅𝐻 as 𝛾0/(1 −

𝑅𝐻𝑚𝑖𝑛). Figure 4.18 shows how the linear fit of this variation compares to this approximation 

for the case of 16 April 2021. We can see that the comparison is not perfect, with a difference 

of 0.81 between the slope and the approximation. This difference can be explained by the fact 

that the Taylor expansion has been performed at 𝑅𝐻 → 𝑅𝐻𝑚𝑖𝑛, and also the fact that only the 

first order has been expressed. Nevertheless, this estimation remains an accurate 

approximation of the slope in the first order. This approximation allows us to identify that a 

relevant criterion to quantify the dependency of 𝛾 to errors on 𝑅𝐻 is the value of 𝑅𝐻𝑚𝑖𝑛. Indeed, 

the slope, in first order approximation, varies with the inverse of  1 − 𝑅𝐻𝑚𝑖𝑛, meaning that as 

𝑅𝐻𝑚𝑖𝑛 gets closer to 1, the estimation of 𝛾 becomes more sensitive to errors on 𝑅𝐻. 

To conclude, this study reveals that in order to reduce the dependency of the Hänel hygroscopic 

constant estimation to errors in 𝑅𝐻, it is important to consider cases where 𝑅𝐻𝑚𝑖𝑛 is as low as 

possible. Otherwise, the estimates of 𝛾 are likely to be more sensitive to errors on 𝑅𝐻 and 

determining accurately the aerosol hygroscopic properties is then expected to be more difficult. 

 

Figure 4.18: Variation of the Hänel hygroscopic constant γ at 532 nm, in function of the 
adjustment on the humidity (𝑅𝐻′ = 𝑅𝐻 + 𝛥𝑅𝐻) for the 16 April 2021 between 01:00 and 
02:00 UTC between 1000 m and 1450 m, and the approximation of the linear fit to this 

variation 
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4.6 Chapter summary 

This chapter explores aerosol hygroscopic growth using LILAS data. It presents a method for 

estimating aerosol hygroscopic properties, which relies on fluorescence measurements to 

account for aerosol concentration changes within a layer, thereby improving the accuracy of 

these estimates. The method has been applied to three case studies: one involving smoke and 

two involving urban aerosols. These cases demonstrate the advantages of using fluorescence 

to correct for aerosol concentration variations in the layer. The method has then been applied 

to automatically identified cases using LILAS data and FLARE-GMM aerosol typing. The 

enhancement factor for urban aerosols in Lille was found to be 𝑓(85%) = 2.3 ± 0.2, while for 

biomass burning aerosols, it was 𝑓(85%) = 2.1 ± 0.3. However, the high standard deviation in 

these estimates indicates significant uncertainty, likely due to errors in 𝑅𝐻 estimation. To 

address this, a theoretical analysis has been conducted to examine how uncertainty in 

𝑅𝐻 affects the enhancement factor estimate. A model has been developed to show that the 

uncertainty in the Hänel hygroscopic growth constant 𝛾 depends on the minimum 𝑅𝐻 value 

𝑅𝐻𝑚𝑖𝑛 in the layer, suggesting that cases with lower 𝑅𝐻𝑚𝑖𝑛 values should be prioritized to 

improve the accuracy of 𝛾 estimates. 

One of the primary limitations of this work is the estimation of 𝑅𝐻, which is based on 

comparisons between lidar and radiometer data. The uncertainty in 𝑅𝐻 is likely the main 

source of errors in the 𝛾 estimates. To improve 𝑅𝐻 accuracy, it would be beneficial to apply this 

method at a site equipped with both fluorescence measurements and radiosoundings. With 

more precise 𝛾 estimates and a large dataset, it would be possible to explore correlations 

between hygroscopic properties and other aerosol characteristics, such as 𝑃𝐿𝐷𝑅 or 

fluorescence capacity. These relationships could offer valuable insights for modeling 

interactions between aerosols and water vapor, laying the groundwork for studying aerosol-

cloud interactions (Dusek et al., 2006; Petters and Kreidenweis, 2007).  

Finally, the study of hygroscopic growth is expected to be adapted and refined for the upcoming 

LIFE lidar (Laser Induced Fluorescence Explorer). This new lidar system will feature increased 

power and additional fluorescence channels, providing more comprehensive data and 

significantly enhancing the accuracy and performance of retrievals.  
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5.  Fluorescence measurements in 

cloud layers 

This chapter explores the potential applications of lidar fluorescence measurements within 

cloud layers. We first give an overview of how lidar systems have been traditionally used in 

cloud studies. Following this, the chapter introduces fluorescence measurements specifically 

conducted within cloud layers, demonstrating LILAS capability to detect fluorescence in thin 

liquid cloud layers. The chapter then provides interpretations of fluorescence behavior within 

these clouds, offering various hypotheses that explore phenomena likely to impact fluorescence 

signals in cloudy conditions. Finally, the chapter introduces a method for determining the 

elastic backscatter coefficient of aerosols within clouds, presenting a valuable approach to 

study aerosols in cloud layers without the influence of cloud droplets. 

5.1 Generalities on cloud and aerosol-cloud interaction studies 

with lidars 

Clouds can be studied remotely with a variety of instruments, including lidars. Lidars offer 

multiple opportunities as they are able to measure cloud properties such as their base and top 

altitudes, shape, or extinction coefficient and optical depth (Ansmann et al., 1992; Cadet et al., 

2005; Wu et al., 2009; Young, 1995). Lidars are therefore a valuable instrument to characterize 

clouds and study their properties as well as radiative impact, however it suffers from strong 

limitations. Indeed, many important properties, such as microphysical parameters, or  

temperature, are difficult to estimate with classic Mie-Raman lidars (Su and McCormick, 

2019). For this reason, synergies between lidars and radars are widely used for cloud studies, 

as radars are able to penetrate the cloud and estimate cloud microphysical properties, such as 

particle size and mass content, thus completing lidar measurements (Intrieri et al., 1993, 2002; 

Tinel et al., 2005; Bühl et al., 2013). However, at the LOA, only the lidar is available as no radar 

is currently operating on the ATOLL platform. This study therefore uses only lidar data to study 

clouds, aerosols, and their interactions. 

The main challenges regarding studying clouds with lidars concerns their optical thickness. In 

most situations, especially for low liquid clouds, cloud layers are too thick optically for the laser 

to penetrate through it, making it therefore impossible for the instrument to get any 

information. For this reason, cloud studies with lidars are mostly dedicated to cirrus, which 
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are ice clouds optically thinner than low liquid clouds, allowing the laser to penetrate and study 

their properties. Another challenge regarding studying clouds with lidars concerns their 

identification. Indeed, accurately distinguishing between clouds and aerosols requires 

sophisticated algorithms and often supplementary data from other instruments to ensure 

precise classification, this is especially the case for ice clouds as illustrated in chapter 3, as their 

backscatter coefficients can reach levels similar to aerosol layers (Wang et al., 2022). 

Eventually, the study of aerosol-cloud interactions with lidars is extremely difficult. Indeed, 

while Mie-Raman lidars are valuable instruments for the observation of both aerosols and 

clouds, the optical thickness of the latter makes it impossible to observe aerosol-cloud co-

existence, the aerosol backscatter being masked by the presence of the cloud. For this reason, 

most aerosol-cloud interaction studies with remote sensing techniques rely on observations of 

aerosols in the vicinity of the cloud (J. Schmidt et al. 2014,2015; Su and Patrick McCormick 

2019; Wang et al. 2022). While this method allows us to study aerosol-cloud interactions, the 

lack of remote sensing collocated observations of aerosols and clouds is a high source of 

uncertainty, and a strong limitation to our understanding of these interactions. 

5.2 Fluorescence signals in clouds 

5.2.1 Observations with LILAS 

As previously mentioned in this work, the main particularity of the LILAS instrument is its 

ability to measure fluorescence signals. According to our observations, these signals are 

independent from the presence of water in most subsaturated situations, allowing us to gather 

information on aerosols in humid conditions. Given this feature, possibility arises of measuring 

aerosol fluorescence signals within cloud layers to gather valuable information about the 

particles present there. This raises intriguing questions about the instrument potential 

applications and the exploitation of fluorescence signals in cloud studies. Fluorescence signals 

have been measured in cloudy conditions, and three cases are going to be presented, one 

concerning a cloud located in a smoke aerosol layer, and two showing a cloud present in an 

urban aerosol layer. These cases have been chosen as they exhibit situations in which an 

optically thin cloud has been observed inside of an aerosol layer, which are ideal conditions for 

the study of fluorescence signals in cloud layers with LILAS. 

a) Smoke particles in clouds: 17 April 2021 case 

The first presented situation corresponds to the night between 17 and 18 April 2021. During 

this night, a smoke aerosol layer was present in the Lille atmosphere above the boundary layer, 

spanning from 2 km to 6 km, as determined by FLARE-GMM, shown Figure 5.1 (b). The 

boundary layer is mainly composed of urban aerosols up to 1.5 km during the night, with the 
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presence of smoke aerosols around 1:00 UTC, suggesting that urban aerosols in this layer 

might be mixed with smoke. Figure 5.1 also shows the presence of ice clouds after 1:00 UTC 

between 6 km and 8 km. They can be identified with their high depolarization, low optical 

thickness and large spatial coverage. Eventually, a low liquid cloud can be observed on this 

figure around 2.2 km between 0:30 and 2:00 UTC, inside of the smoke layer.  

