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Summary

This thesis presents a new method for the continuous observation of aerosol
cloud interactions with groundbased remote sensing instruments. The described
method is based on the measurements from UV lidar, radar and radiometer. All of
those instruments are capable of obtaining continuous, highresolution measure
ments. In order to facilitate its easy implementation to measuring sites the method
is based on a standardized Cloudnet data format. The main goal is to monitor the
change in the cloud droplet concentration, as obtained from the measurements by
cloud radar and radiometer, to then compare it to the aerosol background below
the cloud, represented by the attenuated backscatter measured by UV lidar. The
response of the cloud to the aerosol background can best be measured when the
amount of available water is kept constant. Hence the measurements from the
radiometer, specifically the derived liquid water path (LWP), which is used to con
strain the cloud response. Based on the value of the LWP, analyzed data is divided
into bins and for each of these the relation between cloud droplet effective radius
and integrated value of the attenuated backscatter are calculated. This metric is
called ACIr and is used to describe the strength of the relation between the clouds
microphysical properties and the aerosol background below the cloud. The method
was first tested and applied to pristine marine clouds as measured at the Graciosa
Island in the Azores. The application was then extended to the Cabauw site lo
cated in the Netherlands. On both sites a decrease in the cloud size was observed
in combination with a simultaneous increase of the aerosol loading below the cloud.
This relation was particularly strong for a mid range of the LWP, between 40 and
60 gm2 LWP for the cases from Azores and between 60 and 105 gm2 for the cases
from the Netherlands. These results indicate that the process of aerosolcloud in
teractions is a predominant one only under those conditions where a mid amount
of water is available. When the amount of available water is less than 40 gm2 this
process is harder to observe, due to the initial stage of cloud formation. In the case
of LWP above 105 gm2 other cloud processes, such as collision and coalescence,
seem to be predominant. The results from the analysis of the Cabauw dataset,
which was the more extensive dataset, also made clear that updraft within the
cloud plays a significant role in invigorating aerosol particles into becoming cloud
droplets. A possible extension of the presented method includes obtaining optical
cloud extinction from the UV lidar measurements. The presented retrieval method
can obtain very reliable results when compared to the simulated results. Hence
the cloud optical extinction can be used as a proxy of the cloud properties and the
described method of monitoring aerosolcloud interactions can be applied to mea
surement sites where only UV lidar and radiometer are present. This thesis shows
that groundbased remote sensing instruments used in synergy can efficiently and
continuously monitor aerosol–cloud interactions.
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Samenvatting

Dit proefschrift stelt een nieuwe methodiek voor die bestaat uit de continue
monitoring van aërosolwolk interacties door teledetectie vanaf de grond. De me
thode is gebaseerd op de metingen van UVlidar, radar en een radiometer. Deze
instrumenten kunnen voortdurend en met een hoge resolutie metingen doen. Om
een   implementatie van de methode eenvoudig in te kunnen voeren op de meetlo
caties is de methode gebaseerd op een gestandaardiseerd Cloudnet dataformaat.
Het primaire doel van de methode is om de verandering in de concentratie van
de wolkendruppels, zoals verkregen uit de metingen met een wolken radar en de
radiometer, te volgen en deze te vergelijken met de aërosolbackground onder de
wolk, verkregen door middel van de attenuated backscatter zoals gemeten door
UVlidar. De reactie van de wolk op de aerosolbackground kan het beste worden
gemeten wanneer de hoeveelheid beschikbaar water constant is. Hiertoe worden
de metingen van de radiometer, met name van het liquid water path (LWP), gebruikt
om de wolkrespons vast te zetten. Op basis van de waarde van het geanalyseerde
LWP worden de gegevens verdeeld in databereiken. Voor elk bereik wordt de re
latie tussen de effectieve straal van de wolkendruppel en de geïntegreerde waarde
van de attenuated backscatter berekend. Deze statistiek wordt ACIr genoemd en
wordt gebruikt om de sterkte van de relatie tussen de microfysische eigenschappen
van de wolk en de aërosolbackground onder de wolk te definiëren. De methodiek
is voor het eerst getest en toegepast op ongerepte zeewolken, zoals gemeten op
het Graciosaeiland, onderdeel van de Azoren. De methodiek is hierna verder toe
gepast op de Cabauwsite in Nederland. Op beide sites werd een afname van de
wolkgrootte waargenomen met een gelijktijdige toename van de aerosolbelasting
onder de wolk. Deze relatie was bijzonder sterk voor een middenbereik van de
LWP, te weten tussen 40 en 60 g 2 LWP voor de metingen uit de Azoren en tussen
60 en 105 gm2 voor de resultaten in Nederland. Deze resultaten geven aan dat het
proces van aërosolwolkinteracties alleen de overhand heeft in die omstandigheden
waarin een gemiddelde hoeveelheid water beschikbaar is. Wanneer de hoeveelheid
beschikbaar water minder is dan 40 gm2, is dit proces lastiger te observeren van
wege de beginfase van wolkenvorming. Wanneer het LWP 105 gm textscript 2
overstijgt, lijken andere processen binnen de wolk, zoals botsing en coalescentie,
overheersend te zijn. Uit de resultaten van de analyse van de Cabauwdataset,
die de uitgebreidere dataset van de twee heeft opgeleverd, werd ook duidelijk
dat opwaartse luchtstroom in de wolk een belangrijke rol speelt bij het stimule
ren van aerosols tot druppels. Een mogelijke uitbreiding van de gepresenteerde
methode omvat het verkrijgen van optische wolkuitdoving uit de UVlidarmetingen.
De methodiek kan zeer betrouwbare resultaten opleveren, met nauwe overeen
komsten met de gesimuleerde resultaten. Hierdoor kan de optische extinctie van
de wolk worden gebruikt als een proxy van de eigenschappen van de wolk en kan
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de beschreven methode voor het bewaken van aërosolwolkinteracties ook worden
toegepast op meetlocaties waar alleen UVlidar en radiometers aanwezig zijn. Dit
proefschrift toont aan dat het synergetisch gebruik van teledetectieinstrumenten
vanaf de grond voortdurende en efficiënte monitoring van aërosolwolkinteracties
mogelijk maakt.



1
Introduction

1.1. Motivation
Global climate change is affecting people in more ways than ever. Quantifying

the rate of it is becoming of interest not only for the scientists, but also for policy
makers and the society in general. The Intergovernmental Panel on Climate Change
(IPCC) regularly summarises the scientific achievements and gaps in the scientific
progress of our understanding of those global changes. The importance of impact
of clouds and aerosols on climate has been underlined since the first Assessment
Report (AR1) published in 1990 [1]. The aim of this thesis is to propose a method to
evaluate the impact of aerosols on cloud formation. The main goal of this method
was to create a fast way of comparing the properties of the aerosols and clouds.
Using these evaluation instruments that are widely accessible. In this manner it
is possible to create a large area over which the method can be implemented.
The chosen instruments also needed to be able to operate continuously so that
the method can be used also for near real time monitoring of the aerosols and
cloud conditions. The final set of the instrument chosen for this method consisted
of lidar, radar and radiometer, all the instruments that are readily available in the
cloud observing sites of the ACTRIS (Aerosol, Clouds and Trace Gases Research
Infrastructure) network. With a wide geographical spread and continuous operation
this method aims to contribute to decreasing the uncertainties present in the climate
models due to the unaccounted for effect of aerosols and cloud interactions.

1.2. Aerosol  cloud interactions
1.2.1. What are aerosols?

Aerosols are a collection of solid or liquid particles suspended in a gaseous
medium. Aerosols can come from numerous sources and form through different
mechanisms, hence their chemical composition and size distribution vary greatly
[2]. Aerosols can be divided based on the source of their origin in the atmosphere:
those that are emitted directly to the atmosphere are known as the primary aerosol,
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and those produced from the precursor gases in the atmosphere are called sec
ondary. Primary aerosols are emitted into the atmosphere as particles. They can
be of both organic and inorganic nature. Inorganic primary aerosols come mostly
from sea spray, dust and volcanoes. They are relatively large (around 1 microm
eter) and have a short lifetime in the atmosphere, typically a couple of days. The
organic primary aerosols are mostly carbonaceous aerosol, organic carbon (OC) and
solid black carbon (BC). They come into the atmosphere through combustion, from
plant and microbial sources and through biomass burning. BC is the main primary
aerosols that can be traced to anthropogenic sources. It comes mainly from com
bustion of fossil fuels and biomass. Secondary aerosols appear in the atmosphere
from precursor gases through processes of condensation on preexisting particles
or by nucleation of new particles. They are composed of a mixture of compounds,
mainly sulphate, nitrate and OC. The main source of the precursor gases is the fossil
fuel combustion. The secondary contributors include biomass burning and emission
of volatile organic compounds (VOCs). Huge amounts of primary and secondary
aerosols can appear in the atmosphere through volcanic eruptions [3].