 

Figure 5.1: (a) aerosol elastic backscatter coefficient quick-look at 532 nm [m−1. sr−1] and (b) 
results of the FLARE-GMM typing, between 20:00 UTC and 4:00 UTC, on 17 and 18 April 

2021 

The particularity of the low liquid cloud present in this situation is its low optical thickness, 

which can be observed on Figure 5.1 (a) as no shadow effect is visible, meaning that the lidar 

signal above the cloud is not impacted by its presence. Furthermore, this situation is interesting 

as the cloud layer is located inside an aerosol layer. This suggests that aerosols are expected to 

be present in the cloud as well, making it an ideal situation for the study of fluorescence signals 

in cloud layers. 
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Figure 5.2: Profile of retrieved optical properties in function of altitude above ground level (a) 
elastic backscatter coefficient at 532 nm [m−1. sr−1] and 𝑅𝐻, (b) fluorescence backscatter 

coefficient at 466 nm [m−1. sr−1] and particular linear depolarization ratio at 532 nm on 18 
April 2021 from 1:00 to 2:00 UTC 

Figure 5.2 shows the profiles of the different retrieved products from LILAS between 2 km and 

3 km, averaged from 1:00 to 2:00 UTC on 18 April 2021. Figure 5.2 (a) shows that the cloud is 

located between 2300 m and 2750 m above ground level approximately. Figure 5.2 (b) shows 

the fluorescence backscatter coefficient, as well as the depolarization ratio at 532 nm measured 

by LILAS. The measured fluorescence signal indicates the presence of fluorescing aerosols in 

the cloud, which is what has been expected since the cloud is located within a smoke aerosol 

layer. Interestingly, there is an increase in the fluorescence backscatter coefficient within the 

cloud region, and we can observe that both maximum of the cloud elastic backscatter 

coefficient and of the aerosol fluorescence backscatter coefficient coincide in altitude. The 

interpretation of this increase and its implications will be discussed in the next section, 

providing a deeper understanding of the observed phenomenon. We can also observe an 

increase of the depolarization, with similar characteristics to the fluorescence increase, in the 

cloud layer. This depolarization increase could suggest the presence of ice in the cloud. 

However, considering its low altitude, the presence of ice crystals is highly doubtful. Instead, 

another explanation of the depolarization increase could be a detector saturation. Since the 

backscattered light is much more intense in cloud regions, the detection system, designed 

primarily for cloud-free conditions, might become saturated. Given that liquid cloud 

depolarization is typically low due to the spherical shape of water droplets, most of the 
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backscattered light has a polarization parallel to that of the emitted light. Consequently, the 

detection channel measuring light polarized parallel to the laser is more prone to saturation 

than the channel for cross-polarized light, leading to an artificial increase in depolarization. 

Eventually, the increase of depolarization in the cloud could also be a consequence of multiple 

scattering. Even though the impact of multiple scattering is difficult to assess, it can be 

responsible for the increase of depolarization measured by the lidar, due to scattering at other 

scattering angles (Sassen and Petrilla, 1986; Hu et al., 2001, 2006; Reichardt and Reichardt, 

2003). 

b) Urban particles in clouds: 2 July 2021 case 

The second presented case occurred during the night between 2 and 3 July 2021. Figure 5.3 

shows the quick-looks of elastic backscatter coefficient and FLARE-GMM aerosol type estimate 

for this case. This figure shows the presence of the boundary layer going up to 3 km, composed 

mainly of urban aerosols, with occasional traces of smoke. Ice clouds can be observed over 8 

km above ground level between 21:00 and 23:00 UTC. During the first part of the night, liquid 

clouds can be observed between 5 and 7 km around 22:00 UTC. These clouds are not collocated 

with an aerosol layer and are optically thick as suggested by the alteration of the lidar signal 

above them illustrated Figure 5.3 (a). These clouds are therefore not ideal to study fluorescence 

signals. During the late part of the night, after 01:00 UTC, low liquid clouds can also be 

observed in the boundary layer, however, such as the former one, these clouds are too optically 

thick, which can be observed by the lidar signal above them which is highly deteriorated, 

making it difficult to use them to study fluorescence signals accurately.  

Eventually, between 23:00 and 00:00 UTC, we can observe the presence of much smaller 

clouds in the boundary layer between 1.5 and 2.5 km. These clouds are much smaller than the 

previous one, and more importantly much optically thinner, and will therefore be used to study 

fluorescence signals. 
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Figure 5.3: (a) aerosol elastic backscatter coefficient quick-look at 532 nm [m−1. sr−1] and (b) 
results of the FLARE-GMM typing, between 20:00 UTC and 3:00 UTC, on 2 and 3 July 2021 

Unfortunately, unlike the former situation presented on Figure 5.1 and Figure 5.2, these clouds 

are not located at a constant altitude and do not align with an averaging window of one hour. 

Therefore, the profiles averaged between 22:00 and 23:00 UTC are not ideal to characterize 

the situation, but will be used nevertheless as they are still relevant for the fluorescence signal 

behavior. Therefore, these lidar profiles can be observed on Figure 5.4. This figure shows that 

the clouds included in this average are located between 2550 m and 2700 m approximately. 

Figure 5.4 (b) shows that in these altitudes, fluorescence signals are measured, suggesting once 

again the presence of fluorescing aerosols in the layer. Moreover, the same fluorescence signal 

behavior as previously can be observed. Even though it is certainly attenuated by the averaging 

process, an increase of the retrieved fluorescence backscatter coefficient can still be observed 

Figure 5.4 (b). Moreover, similarly to the situation illustrated on Figure 5.2, the maximum of 

the cloud elastic backscatter coefficient coincides in altitude with the maximum of the 

fluorescence backscatter coefficient. It is interesting to note that the same fluorescence 

backscatter behavior can be observed in this situation as well, even though the aerosol type is 
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different. This could suggest that this behavior is not due to the nature of the aerosols, but to 

other effects that are discussed in part 5.2.2. 

Increases of depolarization in the cloud regions can also be observed, potentially due to 

multiple scattering, or indicating a saturation of the detection system. 

 

Figure 5.4: Profile of retrieved optical properties in function of altitude above ground level (a) 
elastic backscatter coefficient at 532 nm [m−1. sr−1] and 𝑅𝐻, (b) fluorescence backscatter 

coefficient at 466 nm [m−1. sr−1] and particular linear depolarization ratio at 532 nm on 2 
July 2021 from 22:00 to 23:00 UTC 

c) Urban particles in clouds: 29 July 2021 case 

Eventually, the last situation studied in this section occurred during the night between 29 and 

30 July 2021. Figure 5.5 shows the quick-looks of the elastic backscatter coefficient and 

FLARE-GMM aerosol type estimate for this case. This figure shows the presence of a boundary 

layer composed of urban aerosols going up to 2 km during the whole night. Ice clouds can be 

observed over 7 km, from 00:00 to the end of the night. They can be identified with their high 

depolarization, low optical thickness and large spatial coverage. Liquid clouds can also be 

observed in the free troposphere during the whole night. Most of them are located around 4 

km, however, as these clouds are located in areas with low aerosol loads, they are not ideal to 

study fluorescence signals. However, we can see that liquid clouds form at the top of the 

boundary layer during this night around 00:00 UTC and 04:00 UTC. The cloud case at 00:00 

UTC is optically thin and located in an urban layer, making it an ideal case for the observation 

of fluorescence signals in clouds. 
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Figure 5.5: (a) aerosol elastic backscatter coefficient quick-look at 532 nm [m−1. sr−1] and (b) 
results of the FLARE-GMM typing, between 20:00 UTC and 4:00 UTC, on 29 and 30 July 

2021 

Similarly to the second presented case, in this situation, the cloud does not match a lidar profile 

averaging window. However, it is still possible to observe the fluorescence signal and the 

impact of the cloud on its profile. Figure 5.6 shows the lidar profiles averaged from 23:00 to 

00:00 UTC. We can see from Figure 5.6 (a) that the cloud spans from 1700 m to 1850 m 

approximately, and we can observe that similarly to the previous cases, fluorescence 

backscatter coefficient is measured and increases inside the cloud. It is also possible to note 

that the maximum of the cloud elastic backscatter coefficient is at the same altitude as the 

maximum of fluorescence backscatter coefficient, such as it has been the case for the previous 

analyzed situations. Similarly to the two other cases, an increase of the depolarization, similar 

to the fluorescence increase, can be observed. This increase can be potentially attributed to 

multiple scattering or to detector saturation, such as stated previously. 
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Figure 5.6: Profile of retrieved optical properties in function of altitude above ground level (a) 
elastic backscatter coefficient at 532 nm [m−1. sr−1] and 𝑅𝐻, (b) fluorescence backscatter 

coefficient at 466 nm [m−1. sr−1] and particular linear depolarization ratio at 532 nm on 29 
and 30 July 2021 from 23:00 to 00:00 UTC 

5.2.2 Fluorescence increase in cloud layers 

The three cases analyzed in the former section show that in the presence of clouds inside an 

aerosol layer, the fluorescence backscatter coefficient measured by LILAS increases. It has also 

been observed that the maximum of the cloud elastic backscatter coefficient has consistently 

been located at the same altitude as the fluorescence backscatter coefficient maximum. This 

suggests a direct connection between this increase and the presence of the cloud. The aim of 

this section is to present mechanisms susceptible to impact fluorescence that should be 

considered for the exploitation of these signals. However, determining the most important 

processes and evaluating the magnitude of their impact remains an extremely complex task 

that has not been addressed in this study. 

The first hypothesis that could explain an increase of the fluorescence signal is an increase of 

the aerosol concentration, which would be collocated with the presence of the cloud. This 

concentration increase could be the result of dynamic effects, and would directly be linked to 

an increase of fluorescence signal as the amount of fluorophore molecules would mechanically 

increase inside of the cloud. However, this hypothesis seems unlikely to explain the main 

increase of the fluorescence signal in the cloud layer. Indeed, the fluorescence backscatter 

coefficient increase is always aligned with the cloud location, and the peaks of both the elastic 
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and fluorescence backscatter consistently coincide, which would be highly coincidental if this 

increase were solely due to a rise in aerosol concentration. 

Another hypothesis for the alteration of the fluorescence backscatter coefficient within the 

cloud is the occurrence of chemical reactions that might change the nature of the fluorophores 

present in the aerosols. Depending on the aerosol type, it may be soluble in water and dissolve 

within cloud droplets, potentially initiating chemical reactions. The fluorophore chemical 

systems are extremely complex, and their behavior in aqueous solvents is not well understood. 

Estimating the products of these reactions, as well as their kinetic and thermodynamic 

properties, is challenging. Therefore, it is difficult to determine whether chemical reactions 

involving fluorophores are likely to occur within the cloud and, if so, their impact on the 

observed fluorescence. However, it can be anticipated that a chemical change in fluorophores 

would potentially result in a decrease in fluorescence, as the emitting molecule is transformed, 

while an increase is observed in our case. For this reason, we can assume that even if such 

reactions are possible, their impact on the fluorescence signal measured by the lidar is probably 

not the main explanation for the increase of the fluorescence signals in cloud layers (Agostiano 

et al., 2002; Fredj and Ruiz-López, 2010; Miyatake and Tamiaki, 2010; Wu et al., 2021).  

Multiple scattering could also be an explanation for the fluorescence signal increase in the 

cloud. Indeed, in clouds, the single scattering approximation, on which the lidar equations 

depend, no longer applies due to the close proximity of scattering particles and their strong 

scattering power. Therefore, depending on the cloud droplet concentration, and the incident 

light properties, multiple scattering can strongly impact the cloud elastic backscatter 

coefficient estimation (Bissonnette, 1996; Bissonnette et al., 1995; Shcherbakov et al., 2022). 

Therefore, one might argue the fact that multiple scattering also affects fluorescence 

measurements with lidar. However, former studies have shown that Raman scattering, which 

is several order of magnitude less efficient than elastic scattering, is not impacted by multiple 

scattering in clouds (Wandinger, 1998; Rizi et al., 2004). Considering that fluorescence is 4 to 

5 orders of magnitude less efficient than elastic backscatter, the impact of multiple scattering 

could be considered as negligible. However, since this process depends on the light wavelength 

and is extremely complex, assessing the impact of multiple scattering on fluorescence 

measurements remains difficult. 

Other phenomena that could influence fluorescence signals include optical effects caused by 

the presence of water droplets surrounding aerosols, especially if the aerosols are not 

dissolved. One of them is the change of the aerosol phase function due to the presence of water. 

This phenomenon has been studied by Griaznov et al. (2002) and Veselovskii et al. (2002), 

who have shown that the phase function in the backward direction can be impacted by the 

presence of the water droplet, resulting in an increase of the Raman signal by a factor of 2. As 
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this increase is due to an optical effect, it can be estimated that fluorescence signals should be 

impacted in the same order of magnitude as the Raman signals. However, Figure 5.2 (a), Figure 

5.4 (a) and Figure 5.6 (a) show that the estimated 𝑅𝐻 in the cloud layer is not overestimated. 

Except for the last case in which 𝑅𝐻 strongly decreases inside of the cloud, the other cases show 

𝑅𝐻 close to 100%, which is expected inside clouds. In the case of an increase of the Raman 

signal by optical effects due to the water droplet, the retrieved 𝑅𝐻 should then be over 100% 

inside of the cloud, which is not the case here. Compensation between different phenomenon 

could occur, but this observation supports the fact that in these cases, these optical processes 

could be neglected. 

Eventually, the last aspect presented in this work which could explain the increase of the 

fluorescence signal inside of cloud layers is possible leakage of elastic signal inside of the 

fluorescence channel. In spite of the presence of dichroic mirrors and interference filters in the 

reception section of the instrument, some photons from elastic backscatter might still reach 

the detector of the fluorescence channel. In clear sky conditions, this leakage is negligible, 

however in clouds, as the intensity of the elastic backscatter light increases, so does the 

contamination by elastic photons, therefore impacting the fluorescence signal. The different 

presented cases have shown that the maximum of the cloud backscatter coefficient always 

coincides with the maximum of fluorescence backscatter coefficient inside of the cloud. 

Furthermore, the different profiles of elastic backscatter and fluorescence backscatter 

coefficients appear to be correlated, potentially supporting this hypothesis. However, it is 

important to remember that this correlation does not necessarily imply that the increase in 

fluorescence is due to elastic contamination. In fact, in case of multiple scattering, as the cloud 

thickens, both the elastic backscatter coefficient and the impact of multiple scattering to the 

fluorescence increase would rise. The observation of a correlation between fluorescence and 

elastic backscatter coefficients could then be a consequence of this aspect, and not necessarily 

a confirmation of elastic leakage. 

As illustrated in this section, many factors can influence fluorescence signals in clouds, 

resulting in numerous uncertainties and unknown variables. These complexities make 

correcting the contribution of the cloud to the fluorescence increase too ambitious in our 

current situation. Despite these challenges, the next section presents a method that attempts 

at exploiting the fluorescence signal in clouds. This method offers a glimpse of what could be 

achieved with fluorescence measurements to retrieve information about aerosols in cloud 

layers, assuming we can develop a correction technique to mitigate the fluorescence increase 

caused by the cloud presence. By exploring these methods, we aim to advance our 

understanding and capabilities in aerosol characterization within cloudy environments. 
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5.3 Use of fluorescence to retrieve aerosol properties in cloud 

layers 

As explained in the previous section, fluorescence signals are impacted by the presence of 

clouds through numerous interactions. Unfortunately, it is currently impossible to correct 

these effects, meaning that the possible exploitation of the fluorescence signals in cloud layers 

remains limited. Nevertheless, this chapter presents an approach that utilizes fluorescence 

signals within clouds to retrieve information about aerosols present in the cloud layer. This 

method shows perspectives for future applications, assuming that effective corrections for the 

cloud-induced effects on fluorescence can be developed. The objective of this approach is to 

use the information given by the fluorescence signal measured by the lidar in clouds to obtain 

information on the aerosols present in the cloud layer. 

To do so, we can rely on the fact that the fluorescence signal is primarily issued from 

fluorophore matter contained in the aerosols. In specific occasions, when a cloud located inside 

of an aerosol layer, such as it is the case for the situation of 17 April 2021, it is expected that 

aerosols should be present inside of the cloud. Furthermore, it can be assumed that these 

aerosols are of the same nature as the ones outside the cloud. This assumption allows us to use 

the fluorescence signal to invert aerosol properties inside of the cloud, such as their backscatter 

coefficient, or potentially concentration and size distribution. Precisely, we can use the 

fluorescence capacity of the aerosols in the vicinity of the cloud. As this quantity is intensive 

and expresses the ratio between fluorescent matter and non-fluorescent matter in the aerosol, 

we can suppose that in the absence of chemical reactions changing the nature of the 

fluorophores, the fluorescence capacity of the aerosols outside and inside of the cloud should 

be the same. Fluorescence capacity being the ratio between the fluorescence backscatter 

coefficient and the elastic backscatter coefficient, it becomes then possible to retrieve the 

elastic backscatter coefficient of the aerosols that are present inside of the cloud. 

In order to apply this process, it is first necessary to estimate the fluorescence capacity of the 

aerosols in the vicinity of the cloud. However, as shown previously in this work, in chapter 3 

and chapter 4, the presence of humidity strongly impacts the aerosol fluorescence capacity 

through hygroscopic growth. In order to estimate precisely the aerosol fluorescence capacity, 

it is therefore necessary to take this aspect into account. To do so, it is possible to use equation 

(4.7)(4.6) to estimate 𝛽(𝑅𝐻𝑟𝑒𝑓) from 𝛾 and 𝑅𝐻. The fluorescence capacity of the aerosols in dry 

conditions can then be estimated, without the impact of the presence of water vapor. This 

estimation can then be used to approximate the fluorescence capacity of the dry particles 

present in the cloud more accurately. 
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This method has been tested on the case occurring during the night between 17 and 18 April 

2021. In order to estimate the dry fluorescence capacity of the smoke aerosols present in the 

vicinity of the cloud, an approximation of the Hänel hygroscopic growth constant needs to be 

chosen. In this case, it has been approximated to 0.7, which is the expected value for most 

smoke aerosols at 532 nm (Sicard et al., 2022). Using the 𝑅𝐻 measured with LILAS, 𝛽(𝑅𝐻𝑟𝑒𝑓) 

can then be estimated with equation (4.6) and used to determine the dry fluorescence capacity 

of the considered aerosols. The value of the fluorescence capacity has been obtained by 

averaging the profiles between 1850 m and 2200 m above ground level in order to remain 

below the cloud while being in the smoke layer. The estimated dry fluorescence capacity of the 

aerosols below the cloud is (3.6 ± 0.6)10−4, which is what is expected from dry smoke aerosols. 