1.2.2. Influence of aerosols on climate
Direct effect

All types of aerosols present in the atmosphere scatter solar radiation. Some
of the aerosol, mainly BC, mineral dust and some of the OC also have the ability
to absorb solar radiation. The scattering aerosols influence climate by contributing
to the cooling effect, as they increase the amount of solar radiation that is being
reflected back from the Earth. Aerosols that are capable of strong absorption can
contribute to the warming effect on the climate. As the atmosphere contains a
mixture of both absorbing and scattering aerosol, their effect on the total Earth’s
energy budget varies depending on surface and cloud characteristics.

Indirect effects
Aerosols are indispensable for the process of cloud formation as they act as cloud

condensation nuclei (CCN) or ice nuclei (IN). In the condition when the amount of
liquid water content is fixed, an increase in CCN will lead to a formation of more
cloud droplets. Those droplets though will be smaller and will lead to a number
of cloud perturbations that may cause changes to the radiative budget. The main
mechanisms of the smaller droplet size are presented on Figure 1.1.

The constant advancement in our understanding of the interactions between
aerosols and clouds seems to be much more complex [5] than first reported cloud
albedo effect [6] and cloud lifetime effect [7]. We know that in some situations
the total radiative forcing of the cloud albedo effect (brightening of clouds due to
a smaller cloud droplet size and thus increased cloud albedo) might be buffered by
less cloud water being available in trade wind cumulus. In Stratocumulus clouds
smaller droplet size causes clouds not only to be brighter but also suppresses driz
zle, which further increases clouds cooling effect due to an increased lifetime of
clouds and hence overcast [8]. Aerosols influence also deep convective clouds by
transporting increased amounts of smaller ice particles to the anvils of such clouds.
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Figure 1.1: Effects of aerosols on the radiative properties of clouds. By nucleating a larger number of
smaller cloud drops, aerosols affect cloud radiative forcing in various ways. (A) Buffering in onprecipi
tating clouds. The smaller drops evaporate faster and cause more mixing of ambient air into the cloud
top, which further enhances evaporation. (B) Strong cooling. Pristine cloud cover breaks up by losing
water to rain that further cleanses the air in a positive feedback loop. Aerosols suppressing precipitation
prevent the breakup. (C) Larger and longerlasting cirrus clouds. By delaying precipitation, aerosols
can invigorate deep convective clouds and cause colder cloud tops that emit less thermal radiation. The
smaller ice particles induced by the pollution aerosols precipitate more slowly from the anvils. This can
cause larger and longerlasting cirrus clouds, with opposite effects in the thermal and solar radiation.
The net effect depends on the relative magnitudes [4].

The anvils become more expansive, higher and colder, which in turn leads to a
warming effect by emitting less thermal radiation to space [9]. As clouds are very
complex systems, it is difficult to account for those multiple effects, and the ma
jority of studies focus only on a subset of suspected effects, trying to isolate very
specific cases. In this study we focused on the effect of aerosols on the liquid water
clouds as first described by Twomey [10].

1.2.3. Understanding aerosols  cloud interactions
The microphysical process leading to cloud formation through the activation of

aerosols into cloud droplets is well described and understood [11]. Over the past
decade there were many studies trying to quantify the impact of increased aerosols
concentration on the cloud properties (e.g. [12, 13]). However when trying to
understand the influence of aerosols on the formation of the liquid water clouds
there are two major obstacles. First of them is the problem of entanglement of this
process with other clouds processes such as aerosols effect on cloud dynamics or
entrainment [14]. The second one is the mismatch between the scale at which the
observations are being performed and at which the process is taking place [15, 16].
Satellite observations of the process provide global coverage that is essential for
introducing the radiative forcing associated with aerosolcloud interactions into the
global climate models. Unfortunately observations of CCN with satellites are difficult
[17]. On the other hand, in situ measurements are costly and provide only sparse
samples, collected only during dedicated measurement campaigns. Groundbased
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remote sensing, despite its inherent uncertainties, provides longterm records col
lected from simultaneous measurements of clouds and aerosols background below
them.

1.3. This thesis
This thesis describes a method of monitoring aerosolcloud interactions (further

referred to as ACI method) with groundbased remote sensing instruments. It is
structured as follows:

• Chapter 2 defines a groundbased remote sensing scheme for monitoring
aerosol–cloud interactions. In this chapter the basic principles of the method
are laid down along with an application of the method to pristine marine
clouds.

• Chapter 3 describes a scheme for monitoring aerosol–cloud interactions at
the CESAR Observatory in the Netherlands. It utilizes the method described
in Chapter 2 2 and applies it to monitoring aerosolcloud interaction over land
in a continuous manner.

• Chapter 4 presents a method for estimating optical extinction of liquid wa
ter clouds in the cloud base region. The retrieved extinction can be used
as a proxy of cloud microphysical properties in the aerosolcloud monitoring
scheme.

• Chapter 5 summarises the main results of the three previous chapters and
proposes an outlook on future developments and applications.
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2
Groundbased remote

sensing scheme for
monitoring aerosolcloud

interactions

Karolina Sarna, H.W.J. Russchenberg

A new method for continuous observation of aerosolcloud interactions with
groundbased remote sensing instruments is presented. The main goal of
this method is to enable the monitoring of the change of the cloud droplet size
due to the change in the aerosols concentration. We use high resolution mea
surements from lidar, radar and radiometer, which allow us to collect and
compare data continuously. This method is based on a standardised data
format from Cloudnet and can be implemented at any observatory where the
Cloudnet data set is available. Two example study cases were chosen from
the Atmospheric Radiation Measurement (ARM) Program deployment at Gra
ciosa Island, Azores, Portugal in 2009 to present the method. We use the
cloud droplet effective radius (re) to represent cloud microphysical properties
and an integrated value of the Attenuated Backscatter Coefficient (ATB) be
low the cloud to represent the aerosols concentration. All data from each
study case is divided into bins of the Liquid Water Path (LWP), each 10 g/m2

wide. For every LWP bin we present the correlation coefficient between ln
re and ln ATB, as well as ACIr (defined as ACIr = d lnre/d lnATB, change

This chapter has been published in Atmospheric Measurement Techniques 9, 1039–1050, 2016 [1].
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in cloud drop effective radius with aerosols concentration). Obtained val
ues of ACIr are in the range 0.01–0.1. We show that groundbased remote
sensing instruments used in synergy can efficiently and continuously moni
tor aerosolcloud interactions.
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2.1. Introduction
The interactions of lowlevel liquid water clouds with aerosols are considered

one of the main sources of uncertainty in climate change predictions. According
to the Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate
Change [2], clouds and the effects of aerosols on their macro and microstructure
continue to contribute to the largest uncertainty in the estimation and interpreta
tion of the Earth’s energy budget. Lowlevel liquid water clouds impact mainly the
shortwave radiation budget, as it is mostly sensitive to the cloud albedo. The effect
of aerosols concentration on cloud reflectance is often referred to as the albedo
effect [3]. The albedo effect is based on the close relation between the aerosols
concentration and the cloud droplet concentration.
An ample number of studies have been made to quantify the impact of aerosols
concentration on cloud microphysical properties. Studies focusing on lowlevel liq
uid water clouds are often based on different methods and instruments. Because
of this the temporal and spatial resolution vary significantly. Observational studies
of the aerosols effect on clouds use surface remote sensing instruments at specific
locations [e.g., 4, 5] or rely on a combination of both surface remote sensing and
aircraft insitu observations [e.g., 6–8]. To characterise the aerosols effect on a
global scale, many researches focus on the satellite remote sensing observations
[e.g., 9]. McComiskey and Feingold [10] summarised the broad scope of different
methods and scales used. They concluded that a single measure of aerosolcloud
interactions (ACI) used in climate model estimates of the radiative forcing yields
widely fluctuating results. ACI is a single measure derived from observational data
from varying scales and different assemblies of instruments. Further, they con
cluded that ACIr (defined as ACIr = d lnre/d ln𝛼, change in cloud drop effective
radius with aerosols concentration) is only useful at a small scale measurements.
That way it can be measured at a scale of the process it represents, that is at a
microphysical scale. Microphysical changes in cloud and aerosols can be captured
by either in situ measurements or pointbased remote sensing observations from
the ground with a high temporal resolution. Therefore in this paper we focus on a
new methodology that allows to continuously observe ACI with groundbased re
mote sensing instruments over multiple locations.
We present an approach for monitoring aerosolcloud interactions with ground
based remote sensing instruments. We use specifically zenithpointing cloud radar,
lidar and microwave radiometer to characterise cloud microphysical properties and
the aerosols concentration in the same column. Thanks to the unique capabilities
of the groundbased remote sensors data can be collected and compared continu
ously. Due to the fine height and time resolution available cloud and aerosols prop
erties are observed in the same air column. We developed the monitoring scheme
on the basis of the standardised data format from Cloudnet [11]. The method
described here can be implemented on multiple groundbased observational sites
(e.g., the European ACTRIS network  Aerosol, Clouds and Trace gases Research
InfraStructure and the US Atmospheric Radiation Measurement (ARM) Program 
both databases provide Cloudnet data set), where a long term database of mea
surements already exists. This will allow to perform statistical calculations of ACI
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for different locations.
The structure of this paper is as follows: first, we provide a description of the
methodology for estimating the relationship between the aerosols concentration
below the cloud base and the cloud droplet concentration and the droplet sizes in
the cloud base region. We describe the combination of instruments and proxies
used in the method. Then we show two example study cases from the ARM Mobile
Facility at Graciosa Island at the Azores, Portugal. Finally, we discuss the possibili
ties of implementing this method over the network of cloud profiling observatories
in Europe.