This value has then been used as the approximated one for the aerosols present in the cloud 

layer. Then, this value, as well as the fluorescence backscatter coefficient, can be used to 

estimate the elastic backscatter of the dry aerosols present in the cloud.  

Figure 5.7 (b) shows the estimated dry aerosol elastic backscatter coefficient using the a priori 

smoke Hänel hygroscopic growth constant, the 𝑅𝐻, the fluorescence backscatter coefficient, 

and the fluorescence capacity of the aerosols in the vicinity of the cloud. The method described 

in this section has been used to estimate the backscatter coefficient of dry aerosols between 

2300 m and 2800 m, where the cloud is approximately localized. This case provides an 

example of the application of this method, however, the results presented should be 

interpreted with caution. As highlighted previously, a significant increase in fluorescence can 

be observed where the cloud is located. As discussed in the former section, it is unlikely that 

this increase can be solely explained by a higher concentration of aerosols within the cloud. 

Consequently, the value of the elastic backscatter coefficient derived from this approach is 

subject to numerous biases related to the cloud impact on fluorescence signals. Therefore, the 

reliability of this estimate is currently very low. Moreover, the important level of uncertainty 

of this retrieval also mitigates its significance. Nevertheless, this result demonstrates the 

potential of this approach, which could eventually enable the estimation of aerosol properties 

such as concentration or size distribution, in cloudy conditions, allowing us to observe aerosol-

cloud coexistence. This kind of information could greatly improve our understanding of 

aerosol-clouds interactions, and further work should be dedicated to the correction of 

fluorescence increase due to the cloud presence, allowing for the improvement of this method. 
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Figure 5.7: Profile of retrieved optical properties in function of altitude above ground level (a) 
elastic backscatter coefficient at 532 nm [m−1. sr−1] and fluorescence backscatter coefficient 

at 466 nm [m−1. sr−1] (b) dry elastic backscatter coefficient of dry aerosol particles in the 
cloud layer at 532 nm [m−1. sr−1] and fluorescence backscatter coefficient at 466 nm 

[m−1. sr−1]  on 18 April 2021 from 1:00 to 2:00 UTC 

5.4 Chapter summary 

In this chapter, generalities on cloud studies with lidars have been presented, highlighting the 

strong limits of this instrument to determine cloud properties, while also pointing out the 

difficulty of observing collocated aerosols and clouds simultaneously. Following this, examples 

of fluorescence measurements in thin low liquid clouds have been presented, revealing an 

increase in the fluorescence backscatter coefficient within cloud layers, which corresponds 

with a similar increase in the elastic backscatter coefficient. Various interpretations for this 

increase have been explored, including potential chemical reactions, multiple scattering, or 

contamination by elastic light. Unfortunately, the lack of knowledge regarding these processes 

makes it extremely difficult to evaluate their impact, and to correct them. Finally, an approach 

using the fluorescence backscatter to estimate the elastic backscatter coefficient of aerosols 

within cloud layers has been presented. This approach also relies on the hygroscopic properties 

and the fluorescence capacity of the aerosols in the vicinity of the cloud to retrieve information 

on dry aerosols present in the cloud layer. Unfortunately, the cases presented exhibit high 

levels of uncertainty, and in the absence of correction for the fluorescence increase due to cloud 

effects, the exploitation of this method remains extremely limited. Moreover, unfortunately no 

reference is available to proceed to a validation of this approach. 
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Further development of this method is crucial, as it enables the simultaneous observation of 

aerosols and clouds. Accurately estimating the elastic backscatter coefficient within clouds 

could be used to determine aerosol concentration or size distribution, key aerosol properties 

that are essential for advancing studies on aerosol-cloud interactions.  

In the future, this method could be enhanced with data from the LIFE lidar, which is 

anticipated to have more power than LILAS, enabling it to penetrate through thicker clouds 

and to have more case studies. Moreover, the ability of LIFE to measure fluorescence at 

different wavelengths is also expected to provide much more detailed information about 

aerosols within clouds, further enriching our understanding of how fluorescence signals are 

impacted by the presence of the cloud, and increase the amount of information on aerosols in 

cloud layers that could be retrieved. 
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6. Conclusion and perspectives 

6.1 Conclusion 

The study has been dedicated to lidar fluorescence measurement and its exploitation in aerosol 

characterization. The key instrument, the Mie-Raman-fluorescence lidar LILAS, is maintained 

and operated with a high automation level at the LOA in Lille and operated at ATOLL. The 

acquired lidar data has been inverted using AUSTRAL, a processing server developed 

internally, to obtain aerosol information, and the RPG-HATPRO G5 radiometer has been used 

as reference to calibrate the lidar water vapor measurement. 

The fluorescence measurements and high level of automation in LILAS enable automatic 

aerosol typing using machine learning methods. FLARE-GMM, an aerosol typing model based 

on a clustering approach developed in this work, used LILAS data to automatically distinguish 

between dust, smoke, and urban aerosols. To train this model, different datasets have been 

tested. The final version of the algorithm has been trained on a hand selected dataset, to 

mitigate the impact of mixtures on the cluster identification. This automatic aerosol typing 

method has been validated by comparing its results with reference data, either through the use 

of backward trajectories for isolated cases or by comparison with NATALI, another automatic 

aerosol typing model, on a larger dataset. These validation results are promising, and FLARE-

GMM has been applied to examine the types of aerosols present in the Lille atmosphere from 

2021 to 2023. The analysis revealed that urban aerosols are predominant, with smoke also 

present, both being observed mainly at low altitudes, while dust is observed on rarer occasions. 

Further work dedicated to the improvement of this model could improve its performance, with 

a wider training set or more features. 

Fluorescence measurements have then been used to characterize aerosol hygroscopic 

properties. The method benefits from the fact that fluorescence emission is independent from 

the presence of water vapor, enabling the tracking and the compensation of aerosol 

concentration changes within layers where humidity varies. This approach allows for more 

accurate estimates of aerosol hygroscopic properties, provided that the aerosol type remains 

consistent throughout the layer, which can be confirmed using FLARE-GMM. The method has 

been tested and compared with the standard approach for characterizing aerosol hygroscopic 

properties in various case studies, demonstrating the advantages of using fluorescence for 

more precise estimates. A statistical analysis of hygroscopic properties derived from 

automatically detected cases has been conducted, revealing that urban aerosols in Lille have 
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an average enhancement factor of 𝑓(85%) = 2.3 ± 0.2, while smoke aerosols exhibit an 

enhancement factor of 𝑓(85%) = 2.1 ± 0.3. While these results are consistent with the 

literature, they highlight the significance of uncertainty in this method, primarily due to noise 

in humidity estimation. A theoretical analysis and modeling indicate that the estimate of 

aerosol hygroscopic properties is influenced by the minimum value of 𝑅𝐻 within the aerosol 

layer. This finding suggests that cases with lower minimum 𝑅𝐻 values should be prioritized to 

achieve more accurate estimates. 

Eventually, fluorescence signals have been observed in clouds. LILAS fluorescence signals in 

thin low liquid cloud layers have been investigated in three situations, demonstrating the 

ability of the instrument to measure such signals, but also showing that the measured 

fluorescence signals increase in cloud layers. Interpretations of this increase have been 

proposed, such as chemical reactions, multiple scattering, or leakage of elastic backscattered 

light. However, the evaluation of each of these possible contributions to fluorescence increase 

is extremely difficult. However, accurately quantifying the contribution of each of these 

interactions is extremely challenging. Therefore, attempting to correct the increase in 

fluorescence due to the presence of the cloud seems too ambitious at this stage. Nevertheless, 

we can use the fluorescence backscatter coefficient inside of the cloud to estimate the elastic 

backscatter coefficient of the aerosols present in it. To do so, the fluorescence capacity and 

hygroscopic properties of the aerosols in the vicinity of the cloud need to be considered. This 

approach has been tested on a smoke case from 17 April 2021. This case shows the feasibility 

of this method to approximate the elastic backscatter coefficient of the dry aerosols present in 

the cloud. Unfortunately, in the absence of correction for the fluorescence increase due to the 

cloud presence, the relevance of this inversion remains limited. Moreover, the large 

uncertainties involved and the strong hypothesis used in this approach also limit its 

significance. However, this method is a first step to invert aerosol properties in liquid clouds 

such as concentration or size distribution of the aerosols, which would significantly contribute 

to the enhancement of aerosol-cloud interactions understanding. 

6.2 Perspectives 

This work is an innovative approach dedicated to the exploitation of lidar fluorescence 

measurements for aerosol characterization. To this end, it introduces a variety of tools and 

methods that improve aerosol studies. Further work could be dedicated to develop these 

methods, with a more complete database, or with instruments with different specificities. 