2.2. Quantifying interactions between aerosols and cloud
Very often in the literature the term aerosolcloud interactions is associated

with quantification of the impact of aerosols on cloud albedo. This relation was
first postulated by Twomey [3]. Through experimental studies he showed that the
number concentration of aerosols (Na) below the cloud is monotonically related to
the cloud droplet number concentration (Nd):

𝑁𝑑 ∝ 𝑁𝛾𝑎 . (2.1)

[12], where 𝛾 is the proportionality factor. The value of 𝛾 varies between 0.7
and 0.8 in different experimental studies [3, 13], and the theoretical bounds are
between 0 and 1. Na and Nd are not directly proportional. The increase in the
concentration of aerosols that can be activated into cloud droplets can lead to the
lowering of the maximum relative humidity in the cloud base region [3]. Twomey
[14] further derived a theoretical relationship between the aerosols concentration
and cloud albedo. He proposed that, an increased aerosols concentration will lead
to an increased cloud droplet concentration and a smaller effective radius of cloud
droplets (re). A smaller effective radius of cloud droplets will result in a brighter
cloud and an increased cloud albedo. This is only true if the amount of available
water, represented by the Liquid Water Path (LWP), is constant.
The cloud optical thickness (𝜏d) is a function of both the cloud droplet concentration
and cloud effective radius. Thus, we can assume that the optical thickness will be
rising with the increase of the droplet concentration,

𝜏𝑑 ∝ 𝑁1/3𝑑 (2.2)

[3], and the decrease of the droplet radius:

𝜏𝑑 ∝
𝐿𝑊𝑃
𝑟𝑒

(2.3)

[15].
Theoretical relationships between variables in Equations (2.1),(2.2) and (2.3) led
to the formulation of a relation between the aerosols optical thickness (𝜏a) (as 𝜏a
is a function of the aerosols number concentration (Na)) and the effective radius of
cloud droplets (re):

𝑟𝑒 ∝ 𝜏−𝛾/3𝑎 (2.4)
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[16], which is a basic theoretical relation used presently to quantify the effect de
scribed by Twomey [3]. In order to empirically quantify the aerosolcloud interac
tions Feingold et al. [17] introduced the indirect effect index (IE), later referred to
as the ACI (AerosolCloud Interactions),

𝐼𝐸 = 𝐴𝐶𝐼𝑟 = −
𝑑 ln 𝑟𝑒
𝑑 ln 𝛼 |LWP

0 < 𝐴𝐶𝐼𝑟 < 0.33, (2.5)

and

𝐼𝐸 = 𝐴𝐶𝐼𝜏 =
𝑑 ln 𝜏𝑑
𝑑 ln 𝛼 |LWP

0 < 𝐴𝐶𝐼𝜏 < 0.33, (2.6)

or

𝐼𝐸 = 𝐴𝐶𝐼𝑁 =
𝑑 ln 𝑁𝑑
𝑑 ln 𝛼 0 < 𝐴𝐶𝐼𝑁 < 1, (2.7)

where 𝛼 is an observed proxy of the aerosols concentration. Parameters such as
aerosols number concentration (Na), aerosols optical thickness (𝜏a) or Aerosol Index
(AI), which is a product of 𝜏a and Angström exponent, were used to represent the
aerosols concentration in different studies. Note that ACIN is not bounded by the
value of LWP and is derived directly from Eq. 2.1.
In mathematical terms, ACIr, ACI𝜏 and ACIN are represented by a slope of a linear
regression between a logarithm of a cloud property (dependent variable) and a
logarithm of an aerosols property (independent variable). Thus, we can write ACIr
as

𝐴𝐶𝐼𝑟 = 𝑅𝑎𝑒𝑟𝑜𝑠𝑜𝑙,𝑐𝑙𝑜𝑢𝑑
𝑆𝑐𝑙𝑜𝑢𝑑
𝑆𝑎𝑒𝑟𝑜𝑠𝑜𝑙

(2.8)

[10], where Raerosol,cloud is the Pearson ProductMoment Correlation Coefficient be
tween the logarithm of aerosols property and the logarithm of the cloud property,
Scloud is the standard deviation of the cloud property and Saerosol is the logarithm of
the aerosols property.
It is important to note that in order to derive Eq. (2.2) a series of assumptions was
made. Twomey and Warner [12] assumed that cloud is homogeneous. It allowed
them to apply properties of the cloud base area to the whole cloud. For a cloud
in an early formation stage the cloud droplet concentration is decided mainly by
the number of cloud condensation nuclei in the cloud base area. By assuming that
cloud is homogeneous, the same is true for the whole cloud. Further, Twomey as
sumed that both cloud droplet number concentration and aerosols optical thickness
are directly proportional to an increasing aerosols concentration. This means that
he considered all components in the aerosols to increase together and at the same
proportion. The combination of these assumptions greatly minimises the amount
of observational study cases where the relation from Eq. (2.2) can be applied.
Another important and often omitted factor is: the cloud droplet concentration
(Nd) is modified by mixing, collision, coalescence and evaporation within the cloud.
However, at the area close to the cloud base, where the cloud is at the early forma
tion stage, the initial Nd is determined by the amount of nuclei able to activate into
cloud droplets at or below the maximum supersaturation in the cloudy air [12]. This
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means that the aerosols concentration should be related to the number concentra
tion of cloud droplets in the cloud base area in observational studies, as translation
of this relationship to the whole clouds requires to assume that cloud is homoge
neous. And that is rarely the case.
In this study we focus on the aerosolcloud interactions as an approximation of the
nucleation process without relating it to the cloud albedo. We design a method
that enables daily monitoring of the microphysical processes between aerosols and
clouds. We quantify the relation between cloud and aerosols properties with sta
tistical parameters. We assume that the aerosols concentration below the cloud is
monotonically related to the cloud droplet concentration in the cloud base region
(Eq. 2.1) and that the increase of the cloud droplet concentration leads to a de
crease of the cloud droplet size. We perform a logarithmic transformation of both
aerosols and cloud properties. Thus, the quantities we use for determining the
relation between aerosols concentration and cloud droplet size are the natural log
arithm of the Attenuated Backscatter Coefficient (ln ATB) and the natural logarithm
of the cloud droplet effective radius (ln re)  see Section 2.2.1.
We use the Pearson ProductMoment Correlation Coefficient, R, to establish how
dependent the cloud drop size is on the aerosols concentration. The sign of the
correlation coefficient will show if the increasing concentration of aerosols actually
decreases with the cloud droplet size. We further calculate ACIr (Eq. 2.5), which as
we mentioned before represents the slope of the regression line between the cloud
droplet effective radius (re) and the aerosols concentration. ACIr is important to es
timate the proportionality factor 𝛾 as defined in Eq. 2.1 and 2.4. We also calculate
the Coefficient of Determination, r2, which suggests the percentage of the variabil
ity in cloud droplet size that can be explained by changes in aerosols concentration.
We want to analyse data daily when the specific conditions are present (see Section
2.3.2) and divide data into small bins of Liquid Water Path (LWP) to approximate
the conditions in each bin to a constant LWP, as postulated by Twomey [14].

2.2.1. Aerosols and Cloud Properties Proxies
Clouds are formed when aerosols particles are activated into cloud droplets.

Activation is a change from stable to unstable growth due to the increase of the
ambient humidity. When haze droplets reach critical radius [18], they are trans
formed into cloud droplets. When a higher concentration of the aerosols particles
is present, the competition for the excess water vapour will be greater and thus,
the resulting cloud droplets will be smaller [19].
In low level liquid water clouds, in particular Stratocumulus, the number of the
activated droplets is approaching the concentration of the aerosols accumulation
mode (particles between 0.1 𝜇m and 1 𝜇m), making that concentration itself the
primary determinant of the cloud droplet concentration [e.g., 20, 21]. Based on
an adiabatic cloud parcel model representing the hygroscopic growth of CCN and
droplet condensation, Feingold [16] concluded that aerosols number concentration
(Na) contributes most significantly to aerosols effects on clouds. Other aerosols
parameters, such as size, breadth of the aerosols size distribution and its chemical
composition are of a secondary importance.
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2.2.2. Relation between Aerosols and Cloud Proxies
The strong relation between aerosols concentration and cloud droplet concen

tration (Eq. 2.1) is postulated both by theory and observations. We expect to see
an inverse relationship between the aerosols concentration and cloud droplets size.
With the increase of the aerosols concentration, the cloud droplet size is expected
to decrease while at the same time the cloud droplet concentration is expected to
increase. This is true if the amount of available water, LWP, is kept constant.

2.3. Methodology
2.3.1. Instrumentation and Data set

Very often collocated measurements of aerosols and cloud properties are not
available at a similar time resolution. Alternatively, data are being collected only
during specific measurements campaigns. This does not allow for a continuous
monitoring of aerosolcloud interactions. To gain a better understanding of the
aerosols impact on cloud microphysical properties we need to have continuous mea
surements, in different meteorological conditions and over multiple locations. Also,
to eliminate rapid variation in the meteorological conditions we want to evaluate
data daily. Groundbased remote sensing instruments are able to provide continu
ous measurements. They can provide a fine temporal and height resolution mea
surements that can be used to monitor aerosolcloud interactions. The goal of our
method is to monitor the interactions between aerosols and clouds. We combine
measurements from three separate instruments: cloud radar, lidar and microwave
radiometer. This combination of instruments can capture and monitor the influence
of a changing aerosols concentration on the cloud microphysical properties.
We used the Cloudnet data set, which provides a set of high quality measurements
from radar, lidar and a microwave radiometer. The specification of all three instru
ments may vary slightly per Cloudnet site, but the retrieval algorithms are always
the same. The detailed specification of instruments used in this study is presented
in Section 2.4. Additionally, each pixel of the heighttime grid of the Cloudnet data
set is categorised in terms of the presence of liquid droplets (cloud, rain or drizzle),
ice, insects or aerosol. This categorisation is a specific product of Cloudnet data set
[22] and was designed to facilitated the retrievals of cloud microphysical properties.
This categorisation product allows us to construct an algorithm that can be applied
to specific targets only, liquid water cloud droplets and aerosol, and provides an
easy way of selecting data based on a set of selection criteria (Sec. 2.3.2).

Aerosols Number Concentration
Numerous proxies have been used in the past to represent the aerosols con

centration. In this method we aim at using continuous measurements with a high
spatial and temporal resolution. Such data set is available from a lidar, in the setup
of this research specifically a Vaisala CT25K ceilometer operating at 905 nm. Several
research indicate that a ceilometer can be used as a quantitative aerosols measure
ment instrument [23, 24]. Backscatter from ceilometers (𝛽) can be approximated
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as:

𝛽 ≈ ∫
∞

0
𝑁𝑎(𝐷𝑎)𝐷2𝑎𝑑𝐷𝑎 , (2.9)

where Na is the number concentration of aerosols and Da is the aerosols diameter.
The averaged 𝛽 shows good correlations with the in situmeasurements of the mass
concentration of the particulate matter up to 10 𝜇m (PM10) and smaller than 2.5
𝜇m (PM2.5) [25].
In this method we use a columnintegrated value of the Attenuated Backscatter
Coefficient (ATB) in order to represent the whole column of aerosols below the
cloud. We only consider wellmixed conditions (Section 2.3.2). Specifically, we only
look into singlelayer clouds on top of the boundary layer with the cloud base below
2000 m. Data are integrated from the level of a complete overlap (minimum height
where the crosssection of the lidar laser beam is completely in the field of view of
the receiver’s telescope [26]), which is 120 m in our study, up to 300 m below the
cloud base. The distance from the cloud minimises the amount of cloud and haze
droplets or wet aerosols mixed through the considered aerosols background. The
specific distance of 300 m was used in other studies based on groundbased lidar
measurements [27]. Very often a set height of the aerosols concentration proxy
is used in the aerosolcloud interaction studies (e.g. Raman lidar extinction at 350
m [28]). We compared aerosols property (ATB) and cloud property (cloud drop
effective radius  re) at a set height, 350 m from the ground for the ATB, and a mean
value of re through the cloud, with the ATB and re set at a specific distance from
the cloud base (and the cloud base height is seldom constant), 300 m below the
cloud for ATB and 85 m above the cloud base for re. We found that by considering
the level of aerosols proxy (ATB) and cloud proxy (re) at a set distance from the
cloud base the dependence of cloud properties on aerosols concentration is bigger.
Explicitly, the correlation coefficient, R, has a higher absolute value. Therefore we
use a height based on a set distance from the cloud base for both aerosols and
cloud properties in this study.
Note that Cloudnet ceilometers are calibrated with the method of O’Connor et al.
[29] which introduces a calibration uncertainty of up to 10%. The precision of
the measurements is difficult to estimate as the internal processing algorithms are
proprietary. A single value of 0.5 dB is used for all pixels [22].

Cloud Droplet Size and Number Concentration
Aerosolcloud interactions are described as the response of the microphysical

properties of the cloud to the change of the aerosols concentration. The cloud
properties that we are specifically interested in are the cloud droplet size and the
number concentration of the droplets. Both these variables are obtained through a
retrieval of cloud microphysical properties from measurements.
We apply a method according to Frisch et al. [30] to retrieve the cloud droplet
concentration (Nd) and the cloud droplet effective radius (re). This retrieval method
uses observations from cloud radar and microwave radiometer (MWR). Assuming
that Nd and a gamma cloud droplet distribution, with a fixed distribution shape (𝜈),
are constant with height, the re can be derived from the Radar Reflectivity Factor
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(Z) and the MWR retrieved LWP:

𝑟𝑒(ℎ) = (
(𝜈 + 2)3

(𝜈 + 3)(𝜈 + 4)(𝜈 + 5))
1
3
(𝜋𝜌𝑤

∑𝑛𝑖=1 𝑍
1
2 (ℎ𝑖)Δℎ

48𝐿𝑊𝑃 )

1
3

𝑍
1
6 (ℎ), (2.10)

where 𝜌w is the density of liquid water (106 gm3), Δh is the the length of the
radar range gate, Z(hi) is the reflectivity factor at the ith radar measured gate and
n represents the number of the incloud radarmeasured gates. The cloud droplet
number concentration (Nd) is calculated from the following formula:

𝑁𝑑 = (
(𝜈 + 3)(𝜈 + 4)(𝜈 + 5)
𝜈(𝜈 + 1)(𝜈 + 2) )( 6𝐿𝑊𝑃

𝜋𝜌𝑤 ∑
𝑛
𝑖=1 𝑍

1
2 (ℎ𝑖)Δℎ

) . (2.11)

Both of these retrieved properties have been evaluated against other methods in
[31]. The comparison of different retrieved microphysical cloud properties revealed
that re is the parameter least affected by the instrumental errors of MWR and radar.
The estimated uncertainties in re are about 1015 % and in Nd around 4060 %. In
both proxies the uncertainties are due to instrument errors and algorithm assump
tions. The main algorithm assumptions include: (1) the droplet size distribution is
approximated by a monomodal gamma distribution, (2) the moments of the droplet
size distribution are correlated among each other and (3) the droplet concentration
and droplet size distribution shape parameter remain constant with height in each
profile.
Following [31], the gamma cloud droplet distribution shape parameter is set to 8.7.
This value is obtained from the ratio between the third and second moments of the
droplet distribution and has been found in reanalysis of the insitu observations of
Stratocumulus clouds [32].
Similarly to the aerosols proxy, we compare the re at a set distance from the cloud
base. We set this distance at 85 m above the cloud base detected from the lidar
measurements. Lidar can detect the cloud base height more precisely than radar,
that difference can be up to two range gates. Hence we use the distance of 85
m, which is equal to two range gates, to ensure that the cloud is detected by both
instruments.