First, regarding the database used in this study, it is based on the modified Raman technique, 

that allows us to invert profiles in conditions, that are otherwise difficult to invert with the 

classic Raman inversion method. However, the inversions performed in this study are limited 
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to only a small number of parameters. Consequently, other aerosol properties such as the 

elastic backscatter coefficients and 𝑃𝐿𝐷𝑅 at 355 nm and 1064 nm, or extinction, are not 

accessible in the dataset.  

Aerosol characterization could greatly benefit from additional information on aerosols such as 

the 𝐿𝑅 or the Ångström exponent, that respectively require extinction coefficients and elastic 

backscatter coefficients at different wavelengths. FLARE-GMM has the advantage of being a 

clustering model that can be easily updated to incorporate more features. The implementation 

of features such as 𝐿𝑅 and the Ångström exponent are expected to directly impact the aerosol 

typing performance, since these are intensive quantities that vary with the aerosol type, and 

are used in other automatic aerosol typing models such as NATALI. 

With the use of more features, deconvolution of aerosol mixture lidar measurements becomes 

possible. This means that the algorithm could be able to identify the share of each aerosol type 

composing a mixture, which can be performed automatically with data driven approaches 

(Thiébaut, 2006; Karl et al., 2023), but which cannot be performed in the current set up, given 

the low number of features.  

Hygroscopic growth study would also benefit from more information on aerosols. In the 

current work, only the impact of hygroscopic growth on the elastic backscatter coefficient at 

532 nm is investigated. In order to complete this study, a similar approach could be used to 

evaluate the impact of hygroscopic growth on the elastic backscatter coefficients at 355 nm and 

1064 nm, or on extinction coefficients.  

Finally, the estimation of the aerosol elastic backscatter coefficient in clouds could be extended 

to estimate it at 355 nm and 1064 nm, providing better insights into aerosols in clouds, and 

increasing the amount of retrievable information from these layers. 

Then, another limitation of this study concerns the fact that it has been acquired only in Lille, 

which limits the application of the methods presented in this work. More specifically, FLARE-

GMM has been trained to distinguish between urban, smoke and dust because of the nature of 

the aerosols present in the Lille atmosphere. Other aerosol types present in other 

environments, such as volcanic, or marine aerosols, might be difficult to identify and 

differentiate from dust or other aerosol types without the use of other features, potentially 

limiting the application of FLARE-GMM. Investigating the performances of FLARE-GMM in 

other contexts would therefore be highly beneficial to evaluate the relevance of this approach 

in a more general and global framework. 

Concerning the study of hygroscopic properties, the identification of more cases is essential. 

With the use of the automatic identification of aerosol cases, and supposing the noise issue 

from 𝑅𝐻 would be mitigated, it could be interesting to investigate potential correlations 
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between hygroscopic properties and other optical parameters such as the fluorescence 

capacity, the 𝑃𝐿𝐷𝑅 or the 𝐿𝑅. Such complete study would potentially allow us to estimate the 

hygroscopic properties of an aerosol based on its optical properties, measured by the lidar. This 

correlation would allow us to estimate the aerosol hygroscopic properties in any ambient 

situation much more accurately, compared to the current approach in which the estimation of 

the aerosol hygroscopic properties in ambient situations can be performed only based on the 

aerosol type.  

Eventually, regarding the study of fluorescence signals in clouds, optimal situations for the 

investigation of these signals are extremely rare, especially for other aerosols than urban. In 

the current dataset, only one smoke case and one dust case have been identified. The presented 

approach would benefit from being applied to more cases. Furthermore, evaluating the 

amplitude of the cloud impact on fluorescence, such as the impact of multiple scattering, would 

requires information on cloud properties, such as droplet concentration or droplet size 

distribution. In the current situation, these properties are extremely difficult to obtain. In order 

to perform corrections of fluorescence increase due to the cloud presence, information on the 

cloud properties is therefore essential. 

Eventually, LIFE (Laser Induced Fluorescence Explorer), another Mie-Raman-fluorescence 

lidar developed at the LOA in the frame of OBS4CLIM, proposed by ACTRIS, is expected to 

start operating in 2024. This lidar, based on the design of LILAS, will exhibit more power, and 

more importantly, will be able to measure fluorescence at different wavelengths. Different 

fluorophores having different fluorescence spectra, measuring fluorescence at different 

wavelengths will therefore allow us to identify much more precisely the origin of the aerosols 

observed by the lidar. This information will also help deconvolute mixture cases, allowing us 

to identify much more accurately the mixing ratio of each aerosol type in a given layer. 

Eventually, the investigation of fluorescence signals in clouds would be easier with LIFE. The 

main benefit being its increased laser power, allowing it to penetrate in thicker liquid clouds, 

permitting the investigation of more diverse situations. The use of different fluorescence 

wavelengths will also be greatly beneficial, allowing us to have much more complex 

information about the aerosols in clouds. For example, it could be possible to investigate the 

occurrence of chemical reactions involving the fluorophores as such reactions are expected to 

impact the fluorescence spectra. This instrument is therefore expected to give many 

opportunities regarding the study of fluorescence in clouds. 
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Figure Appendix 3.1:  Silhouette coefficient from K-Means partitions on the training set 
containing all available data from 2021 and 2022, for a number of clusters ranging from 3 to 

8 

 

Figure Appendix 3.2: Silhouette coefficient from K-Means partitions on the training set 
containing data without the boundary layer from 2021, 2022 and 2023, for a number of 

clusters ranging from 3 to 8 
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Figure Appendix 3.3: Silhouette coefficient from K-Means partitions on the training set 
containing data without the boundary layer from 2022 and 2023, for a number of clusters 

ranging from 3 to 8 

 

Figure Appendix 3.4: Silhouette coefficient from K-Means partitions on the training set 
containing hand-selected data of pure cases, for a number of clusters ranging from 3 to 8 
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Figure Appendix 3.5: Silhouette coefficient from K-Means partitions for a number of clusters 
ranging from 3 to 8 on the sections of the training set (a) cases with RH < 60 %, (b) 60 % < 

RH < 80 %, (c) RH > 80 % 
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Figure Appendix 3.6: 100 hours backward trajectory at 1500 m above ground level at 03:00 
UTC on 16 March 2022 
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Figure Appendix 3.7: 100 hours backward trajectory at 2500 m above ground level at 02:00 
UTC on 12 April 2022 

 

Figure Appendix 3.8: (a) Violin plots and (b) Box plots of averaged altitudes above the 
ground in function of the aerosol type for all available data from 2021 to 2023 between 

ground and 15 km above ground level 



Appendix A: supplementary material 
 

164 
 

 

Figure Appendix 4.1: 10 hours backward trajectories computed for the boundary layer during 
the night of 9 to 10 March 2021 at 800 m, 1000 m, and 1300 m, at 22:00 UTC 
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Figure Appendix 4.2: 10 hours backward trajectories computed for the boundary layer during 
the night of 15 to 16 April 2021 at 1000 m, 1200 m, and 1450 m, at 01:00 UTC 
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Abstract. This study focuses on the characterization of
aerosol hygroscopicity using remote sensing techniques. We
employ a Mie–Raman–fluorescence lidar (Lille Lidar for At-
mospheric Study, LILAS), developed at the ATOLL plat-
form, Laboratoire d’Optique Atmosphérique, Lille, France,
in combination with the RPG-HATPRO-G5 microwave ra-
diometer to enable continuous aerosol and water vapor mon-
itoring. We identify hygroscopic growth cases when an
aerosol layer exhibits an increase in both aerosol backscat-
tering coefficient and relative humidity. By examining the
fluorescence backscattering coefficient, which remains un-
affected by the presence of water vapor, the potential tem-
perature, and the absolute humidity, we verify the homo-
geneity of the aerosol layer. Consequently, the change in the
backscattering coefficient is solely attributed to water up-
take. The Hänel theory is employed to describe the evolu-
tion of the backscattering coefficient with relative humid-
ity and introduces a hygroscopic coefficient, γ , which de-
pends on the aerosol type. The particularity of this method
revolves around the use of the fluorescence which is em-
ployed to take into account and correct the aerosol concen-
tration variations in the layer. Case studies conducted on
29 July and 9 March 2021 examine, respectively, an urban
and a smoke aerosol layer. For the urban case, γ is estimated
as 0.47± 0.03 at 532 nm; as for the smoke case, the estima-
tion of γ is 0.5± 0.3. These values align with those reported
in the literature for urban and smoke particles. Our find-
ings highlight the efficiency of the Mie–Raman–fluorescence
lidar and microwave radiometer synergy in characterizing

aerosol hygroscopicity. The results contribute to advance our
understanding of atmospheric processes, aerosol–cloud inter-
actions, and climate modeling.