2.3.2. Data Selection Criteria
Clouds are complicated systems with many processes taking place at the same

time. Singling out a small microphysical process is difficult. Data needs to be limited
by implementing a number of filters. Firstly, this monitoring scheme applies only
to liquid water clouds on top of the boundary layer in wellmixed conditions, where
the cloud base is located below 2000 m. This limitation ensures that the cloud
is not decoupled from the boundary layer and the aerosols background below the
cloud [28]. Secondly, we can only consider data where no precipitation is present,
including drizzle, as it can obscure the formative stage of a cloud [4]. We use the
Cloudnet categorisation data for the classification of the observed targets. This
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scheme relies on the measurements from three separate instruments. Only profiles
where all three instruments provide good quality data can be analysed. Data quality
is classified in the Cloudnet data set in a similar way to the categorisation product.
We can therefore easily filter data where a problem with the measurements was
detected.
Some larger scale factors, such as boundary layer dynamics or variations in tem
perature, pressure or humidity, can influence changes in the cloud. We ensure
similar meteorological conditions by analysing aerosols and cloud properties on a
daily basis. This minimises the influence of variations in general weather conditions.
However, the transition between meteorological conditions can happen within a day
and often even at a smaller time scale. To account for this kind of daily changes
we use filters of the meteorological conditions, namely temperature, pressure and
specific humidity. For each parameter we calculate a mean value and a standard
deviation, if the standard deviation is below 10% of the mean value we consider
that as similar meteorological conditions. We use the integrated value of ATB as
a proxy of aerosols concentration. As we mentioned before, we integrate ATB in
column from 120 m above the ground (level of complete overlap) to 300 m below
the cloud base height. This limits the possible cloud base height to above 500 m
above the ground level, if the ATB is to be integrated over at least two ranges.
We also apply a constraint on LWP to isolate the aerosols activation process from
different interactions that can happen at the same time. Daily data sets are divided
into profiles where the value of LWP is similar. We divide the data into bins of LWP
of 10 gm2. Creating even smaller bins is difficult due to the limited data points.
We only consider LWP bins where the total amount of data points is above 20. LWP
should be above 30 gm2 and below 150 gm2. Values below 30 gm2 are disre
garded because of the uncertainty of LWP calculated from MWR, which is around 15
gm2 [33]. The values above 150 gm2 are excluded to avoid precipitating clouds.
The analysis of an aggregated data set grouped by varying meteorological condi
tions (as defined above) would be a good way of getting a better understanding of
aerosolcloud interactions drivers. Such a study can be made with the monitoring
method presented in this study but is beyond the scope of this manuscript.

2.4. Application of the method to observations from Graciosa
Island, Azores

We present here two example study cases of the practical application of the
method described above. The deployment of the Atmospheric Radiation Measure
ment Program (ARM) Mobile Facility at Graciosa Island, Azores in 2009 and 2010
provides a comprehensive data set for assessing aerosols effects on lowlevel liquid
water clouds. Boundary layer clouds were the most frequently observed cloud type
(40–50%) with the maximum occurrence during the summer and fall months under
the presence of anticyclonic conditions [34]. The instruments we use in this study
are a Wband ARM Cloud Radar (WACR) operating at 95 GHz [35], a laser ceilome
ter Vaisala CT25K operating at 905 nm and a twochannel microwave radiometer
(MWR) operating at 23 GHz and 31.4 GHz. Data from this campaign is available
in the standardised Cloudnet format, which is the basis of calculations presented
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Table 2.1: Cloud and Aerosol Properties Measured or Derived From the Observations at the Graciosa
Island, Azores.

Measured Quantity Definition Instrument(s)
Cloud Liquid Water Path LWP [gm2] MWR
Radar Reflectivity Factor Z [dBZ or m6m3] WACR
Cloud Droplet Effective Radius re [𝜇m] (see Eq. 2.10) WACR/MWR
Cloud Droplet Number Concentration Nd [cm3] (see Eq. 2.11) WACR/MWR
Attenuated Backscatter Coefficient ATB [m1sr1] Vaisala CT25K

here. The Cloudnet data set is regridded to the vertical resolution of the radar
(42.86 m) and the time resolution of the radiometer (30 s). Table 2.1 summarises
all measurements and all products derived for the data analysis.

Based on the data selection criteria presented in the section above we identified
two study cases for testing the method: 3 November 2009 and 29 November 2009.
Both cases showed only a small variability of the LWP which enabled distribution
of data into small bins of LWP gm2. The station was located at the NorthEast
shore of the island, situated upwind in order to reduce the impact of the island.
The NOAA HYSPLIT back trajectory model [36] indicated that the aerosols for the
selected days were coming from marine sources. This single source of aerosols
allowed us to test the method without adding the extra complexity of a multiple
aerosols sources background. We chose two study cases from the same season,
with similar meteorological conditions. Cases vary in the cloud base height and in
the aerosols loading.

2.4.1. Study case from 3 November 2009
The conditions on 3 November 2009 were characterised by a northerly wind of

about 2.5 ms1 in the boundary layer. The cloud cover was persisting the whole
day, with periods of drizzle and heavy rain after 1800 UTC. Precipitationfree peri
ods were identified between 0000 UTC and 0500 UTC, with a second short period
between 1330 UTC and 1500 UTC, set after a light precipitation event (Fig. 2.1).
Based on the Cloudnet categorisation and the measurements fromWACR and MWR,
only data in these two periods were analysed on that day. LWPs in the selected
periods ranged from 15 gm2 to 130 gm2. As few data points were available with
LWP above 90 gm2, we limit the data analysed to a LWP between 30 gm2 and 90
gm2. The cloud base was located around 800 m above ground level (AGL) between
0000 UTC and 0500 UTC and around 500 m AGL between 1330 UTC and 1500 UTC.

Figure 2.2 presents the timeheight cross section of the retrieved microphysical
cloud properties. Only data from time steps meeting the data selection criteria are
calculated. In the chosen periods re varies from 3 𝜇m to 7 𝜇m, with a mean radius
5 𝜇m and a standard deviation of 0.75 𝜇m. Nd ranges in the selected periods from
150 to 1700 cm3. Some values are much higher than the observational data for
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Figure 2.1: The timeheight cross section of the Radar Reflectivity Factor from WACR, the Attenuated
Backscatter Coefficient from Vaisala CT25K and the Liquid Water Path from MWR for a full day of mea
surements on 3 November 2009.
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and MWR measurements (Eq. (2.10)) and the Cloud Droplet Number Concentration (Nd) calculated from
Eq. (2.11) from 3 November 2009. Data are only retrieved in the time steps when the data selection
criteria are met.

Stratocumulus. Nd rarely exceeds 500 cm3 and is generally lower (200 to 300 cm3)
for marine Stratocumulus [20].
Aerosol background (represented by ATB) in the selected periods is variable with
the mean value 0.64 × 103 sr1 and a standard deviation of 0.18 × 103 sr1. ATB
in the period between 1330 UTC and 1500 UTC is significantly lower, mainly be
cause it was followed by a period of precipitation and the cloud base was located
considerably lower than in the first period.
All data points available on 3 November 2009 are divided into bins based on the
value of the LWP which ranges from 30 to 90 gm2. Data were divided into 6
separate bins, each covering 10 gm2. Figure 2.3 presents relation between the
integrated attenuated backscatter ATB and cloud droplet effective radius re. The
calculated values of the correlation coefficient, R and ACIr are presented for every
bin. Both R and ACIr are calculated for the ln ATB and ln re (Eq. 2.5).

Table 2.2 summarises values of R, ACIr and the coefficient of determination, r2,



2

24 2. Scheme for monitoring aerosolcloud interactions

Table 2.2: ACIr (Eq. 2.5 and the statistical parameters calculated between ln(re) and ln(ATB), namely
PearsonProduct Moment Correlation Coefficient, R, and the Coefficient of Determination, r2 and the
number of observations within the LWP bins, n, for two study cases from Graciosa Island at the Azores
(3 and 29 November 2009).

3 November 2009 29 November 2009
LWP bin ACIR R r2 n ACIr R r2 n

30 < LWP < 40 0.01 0.09 0.01 63 0.08 0.50 0.25 45
40 < LWP < 50 0.06 0.36 0.13 34 0.08 0.52 0.27 63
50 < LWP < 60 0.06 0.41 0.16 49 0.07 0.56 0.31 67
60 < LWP < 70 0.04 0.30 0.09 92 0.09 0.65 0.42 96
70 < LWP < 80 0.00 0.03 0.00 50 0.05 0.39 0.16 98
80 < LWP < 90 0.08 0.26 0.07 32 0.03 0.27 0.07 39

for every LWP bin.The coefficient of determination, r2, suggests the percentage of
the variability in cloud droplet size that can be explained by changes in aerosols
concentrations. Note that both R and ACIr values are highest for 3 November
2009 in the LWP range from 40 to 70 gm2. This may indicate that aerosolcloud
interactions representing the activation process are more significant only for the
lower LWP values and for the higher values of LWP other processes, such as collision
and coalescence of cloud droplets or cloud top cooling, may play a more important
role. Another possible explanation can be the presence of drizzle when LWP is
above 70 gm2. Some studies suggest that marine Stratocumulus clouds can form
drizzle particles at LWP values as low as 75 to 100 gm2 [34].
Figure 2.4 shows the relation between the integrated attenuated backscatter, ATB,
and the cloud droplet number concentration, Nd, together with the corresponding R
and ACIN (Eq. 2.7). Cloud droplet number concentration increases with the increase
of aerosols concentration (represented by ATB) as expected by the aerosolcloud
interactions.