1 Introduction

Aerosols play a crucial role in our understanding of climate
dynamics. Their impact on the radiation budget is classi-
fied into direct and semi-direct effects (Hansen et al., 1997;
Thorsen et al., 2020), with additional contributions arising
from aerosol–cloud interactions, commonly known as in-
direct effects. Certain aerosols can act as cloud condensa-
tion nuclei (CCN) or ice nucleating particle (INP), altering
cloud properties including albedo and lifetime (Twomey and
Warner, 1967). These complex processes remain significant
challenges in the interpretation of the Earth energy balance.
To advance our comprehension of aerosol–cloud interactions
is crucial for improving climate models and accurately ac-
counting for their influence on the energy balance of our
planet. A key process in the understanding of these interac-
tions is hygroscopic growth, which consists in aerosol uptake
of water vapor in high relative humidity (RH) conditions, re-
sulting in changes in size and, in some cases, chemical com-
position (Hänel, 1976). Hygroscopic growth efficiency varies
depending on the aerosol type, with hydrophobic aerosols
like dust and hydrophilic aerosols like marine particles (Chen
et al., 2019, 2020). This variability is linked to their poten-
tial as CCN and INP, highlighting the importance of under-
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standing the hygroscopic properties of aerosols (Dusek et
al., 2006).

Hygroscopic growth properties of aerosols can be ef-
fectively investigated using a range of instruments. Tradi-
tionally, humidified nephelometers and spectrometers have
been widely used to study aerosol hygroscopicity (Covert
et al., 1972; Burgos et al., 2019). However, active remote
sensing systems have tended to appear more advantageous
since the last decade, as they allow us to measure with
high vertical and temporal resolution without interfering
with the observed system. Lidars, in particular, have gained
prominence in remotely studying these properties (Fein-
gold and Morley, 2003; Fernández et al., 2015; Granados-
Muñoz et al., 2015; Zieger et al., 2015; Navas-Guzmán et
al., 2019; Dawson et al., 2020; Düsing et al., 2021; Sicard
et al., 2022, etc.) and offer several advantages compared
to other methods. In particular, lidars provide high ver-
tical and temporal resolution, allowing for detailed anal-
ysis of aerosol characteristics. Moreover, lidars offer the
unique capability of simultaneously measuring aerosol prop-
erties and water vapor mixing ratio using a single instru-
ment. At the Laboratoire d’Optique Atmosphérique (LOA)
in Lille, France, the ATOLL platform (ATmospheric Obser-
vations in LiLLe) features a Mie–Raman–fluorescence li-
dar (Lille Lidar for Atmospheric Study, LILAS) employed
in the frame of EARLINET/ACTRIS-FR (European Aerosol
Research Lidar Network/Aerosols, Clouds, and Trace Gases
Research Infrastructure – France). This multiwavelength li-
dar system measures elastic, depolarized, and Raman sig-
nals, providing comprehensive information on aerosol prop-
erties and water vapor. Additionally, LILAS captures aerosol
fluorescence signal at 466 nm, which is triggered by the li-
dar UV wavelength at 355 nm. The fluorescence signal pos-
sesses distinctive characteristics that contribute to its util-
ity in aerosol studies. Its intensity correlates with aerosol
concentration and type, with biological aerosols like pollen
or biomass burning smoke exhibiting higher fluorescence,
while pure dust or urban aerosols demonstrate lower flu-
orescence. Furthermore, the fluorescence signal at 466 nm
does not arise from pure water, enabling the extraction of
aerosol-specific information without the influence of water
vapor, which proves to be essential in studying aerosol hy-
groscopic growth (Veselovskii et al., 2020). In combination
with an RPG-HATPRO-G5 microwave radiometer, also part
of the ATOLL platform, it is possible to monitor both aerosol
characteristics and water vapor, allowing us to study aerosol
hygroscopicity.

The first part of this paper introduces the instruments and
outlines a novel method for the study of aerosol hygroscopic
growth using LILAS measurements. Following the instru-
ment and method description, case studies are presented to
demonstrate the efficiency and potential of the proposed ap-
proach. These case studies illustrate the practical implemen-
tation and feasibility of this innovative methodology, high-
lighting the added value brought by aerosol fluorescence

measurement in offering valuable insights into the hygro-
scopic growth characteristics of these aerosols. Finally, the
paper concludes with a summary of the findings and offers
comments on the obtained results. The conclusions will also
discuss the potential further advancements and applications
of the developed method, emphasizing its importance in en-
hancing our understanding of hygroscopic growth phenom-
ena and its broader implications for atmospheric research.

2 Instrumentation and methodology

2.1 Experimental setup and data treatment

All the measurements presented in this paper were performed
at the ATOLL platform in Lille (50.611° N, 3.138° E). The
first instrument used in this study is the lidar LILAS. Its emis-
sion component consists of a tripled Nd:YAG laser operating
at a repetition rate of 20 Hz, with a pulse energy of 70 mJ at
355 nm. The lidar system is configured in the 3β + 2α+ 3δ
arrangement, meaning that it measures the elastic backscatter
coefficient at three wavelengths (355, 532, and 1064 nm); it
also measures the extinction at 355 and 532 nm, as well as the
volume depolarization ratios for these wavelengths. This in-
strument also includes an additional channel for aerosol flu-
orescence detection, featuring a dedicated interference filter
centered at 466 nm with a width of 44 nm. For this study, the
aerosol elastic backscatter coefficients (β) and the particulate
linear depolarization ratio (PLDR) were computed at 532 nm
from a Mie–Raman observation (Ansmann et al., 1992), due
to the high signal-to-noise ratio at this wavelength in com-
parison with the two others. Furthermore, the detection part
of the lidar includes a channel specifically designed to mea-
sure the vibrational–rotational Raman scattering of water at
408 nm, allowing for the retrieval of water vapor mixing ra-
tio profiles (Ansmann et al., 1992; Whiteman et al., 1992).
The obtained profiles were acquired during nighttime only
and averaged over a period of 60 min. General details about
the system can be found in Hu et al. (2018) and Veselovskii
et al. (2020).

The proximity of the ATOLL platform to the airport pro-
hibits the use of radiosounding. This poses a challenge for the
inversion of water vapor using the LILAS lidar, as the com-
putation of the instrumental constant requires a reference.
Moreover, radiosoundings traditionally provide temperature
profiles which are crucial for calculating RH but are difficult
to obtain otherwise.

The second instrument used in this study is the RPG-
HATPRO-G5 microwave radiometer, developed by RPG Ra-
diometer Physics GmbH and present at the ATOLL platform,
which provides integrated information like integrated water
vapor content (IWV) or liquid water content (LWC) but also
uses an integrated neural network model to retrieve atmo-
spheric profiles of temperature, humidity, and liquid water. In
situ sensors allow for ground level measurement of temper-
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ature, humidity, and pressure. Finally, an infrared radiome-
ter extension allows us to detect cloud base height and ice
clouds. Data are acquired at high temporal resolution (every
10 min), and profiles range from the ground to 10 km (Louf
et al., 2015).

This instrument has been considered to compensate for the
lack of radiosounding measurement at the ATOLL platform
for the calibration of the lidar water vapor measurement. Un-
fortunately, after considering using the radiometer humidity
and temperature profiles for the lidar calibration, these ones
turned out to be insufficiently accurate.

Consequently, temperature profiles from the ERA5 reanal-
ysis database were also collected, and the IWV measurement
of the radiometer has been used to calibrate the lidar.

In order to compute the instrumental constant necessary
for the lidar water vapor calibration, the radiometer IWV has
been compared to the integral of absolute humidity (AH) be-
tween the ground and 6 km height (above which humidity
is negligible), as derived from the lidar-measured water va-
por mixing ratio and the ERA5 temperature. Following the
calibration procedure described in Foth et al. (2015), the cal-
ibration constant of the instrument is determined as the ratio
between IWV and the integral value. The calibrated water
vapor mixing ratio can be computed with

xH2O(h)= x′H2O(h)IWV
[∫ zmax

0
x′H2O(h)

P (h)

RaT (h)
dh
]−1

, (1)

where h is the height, xH2O(h) and x′H2O(h) are the cali-
brated and not-calibrated water vapor mixing ratios, respec-
tively, zmax is equal to 6 km, P is the atmospheric pressure
estimated with the hydrostatic approximation, Ra is the air
perfect gas constant, and T is the temperature (all given in
the International System of units). The calibration has been
exclusively conducted under clear-sky conditions and taking
into account the signal-to-noise ratio of the lidar’s water va-
por mixing ratio; if the signal-to-noise ratio on the profile is
lower than 3, then the calibration constant is not computed.
This threshold has been determined to ensure both data qual-
ity and a sufficient number of calibration constant computa-
tions. An interpolation has then been performed to estimate
the calibration constants of cloudy and noisy situations.

2.2 Hygroscopic growth identification and study

In order to identify and analyze hygroscopic growth cases, a
widely used method consists of searching for a homogeneous
aerosol layer that spans either in time or altitude. When RH
and elastic backscatter coefficient both increase, or decrease,
it serves as a key indicator of hygroscopic growth. In the
case of a homogeneous aerosol layer, the elastic backscat-
ter coefficient evolution can then be attributed only to hygro-
scopic growth. This approach enables us to relate the elas-
tic backscatter coefficient and RH, characterizing the hygro-
scopic properties of the considered aerosol particles.

The verification of the homogeneous nature of the con-
sidered aerosol layer is generally performed by investigating
two key variables, absolute humidity, and potential temper-
ature. Absolute humidity is investigated in order to identify
any changes in the air mass that would lead to a change in the
absolute humidity. A constant or decreasing potential tem-
perature means that strong mixing is occurring within the
layer, thus supporting the idea that the layer is homogeneous
(Granados-Muñoz et al., 2015; Navas-Guzmán et al., 2019;
Sicard et al., 2022).