2.4.2. Study case from 29 November 2009
On 29 November 2009 a northerly wind of about 2 ms1 in the boundary layer

persisted most of the day. Periods of drizzle and rain were occurring throughout
the day, with a heavy precipitation after 1500 UTC. Therefore we only consider data
before 1500 UTC.
The cloud base was located around 1600 m AGL (Fig. 2.5). Periods between 0000
UTC to 0300 UTC, 0530 UTC to 0600 UTC and 0830 UTC to 1400 UTC correspond
with the data selection criteria. In all cases, the categorisation provided by Cloud
net identifies that the cloud layer consists of liquid water cloud and aerosols only.
LWP in the selected periods varies between 15 gm2 and 150 gm2. As there are
few data points available with LWP above 90 gm2 we limit the data analysed to a
LWP between 30 gm2 and 90 gm2.

Figure 2.6 shows the retrieved properties in periods corresponding to our data
selection criteria. In the selected periods Nd varies from 55 to 1900 cm3, with a
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Figure 2.3: The values of the effective radius re derived from WACR and MWR measurements are
plotted versus the integrated attenuated backscatter ATB measured by Vaisala CT25K on 3 November
2009. Data are sorted by the values of LWP from MWR. Every panel shows the corresponding value of
ACIr (Eq. 2.5) and the Pearson ProductMoment Correlation Coefficient, R, for that LWP bin.
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Figure 2.4: The cloud droplet number concentration Nd derived from WACR and MWR measurements
with Eq. (2.11) is plotted versus the integrated attenuated backscatter ATB measured by Vaisala CT25K
on 3 November 2009. Corresponding value of ACIN (Eq. 2.7) and the Pearson ProductMoment Corre
lation Coefficient, R, is presented.

standard deviation of 380 cm3 and mean value of 750 cm3. Values of re range
between 2.5 𝜇m and 7 𝜇m, with a mean radius 4.6 𝜇m and a standard deviation
of 0.65 𝜇m. ATB in the selected period has a mean value of 1.53 × 103 sr1 and a
standard deviation of 0.25 × 103 sr1. It should be noted that on 29 November ATB
is higher, but, even accounting for the uncertainty of ATB, the variation is smaller
than on 3 November.
Suitable data from 29 November 2009 are divided into bins based on the value
of the LWP which ranges from 30 to 90 gm2. Data was divided into 6 separate
bins, each covering 10 gm2. Figure 2.7 presents relation between the integrated
attenuated backscatter ATB and cloud droplet effective radius re together with the
correlation coefficient, R and ACIr calculated for each bin. It can be observed that
data points are less scattered on the 29 November than on the 3 November and the
values of both R and ACIr are also higher. Similar to the case from the 3 November,
R and ACIr are highest in the LWP range between 40 to 70 gm2.
Figure 2.8 presents the relation between the integrated attenuated backscatter,
ATB, and the cloud droplet number concentration, Nd, together with the corre
sponding R and ACIN.

2.4.3. Comparison of example study cases
Table 2.3 summarises statistical parameters, including the number of observa

tions within each LWP bin, for both study cases presented here. Values of the
correlation coefficient r are generally higher for the value of LWP in the range from
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Figure 2.7: The values of the effective radius re derived from WACR and MWR measurements are plotted
versus the integrated attenuated backscatter ATB measured by Vaisala CT25K on 29 November 2009.
Data are sorted by the values of LWP from MWR. Every panel shows the corresponding value of ACIr
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with Eq. (2.11) is plotted versus the integrated attenuated backscatter ATB measured by Vaisala CT25K
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lation Coefficient, R, is presented.

Table 2.3: ACIN (Eq. 2.7) and the statistical parameters calculated between ln(Nd) and ln(ATB), namely
the PearsonProduct Moment Correlation Coefficient, R, and the Coefficient of Determination, r2 and the
number of observations, n, for two study cases from Graciosa Island at the Azores (3 and 29 November
2009).

3 November 2009 29 November 2009
ACIN R r2 n ACIN R r2 n
0.78 0.32 0.10 320 1.59 0.43 0.19 408

40 to 70 gm2. This suggest that aerosolcloud interactions connected to the droplet
activation play a more important role in the lower values of LWP and that suppos
edly drizzle can obscure the process of the activation of aerosols into cloud droplets.
For both cases the calculated values of ACIN are very high, with the value on the
29 November of 1.59, which is exceeding the theoretical bounds (from 0 to 1).

This is possibly due to an overestimation of the cloud droplet number concentra
tion (Nd) by the retrieval. As we mentioned before, the observational values of Nd
for marine Stratocumulus clouds are around 200–300 cm3 and the retrieved values
for both presented here study cases exceed this range drastically. Therefore, we
think that it’s more reasonable to compare the values of ACIr, which are between 0
and 0.09 in this study. This range of ACIr is comparable to other studies of aerosol
cloud interactions performed with groundbased remote sensing instruments (for
example, reported values range from 0.04 to 0.15 in McComiskey et al. [8]).
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2.5. Summary and Outlook

In this paper we present a method for observing aerosolcloud interactions.
This method enables continuous monitoring of cloud microphysical responses to the
changing aerosols concentration. It utilizes high resolution groundbased remote
sensing instruments. This scheme uses standardised data streams from Cloudnet as
input. Therefore this method can be applied at any groundbased cloud observatory
participating in the Cloudnet network. We used the Cloudnet cloud categorisation
product to choose data points with the specific targets only (liquid water clouds
and aerosol). Instead of aggregating data with same values of LWP over a longer
period we process data from every day separately.
Daily data for analysis is selected based on a range of criteria. Data points comply
ing with all of them are divided into bins of LWP where each bin is 10 gm2 wide.
For every bin we calculate the PearsonProduct Moment Correlation Coefficient, R,
ACIr (Eq. 2.5) and the Coefficient of Determination, r2. We show that both the sta
tistical parameters and ACIr can be used to quantify the dependence of the cloud
droplet size on the aerosols concentration. We showed that it is possible to derive
ACIr and the statistical parameters on a daily basis and with that ensure that no big
variation in the meteorological conditions is present. Collocation of daily data into
larger data sets can be made, but should be based on very similar meteorological
conditions. In our study we identified similar meteorological conditions based on
the temperature, pressure and specific humidity. We say that the conditions are
similar if the standard deviation of each parameter is less than 10% of its mean
value.
We showed two example case studies to present this method. Both data sets come
from the deployment of the Atmospheric Radiation Measurement Program (ARM)
Mobile Facility at Graciosa Island, Azores in 2009 and 2010. The presented cases
both are characterised by a marine Stratocumulus clouds, both come from Novem
ber and have similar general meteorological conditions. We show the correlation
coefficient, ACIr and the coefficient of determination for both case and all the LWP
bin. We observe a higher correlation of aerosols concentration and cloud properties
in the lower values of LWP (from 40 to 70 gm2). This suggests that aerosolcloud
interactions are a more significant process at values of LWP below about 70 gm2
while for larger values other processes such as collision and coalescence are a domi
nant cloud microphysical process for the presented here study cases. A study based
on a bigger data set should be performed to draw more general conclusions. We
also observed an increase of the correlation between the aerosols and cloud prop
erties when the parameters are compared at a set height dependent on the cloud
base height.
The method we developed is based on a synergy of widely available, high resolution
groundbased remote sensing instruments. It enables monitoring the interactions
of aerosols and clouds. Although data need to comply with restrictive criteria, the
use of a Cloudnet data format and the categorisation product makes data selection
possible in close to realtime. We showed that using the integrated value of the
attenuated backscatter from lidar enables the monitoring of aerosolcloud interac
tions. The measurements from radar, lidar and microwave radiometer are collected
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continuously and can therefore provide a continuous estimate of effects of aerosols
concentration on cloud properties. This framework of measurements can be im
plemented at any observatory where the Cloudnet data set is available and can be
integrated into a Cloudnet framework as one of the standard products. The soft
ware developed for this methodology is available under GNU General Public License
[37]. Monitoring aerosolcloud interactions in the same manner over multiple re
gions will allow for more studies of these phenomena and will result in a better
understanding of the interactions between aerosols and clouds.
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Monitoring Aerosol–Cloud
Interactions at the CESAR

Observatory in the
Netherlands

Karolina Sarna, H.W.J. Russchenberg

The representation of aerosol–cloud interactions (ACI) processes in climate
models, although long studied, still remains the source of high uncertainty.
Very often there is a mismatch between the scale of observations used for
ACI quantification and the ACI process itself. This can be mitigated by using
observations from groundbased remote sensing instruments. In this paper
we presented a direct application of the Aerosol–Cloud Interactions monitor
ing technique (ACI monitoring). ACI monitoring is based on the standardized
Cloudnet data stream, which provides measurements from groundbased re
mote sensing instruments working in synergy. For the dataset collected at
the CESAR Observatory in the Netherlands we calculate ACI metrics. We use
specifically attenuated backscatter coefficient (ATB) for the characterisation
of the aerosols properties and cloud droplet effective radius (re) and num
ber concentration (Nd) for the characterisation of the cloud properties. We
calculate two metrics: ACIr = ln(re)/ln(ATB) and ACIN = ln(Nd)/ln(ATB). The
calculated values of ACIr range from 0.001 to 0.085, which corresponds to
the values reported in previous studies. We also evaluated the impact of the

This chapter has been published in Atmospheric Measurement Techniques 10, 1987–1997, 2017 [1].
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vertical Doppler velocity and liquid water path (LWP) on ACI metrics. The
values of ACIr were highest for LWP values between 60 and 105 gm2. For
higher LWP other processes, such as collision and coalescence, seem to be
dominant and obscure the ACI processes. We also saw that the values of
ACIr are higher when only data points located in the updraft regime are con
sidered. The method presented in this study enables monitoring ACI daily
and further aggregating daily data into bigger datasets.
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3.1. Introduction
Clouds are one of the most important systems of regulating Earth’s radiation.

Through changes in their macro and microphysical properties clouds can signifi
cantly affect climate [2]. Aerosols and their ability to act as cloud condensation
nuclei can alter cloud microphysical properties. Twomey [3] was the first one to
postulate that the increasing pollution, represented by aerosols concentration, leads
to an increasing cloud droplet concentration and a decreasing cloud droplet size.
The effect of those microphysical changes is an increased albedo of clouds. Despite
the good understanding of the physical principles of the aerosol–cloud interactions
(ACI) processes, their representation in the climate models remains the source of
the highest uncertainty [4].
The conceptual process in which aerosols become activated into cloud droplet is well
understood [5]. Also, the influence of the aerosols concentration on the cloud mi
crophysical properties, i.e. cloud droplet size and number concentration, has been
studied extensively over the past decades [6–9] and its existence is not in question.
The biggest uncertainty still lies with the scale of the process and it’s importance
over different locations and in different meteorological conditions. Another sources
of uncertainty is connected to disentangling effects of ACI on cloud properties from
the effect of cloud thermodynamics and entrainment [10]. Mccomiskey et al. [11]
identified the mismatch in the scale of the ACI process and in the scale of the obser
vations as one of the largest drivers of uncertainty in quantifying ACI. One possible
way of overcoming this problem is by using the observations from groundbased re
mote sensing instruments. Groundbased remote sensing instruments are uniquely
predisposed to provide high temporal resolution of measurements continuously. At
the same time, they can examine the effect of change in aerosols concentration on
cloud in a single air column and at the scale of the cloud droplet formation. Ground
based remote sensing instruments are operating at a high temporal and spatial res
olution. Hence, it is possible to measure aerosols properties with a ground–based
lidar with a high accuracy [12] and the same is true for cloud droplet observation
with the use of cloud radar and radiometer [13].
In the past years several studies used measurements from groundbased remote
sensing instruments to quantify ACI [e.g., 6, 14–16]. The scope of instruments
and measured parameters still differs among them. Further, a great majority of
ACI studies is focused on the marine or coastal environment. Although harder to
observe, ACI over continents is important to make a link between anthropogenic
aerosols and the radiative forcing through the ACI process.
A new approach to monitor ACI based on a standardized data format was proposed
by [17]. Their method (hereafter refereed to as ACI monitoring) is based on the
Cloudnet data [18], a unified data format that is available across the Cloudnet net
work observatories. ACI monitoring also supplied an opensource software [19]
to process data from any Cloudnet station. In this paper we applied this method
directly to the dataset from the CESAR (Cabauw Experimental Site for Atmospheric
Research) Observatory.
The structure of this paper is following: first we present shortly the theoretical
framework for calculations, secondly we provide a description of the CESAR Obser
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vatory and the used dataset. Then we characterize ACI over the CESAR Observatory
and describe different drivers of the ACI process at this station. We finish with a
summary and conclusions.

3.2. Theoretical basis of aerosol–cloud interactions
The relation between aerosols concentrations and the cloud droplet size was

first postulated by [3]. Using airborne measurements he showed that an increasing
pollution, and hence an increasing concentration of CCN, will result in clouds with
a higher optical thickness. That is measureable only if all other parameters, mainly
the amount of available water represented by the liquid water path (LWP), are kept
the same. Cloud optical thickness can be related to both the cloud albedo and cloud
microphysical properties. Cloud optical thickness (𝜏d) is proportional to the cloud
droplet number concentration (Nd):

𝜏𝑑 ∝ 𝑁1/3𝑑 (3.1)

[20].
Proxies used to define the aerosols background vary between studies and include
parameters such as: aerosols number concentration (Na), aerosols optical thickness
(𝜏a), or aerosol index. The relation between Nd and Na was postulated first based
on the experimental studies by Twomey et al.[21] as

𝑁𝑑 ∝ 𝑁𝛾𝑎 , (3.2)

where 𝛾 is a factor with which aerosols number concentration and cloud droplet
number concentration depend on each other. The theoretical values of 𝛾 vary be
tween 0 and 1. To account for 𝛾, [6] introduced the indirect effect index, which
hereafter will be refereed to as ACI metric. It was defined as a relative change
in the cloud properties due to changes in the aerosols properties. Based on the
relation in Eq. 3.2 we can say that:

𝐴𝐶𝐼𝑁 =
𝑑 ln 𝑁𝑑
𝑑 ln 𝛼 , 0 < 𝐴𝐶𝐼𝑁 < 1, (3.3)

where 𝛼 is any of the above mentioned proxies of the aerosols properties. The
value of ACIN can be related to the value of 𝛾. To relate aerosols properties to
cloud droplet size [6] used:

𝐴𝐶𝐼𝑟 = −
𝑑 ln 𝑟𝑒
𝑑 ln 𝛼 |LWP

, 0 < 𝐴𝐶𝐼𝑟 < 0.33, (3.4)

where re is the cloud droplet effective radius in the cloud base region. Cloud base
area is defined as the range between the cloud base and 30 meters above the
cloud base. The bounds of ACIr between 0 and 0.33 stem from the assumption
of a constant LWP when using re. ACIN is traditionally not bound by the values of
LWP as it is associated with the activation process which has no direct microphysical
relation to LWP [9]. The relation between ACIr and ACIN is described as:

𝐴𝐶𝐼𝑟 =
1
3𝐴𝐶𝐼𝑁 . (3.5)
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Mathematically, both ACIr and ACIN are defined as a slope of the regression line
between the logarithm of the aerosols property (𝛼) and the logarithm of the cloud
property (re or Nd). For this explanation we use re as a cloud property. We can
define a linear regression between ln(𝛼) and ln(re) as:

𝑙𝑛(𝑟𝑒) = 𝑎 +𝑚 ∗ 𝑙𝑛(𝛼) (3.6)

where m is the slope defined as:

𝑚 = 𝑟𝛼,𝑟𝑒
𝑠𝑟𝑒
𝑠𝛼
, (3.7)

where r𝛼,re is the Pearson productmoment correlation coefficient between ln(𝛼)
and ln(re), sre is the standard deviation of ln(re) and s𝛼 is the standard deviation of
ln(𝛼). The correlations coefficient r𝛼,re is defined as:

𝑟𝛼,𝑟𝑒 =
𝑐𝑜𝑣(𝛼, 𝑟𝑒)
𝑠𝛼𝑠𝑟𝑒

. (3.8)

cov(𝛼,re) is the covariance between ln(𝛼) and ln(re). In this study we use ACI
monitoring scheme which relies both on the calculation of the correlation coefficient
and ACI metrics (ACIN and ACIr).