The focus of this paper deals with the valuable insights
provided by βfluo. As stated in Veselovskii et al. (2020), a
fluorescence signal emitted by aerosols at around 466 nm is
not expected to be impacted by the presence of water, as pure
water does not fluoresce. Therefore, by assuming that hygro-
scopic growth does not impact aerosol fluorescence and that
the aerosol mixing state remains the same in the considered
layer, βfluo becomes a reliable proxy for monitoring the con-
centration of dry material within the aerosol layer. Under the
hypothesis of a constant aerosol mixture and chemical com-
position in the layer, normalizing β532 by βfluo enables the
study of hygroscopic growth properties while also account-
ing for any possible changes in aerosol concentration within
the layer.

Once the hygroscopic growth case has been identified,
it becomes possible to examine the correlations between
aerosol optical properties and RH. In this paper, particular
attention has been given in the investigation of β532. In or-
der to explore this correlation efficiently, the Hänel param-
eterization has been used to express the changes in β532 as
a function of RH. It introduces a parameter γ , known as the
hygroscopic growth factor, which depends on the wavelength
and the type of aerosol (Hänel, 1976). The Hänel parameter-
ization is represented by

β532 (RH)
β532 (RHref)

=

(
100−RH

100−RHref

)−γ
, (2)

where RHref is the reference relative humidity. From this
parameterization, it is possible to use βfluo to account for
aerosol concentration changes within the layer by normal-
izing β532, so that

β532 (RH)
β532 (RHref)

βfluo (RHref)

βfluo (RH)
=

(
100−RH

100−RHref

)−γ
. (3)

We obtain an accurate estimation of the hygroscopic param-
eter γ by fitting the variation of β532 with respect to RH to
the function as follows:

β532 (RH)= β532 (RHmin)
βfluo (RH)
βfluo (RHmin)

(
100−RH

100−RHmin

)−γ
, (4)

where RHmin represents the minimum relative humidity ob-
served within the analyzed aerosol layer. Subsequently, the
estimations of γ values can be compared to hygroscopic
growth parameter estimations from previous studies, the type
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Figure 1. Schematic empirical aerosol typing repartition in function
of the depolarization (PLDR) and fluorescence capacity (adapted
from Veselovskii et al., 2022).

of the aerosol can be estimated from the optical properties,
mainly its fluorescence capacity (the ratio between the flu-
orescence and elastic backscatter coefficients), and PLDR
(Veselovskii et al., 2022) as shown Fig. 1. This comparative
analysis offers valuable insights into how the hygroscopic
growth of aerosols relates to their specific compositions and
sources, contributing to a deeper understanding of aerosol
behavior in changing environmental conditions.

3 Results and discussions

In order to experiment the potential of the hygroscopic
growth study approach, this method has been tested on two
potential hygroscopic growth cases, with the first occurring
during 29 July 2021, averaged from 22:00 to 23:00 UTC, and
the second occurring during 9 March 2021, averaged from
21:00 to 22:00 UTC.

3.1 Hygroscopic growth study during the event on
29 July 2021 from 22:00 to 23:00 UTC

Figure 2 shows the profiles of the different measurements for
the case study of 29 July 2021. In this particular scenario,
both the water vapor mixing ratio and potential temperature
exhibit relative stability, which are the two criteria commonly
used to assess that the considered aerosol layer, are homo-
geneous (Granados-Muñoz et al., 2015; Navas-Guzmán et
al., 2019; Sicard et al., 2022). Even though the potential tem-
perature is derived from ERA5 reanalysis temperature pro-
files rather than direct measurements, this still provides a
strong indication of the aerosol layer homogeneity. More-
over, βfluo does not show strong variations within the defined
region (the standard deviation of βfluo in the considered layer
is about 10 % of the average), further supporting this conclu-
sion.

Conversely, there is an increase in both β532 and RH, sug-
gesting a potential case of hygroscopic growth. RH rises

from 74 % to 96 %, which is a significant growth and strongly
supports the hypothesis that hygroscopic growth occurs.
Last, depolarization is not expected to decrease as it is al-
ready low, even if hygroscopic growth occurs.

Finally, it is possible to estimate the aerosol type of the
considered layer by looking at its optical properties. Figure 3
shows the scatterplot of the PLDR at 532 nm and the fluores-
cence capacity, which is here the ratio between βfluo and β532.
The considered aerosol layer exhibits low PLDR, as well as
low fluorescence capacity characteristics, that allow it to be
identified as an urban aerosol layer.

Figure 4 presents the outcomes of the fitting process for
the relationship between β532 and RH using the Hänel pa-
rameterization. These results indicate a good fit to the Hänel
parameterization in this particular case, as evidenced by the
determination coefficient being close to 1 (R2

= 0.91). How-
ever, the estimated value of γ , which is expected to fall
between 0.3 and 0.5 for a case of urban particles (Navas-
Guzmán et al., 2019), is equal to 0.31 in this instance, which
is very close to the lower limit for this type of aerosol. It also
comes along with a slight divergence between the fit and the
data, especially at high RH.

Several factors may contribute to the deterioration of the
results and explain the low value of γ . First, it is possible
that, in this case, there is merely no significant hygroscopic
growth occurring for this particular type of aerosol within
the observed range of RH. However, given the substantial
RH variation, starting at 74 % and reaching up to 96 %, this
hypothesis becomes less plausible.

Second, it is possible that the main assumption on which
this parameterization lies, i.e., constant aerosol concentration
within the observed layer, may not hold true. Even with sta-
ble potential temperature and water vapor mixing ratio, there
is a possibility that the aerosol concentration varies within the
designated area, especially considering that potential temper-
ature is derived from ERA5 reanalysis profiles and not di-
rectly measured. This potential aerosol concentration varia-
tion could potentially account for the low estimation of the
hygroscopic growth factor.

In order to investigate this, we can assume that aerosol
mixing remains constant within the study area and that βfluo
varies solely with changes in aerosol concentration. In doing
so, it becomes possible to normalize β532 based on variations
in aerosol concentration according to

β532 (RH)= β532 (RH)
βfluo (RHmin)

βfluo(RH)
. (5)

Here, β532(RH) is the normalized elastic backscatter coeffi-
cient, and βfluo (RHmin) is βfluo at the minimum value of RH
in the studied area.

It is now possible to apply the Hänel parameterization to
β532 instead of β532 in order to take into account the aerosol
concentration variations within the layer and assess whether
this normalization yields improved results.
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Figure 2. Profile of retrieved optical properties as a function of altitude above ground level. (a) Water vapor mixing ratio [g kg−1] and
potential temperature [K], (b) elastic backscatter coefficient at 532 nm [m(−1) sr(−1)] and RH, and (c) fluorescence backscatter coefficient
at 466 nm [m(−1) sr(−1)] and PLDR at 532 nm on 29 July 2021 from 22:00 to 23:00 UTC. The dashed black lines identify the area where
hygroscopic growth is expected to occur.

Figure 3. Fluorescence capacity (βfluo/β532) and PLDR at 532 nm
between 1000 and 1500 m above ground level on 29 July 2021 from
22:00 to 23:00 UTC, characteristic of an urban aerosol layer.

The relationship between β532 and RH, along with its fit
to the Hänel parameterization presented in Fig. 5, demon-
strates a significantly improved fit to the Hänel parame-
terization, with a notably higher determination coefficient
(R2
= 0.98 instead of 0.91). Furthermore, the estimation of

γ is found to be equal to 0.47± 0.03, falling precisely within
the range of estimations conducted at 532 nm by previous
studies (Navas-Guzmán et al., 2019; Sicard et al., 2022).
These findings support the hypothesis that aerosol concentra-
tion varies within the aerosol layer and that such fluctuations
are traceable through βfluo, corroborating the efficiency of
the presented approach for investigating hygroscopic growth
phenomena.

Figure 4. Evolution of the elastic backscatter coefficient at 532 nm
as a function of RH on 29 July 2021 from 22:00 to 23:00 UTC be-
tween 1000 and 1500 m above ground level and the results of the fit
to the Hänel parameterization.

3.2 Hygroscopic growth study during the event on
9 March from 21:00 to 22:00 UTC

Another case study can be presented to further support the
validity of this approach. It is the case occurring on 9 March
2021 and averaged between 21:00 and 22:00 UTC.

Figure 6 shows the profiles of the different measurements
for the case study on 9 March 2021. In this situation, both
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Figure 5. Evolution of the normalized elastic backscatter coefficient
at 532 nm (normalized with fluorescence backscatter coefficient) as
a function of RH on 29 July 2021 from 22:00 to 23:00 UTC between
1000 and 1500 m above ground level and the results of the fit to the
Hänel parameterization.

the water vapor mixing ratio and the potential temperature
are relatively stable in the layer (potential temperature vari-
ations remain under 2 K, and the water vapor mixing ratio
variations remain under 1 g kg−1), indicating a good mixing
in the considered layer. An increase in both RH and β532 can
also be noticed. On the other hand, there are fluctuations of
βfluo, mostly in the lower part of the layer, and the PLDR re-
mains stable, but once again, given its already low value, it is
not expected to decrease with hygroscopic growth. These el-
ements together indicate that a hygroscopic growth scenario
is most likely to occur in this layer.

The aerosol type can be investigated once again by look-
ing at the fluorescence capacity and the PLDR. Both are rep-
resented Fig. 7 and show characteristics indicating that the
aerosol layer comes from biomass burning smoke with low
PLDR and strong fluorescence. Something worth noticing,
however, is the low value of the fluorescence capacity. In-
deed, the fluorescence capacity is the ratio between fluores-
cence backscatter coefficient and elastic backscatter coeffi-
cient. While the first is expected to remain stable with hy-
groscopic growth, the second increases in a high-humidity
condition, consequently decreasing the fluorescence capac-
ity and potentially leading to misclassification as indicated
in Veselovskii et al. (2020). In this case, however, it is still
possible to identify the biomass burning smoke aerosol layer.

The results of the fit to the Hänel parameterization on both
β532 and β532 (shown in Fig. 8) indicate a significant im-
provement brought by the normalization with the fluores-
cence. Without this process, the fit to the Hänel parameter-

ization is extremely poor, with R2
=−0.06. Furthermore,

the estimation of the hygroscopic growth parameter is much
lower than expected (γ = 0.1± 0.3), while the value is ex-
pected to fall around 0.5 at 532 nm for smoke aerosols ac-
cording to Gomez et al. (2018). On the other hand, using
the information given by the fluorescence to normalize the
elastic backscatter coefficient, it is possible to obtain a much
better fit to the Hänel parameterization, with R2

= 0.93 and
a better estimation of the hygroscopic growth parameter,
with γ = 0.5± 0.3 falling in the expected range for smoke
aerosols. These findings suggest that it is indeed possible to
use βfluo to correct the variation in the aerosol concentration
within the aerosol layer to study hygroscopic growth. The
only drawback of this case lies in its high uncertainty.

An explanation for this high uncertainty could be instru-
mental noise, the span of RH covered being narrower than
the first presented case (RH varying from 77.8 % to 87.6 %),
or even the atmospheric variability being more important in
this situation. Nevertheless, the point demonstrated in this
analysis relies in the utility of the fluorescence correction for
the hygroscopic factor estimation which is well emphasized
here.

The influence of a shift in RH on γ has also been exam-
ined. For the case on 9 March 2021, when a bias of minus
0.1 is manually introduced to the RH, the corresponding γ
estimation becomes 0.82, while a positive bias of 0.1 in RH
results in a γ value of 0.23. The estimation of RH is based
on both measurement from LILAS and the radiometer but
also on ERA5 reanalysis data, which heavily rely on com-
putational models. While this estimation provides valuable
insights, it inherently introduces a level of uncertainty to the
results. It is anticipated that the uncertainty associated with
this estimation falls within the range of 10 %. The estimation
of γ and the conclusions drawn from this estimation should
then be considered with caution. Future studies might focus
on refining the methods used for RH estimation, aiming at
minimizing this inherent uncertainty and enhancing the ac-
curacy of these findings. However, even if a shift in RH intro-
duces high variability in γ , the determination coefficient R2

remains almost unchanged (R2
= 0.92 when RH is decreased

by 0.1 and R2
= 0.91 for a 0.1 increase), meaning that the

conclusions drawn on the use of the fluorescence correction
are still valid in spite of the uncertainty in RH.

4 Conclusion

In this article, we have examined the possibility of using
LILAS data for aerosol hygroscopic growth studies. The cal-
ibration of LILAS’s water vapor channel has been addressed
using thermodynamic data from the RPG-HATPRO-G5 mi-
crowave radiometer and temperature data from ERA5 reanal-
ysis. A new approach to analyze aerosol hygroscopicity, re-
lying on the fluorescence profiles measured by LILAS, has
been developed and tested on two situations.

Atmos. Meas. Tech., 17, 3367–3375, 2024 https://doi.org/10.5194/amt-17-3367-2024



R. Miri et al.: Hygroscopic growth study from lidar–radiometer synergy 3373

Figure 6. Profile of retrieved optical properties as a function of altitude above ground level. (a) Water vapor mixing ratio [g kg−1] and
potential temperature [K], (b) elastic backscatter coefficient at 532 nm [1 m(−1) sr(−1)] and RH, (c) fluorescence backscatter coefficient at
466 nm [1 m(−1) sr(−1)] and PLDR at 532 nm on 9 March 2021 from 21:00 to 22:00 UTC. The dashed black lines identify the area where
hygroscopic growth is expected to occur.

Figure 7. Fluorescence capacity (βfluo/β532) and PLDR at 532 nm
between 850 and 1280 m above ground level on 9 March 2021 from
21:00 to 22:00 UTC, characteristic of a biomass burning smoke
aerosol layer.

The unique feature of the method presented in this arti-
cle hinges on its use of the fluorescence backscatter coeffi-
cient. This coefficient serves as a weighting factor in track-
ing the evolution of aerosol concentration within the aerosol
layer. Consequently, it leads to a significantly improved rep-
resentation of the hygroscopic state evolution of the aerosols,
thereby enhancing the characterization of the Hänel hygro-
scopic coefficient, γ . To validate this approach, evaluations
were performed on two cases from July and March 2021,
yielding promising results and highlighting the value brought
by the fluorescence backscatter coefficient measurement with
the lidar. In the first case, an estimation of γ of 0.47± 0.03
with the fluorescence correction fell in the expected range

of the hygroscopic growth parameter for urban aerosols at
532 nm. In the second case, the estimation of γ is 0.5± 0.3,
which, despite the higher uncertainty, is in the expected value
for smoke particles at 532 nm and, most importantly, is a
great improvement compared to the estimation carried on
without the fluorescence correction.

In order to further increase the accuracy of our results,
this method could be applied to a site featuring both fluores-
cence lidar measurement, as well as radiosoundings, in order
to better estimate RH, a variable that significantly influences
γ estimation and which is really complicated to estimate ac-
curately otherwise. Based on the presented approach, values
of γ can be calculated for various types of aerosols, and the
assessment of the relationship between γ and aerosol optical
properties like PLDR or fluorescence capacity can be consid-
ered. These relationships are expected to provide valuable in-
sights for modeling interactions between aerosols and water
vapor, serving as an initial step in studying aerosol–cloud in-
teractions (Dusek et al., 2006; Petters and Kreideweis, 2007).

However, a current limitation of the present work arises in
the identification of hygroscopic growth cases (which is done
manually). Future efforts could focus on automatically iden-
tifying hygroscopic growth cases using lidar measurements,
simplifying the study of γ dependency with aerosol parame-
ters in a large number of situations (Gysel et al., 2007). From
this perspective, an automatic classification method is also
currently being developed, using a clustering approach, in
order to automatically classify aerosol layers based on their
optical properties, as well as thermodynamic parameters, ac-
counting for humidity impact on the fluorescence capacity,
as illustrated in the analysis of Fig. 7.
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Figure 8. Evolution of the elastic backscatter coefficient at 532 nm (a) without normalization and (b) with normalization with the fluorescence
backscatter coefficient and as a function of RH on 9 March 2021 from 21:00 to 22:00 UTC between 850 and 1280 m above ground level and
the results of the fit to the Hänel parameterization.

Furthermore, the hygroscopic growth study will be
adapted and improved for the LIFE lidar (laser-induced flu-
orescence explorer), which is anticipated to be operational
by 2024. This upcoming lidar system is set to have more
power and include additional fluorescence channels, thereby
increasing the amount of information available, which will
significantly enhance the retrieval performance.
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Résumé de la thèse 
 
Cette thèse explore l'utilisation des signaux de fluorescence mesurés par le lidar LILAS pour 
étudier les aérosols et leurs interactions avec la vapeur d'eau et les nuages. D'abord, un algorithme 
de classification automatique des aérosols, basé sur un modèle d'apprentissage automatique, a été 
développé. Ensuite, la fluorescence a été exploitée pour améliorer l'estimation des propriétés 
hygroscopiques des aérosols. Indépendante de la présence d'eau, la fluorescence permet de suivre 
la concentration d'un aérosol, permettant d’en compenser les variations pour une meilleure 
détermination des propriétés hygroscopiques. Enfin, le sujet des signaux de fluorescence dans les 
nuages a été abordé. Une méthode est proposée pour extraire des informations sur les aérosols 
présents dans la couche nuageuse à partir de leurs signaux de fluorescence. Cette inversion 
comporte de grandes incertitudes et repose sur des hypothèses fortes, mais elle offre une 
perspective prometteuse pour l'étude des aérosols en conditions nuageuses.  
 
Mots-clés : Télédétection, Aérosols, Nuages, Lidar 

 
 

Summary of the thesis 
 
This thesis explores the use of fluorescence signals measured by the LILAS lidar to study aerosols 
and their interactions with water vapor and clouds. First, an automatic aerosol classification 
algorithm based on a machine learning model was developed. Next, fluorescence was utilized to 
improve the estimation of aerosol hygroscopic properties. Independent of the presence of water, 
fluorescence allows for tracking aerosol concentration, which helps compensate for variations and 
thus better determine hygroscopic properties. Finally, the topic of fluorescence signals in clouds 
was addressed. A method is proposed to extract information about aerosols within the cloud layer 
based on their fluorescence signals. While this inversion involves significant uncertainties and 
relies on strong assumptions, it offers a promising perspective for studying aerosols in cloudy 
conditions. 
 

 
Key words : Remote sensing, Aerosols, Clouds, Lidar 
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