3.3. Methodology of an ACI monitoring scheme
As we mentioned in previous sections, in this paper we use the Aerosol–Cloud

Interaction (ACI) monitoring scheme as described in [17]. The core of this method
is the Cloudnet dataset. It provides a standardized data stream from groundbased
remote sensing instruments working in synergy. In specific, it includes measure
ments from cloud radar, lidar and microwave radiometer. Although this is a set of
instruments present at all observatories within the Cloudnet network, their specifi
cation may vary from station to station.
Cloudnet dataset was designed to facilitate the retrieval of microphysical cloud prop
erties. Therefore, a retrieved values of cloud droplet effective radius (re) and cloud
droplet number concentration (Nd) are available from the dataset. The microphysi
cal retrieval method used in the Cloudnet dataset is based on the method designed
by [22]. In this paper we use the [22] retrieval with the assumptions of homo
geneous mixing as described in [13]. The aerosols background is represented in
the ACI monitoring scheme by an integrated value of the attenuated backscatter
coefficient (ATB). The value is integrated from the height of a complete overlap
[23], which is 120 m in the setup of this study, to 300 m below the cloud base.
Measurements of ATB in the area closer to the cloud base than 300 m are not al
ways reliable and should not be used as an approximation of the aerosols number
concentration.
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3.3.1. Data selection criteria
Due to the use of cloud microphysical properties the ACI monitoring scheme is

applicable only under specific conditions. In particular, only lowlevel liquid water
clouds in wellmixed conditions can be considered. We define the wellmixed con
dition as a cloud at the top of the boundary layer, where the vertical mixing of the
layer is strong. The cloud base should be located below 2000 m above ground level
(AGL). This constraint was chosen as the cloud base of the Stratocumulus clouds is
usually situated below 2000 m AGL. Due to the integrations of ATB only clouds with
cloud base located above 500 m AGL are considered. This is because the complete
overlap is at 120 m and data is only considered up to 300 m below the cloud. ATB
should be integrated through at least 2 range gates of the used lidar, which for most
Cloudnet observatories are 40 m wide. Further filtering criteria include presence of
precipitation or drizzle. The Cloudnet dataset contains target classification where
liquid cloud droplets are categorized specifically [24]. ACI monitoring scheme se
lects only data points where liquid cloud droplets and aerosols are identified. All
other data points are disregarded, i.e all points where any form of precipitation or
insects were identified by the Cloudnet classification scheme.
For the dataset used in this study we aggregated daily data into one dataset. The
data aggregation is only possible if data was collected in similar meteorological
conditions. We define the meteorological conditions on the basis of temperature
and pressure at the cloud base level. We considered conditions to be similar if
the relative standard deviation (rsd) of the measurements is less than 0.1. The
relative standard deviation is defined as a ratio of the standard deviation of the
dataset to the mean of the dataset. As an additional meteorological parameter we
use specific humidity. However, the changes in the specific humidity can be larger
than those in temperature or pressure. The condition of the constant amount of
available water is controlled by the liquid water path (LWP), which represents the
total amount of liquid water in the column. It should be noted that meteorological
conditions available in the Cloudnet dataset come from the KNMI (Koninklijk Ned
erlands Meteorologisch Instituut) regional atmospheric climate model RACMO [25]
and not from the observations.

3.4. Observations from CESAR Observatory
The CESAR (Cabauw Experimental Site for Atmospheric Research) Observatory

is located in the Netherlands (51.971° N, 4.927° E) in an area located 0.7 m below
the mean sea level. The site is equipped with a large set of instruments provid
ing constant measurements to study atmospheric processes. The dataset used in
this study was collected in October  November 2014 during the ACCEPT (Analysis
of the Composition of mixedphase Clouds with Extended Polarization Techniques)
campaign. Although the ACCEPT campaign was focused on mixedphase clouds,
multiple measurements of lowlevel liquid water clouds were also collected. During
the six weeks period of the campaign seven days were represented by a persist
ing layer of Stratocumulus clouds. Due to the requirements of the ACI monitoring
scheme, after applying data selection criteria (see Section 3.3.1) only four days of
data were processed. The total amount of measurements profiles used in this study
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Table 3.1: Cloud and aerosols properties measured or derived from the observations at the CESAR
Observatory in the Netherlands.

Measured Quantity Definition Instrument(s)
Cloud Liquid Water Path LWP (gm2) HATPRO MWR
Radar Reflectivity Factor Z (dBZ or m6 m3) MIRA
Doppler Velocity w (m s1) MIRA
Cloud Droplet Effective Radius re (�m) [13] MIRA/HATPRO MWR
Cloud Droplet Number Concentration Nd (cm3) [13] MIRA/HATPRO MWR
Attenuated Backscatter Coefficient ATB [m1sr1] CHM15X ceilometer

is 1659. We used one additional requirement to choose them: we only processed
profiles where the Stratocumulus layer was persisting for at least 30 minutes. This
meant that we only chose data were at least 60 profiles of 30 sec integrated mea
surements were consecutive. We chose to add this selection criteria to eliminate
from the aggregated dataset days were only a couple of profiles responding to all
selection criteria were available. This restriction was applied to avoid profiles that
were only temporally fulfilling all the selection criteria of this method and in itself
might have been part of a more turbid conditions.

3.4.1. Instrumentation
One of the main objectives of the ACI monitoring scheme was to develop a

method that can be easily applied at various observatories. To achieve that it was
necessary to base this method on a widely spread set of instruments. Those instru
ments include cloud radar, lidar and microwave radiometer. In this study we used
specifically data from: (1) a Kaband 35.5 GHz cloud radar MIRA, (2) a CHM15X
ceilometer operating at 1064 nm and (3) HATPRO (Humidity and Temperature Pro
filer) microwave radiometer (MWR) operating at 14 frequencies  7 frequencies
between 22 and 31 GHz (Kband) and 7 frequencies between 51 and 58 GHz (V
Band). Data from the cloud radar MIRA and the HATPRO MWR is used for the
retrieval of cloud microphysical properties, specifically cloud droplet effective ra
dius re and cloud droplet number concentration Nd. Both microphysical parameters
are retrieved in accordance with [13]. Data is resampled to an uniform timeheight
resolution. Time resolution is 30 seconds and height resolution (range gate) is 31.2
meters.
Moreover, cloud radar MIRA measures the Doppler velocity, which is used to mea
sure updraft within the cloud. Data from HATPRO MWR is also used to measure
liquid water path (LWP), which is used to divide data into bins. This division is made
in order to consider data in conditions approaching constant amount of water avail
able. In principle the size of LWP bins should be as small as possible. In order to
have a representable data sample we make each bin 15 gm2 wide. Finally, data
from CHM15X ceilometer is used to measure a proxy of the aerosols concentration
(i.e. the integrated value of the attenuated backscatter coefficient (ATB) [17]). Ta
ble 3.1 summarises all relevant parameters and the instruments that were used to
measure and/or retrieve them. Figure 3.1 presents the distribution of all measured
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quantities used in this study.
We use an additional measurement from cloud radar, the Doppler velocity, to mea
sure updraft and downdraft. The ACI metrics are expected to be stronger in the
updraft areas as that’s where aerosols is activated into cloud droplets. Figure 3.2
presents the histogram of Doppler velocity in the aggregated dataset. Note that we
use the average of Doppler velocity from the cloud base to two gate ranges within
the cloud.

3.4.2. Aerosols background at CESAR
A limited amount of studies of ACI processes were focused until now on the

continental lowlevel liquid water clouds [e.g., 6, 26]. Most studies were focused
on marine or coastal liquid water clouds [e.g., 7, 9, 15]. The CESAR Observatory is
located in the western part of the Netherlands. The liquid water clouds observed
over CESAR have characteristics of continental clouds. Further, the aerosols back
ground is typically continental. Aerosols over CESAR are mainly represented by a
organic aerosols as well as high concentration of ammonium nitrate [27]. This type
of aerosols background is important to study as it can be directly related to the
anthropogenic emissions [28].

3.4.3. Selected dataset
As we mentioned in the previous sections, due to the microphysical scale of

the ACI processes data need to be aggregated only under similar meteorological
conditions (as defined in Section 3.3.1). This is to make sure that ACI processes are
not obscured by other meteorological processes. Figure 3.3 presents histograms of
the meteorological conditions of the aggregated dataset. The values of pressure
and temperature show small variation, represented by a small value of the relative
standard deviation (rsd), 0.03 for pressure and 0.01 for temperature. The variation
of specific humidity is larger, with rsd of 0.22. To secure that the amount of available
water is constant, we divide data into bins of LWP. It is important to note that for
the Cloudnet dataset meteorological conditions are provided by the KNMI Regional
Atmospheric Climate Model (RACMO) [25].

3.5. Results and discussion
3.5.1. ACI metrics

ACI metrics are representing the response of cloud microphysical properties (re
and Nd) to aerosols properties (aerosols concentration is represented by ATB). To
accurately quantify ACI the amount of available water should be kept constant. To
meet this requirement we divide data into bins of LWP. Each LWP bin is 15 gm2
wide. Calculations are made for the bins between 30 and 150 gm2. The lower limit
of the LWP analysis range was chosen as twice the typical uncertainty of the HATPRO
MWR measurements (15 gm2). The upper limit is the approximate precipitation
threshold [9]. For every LWP bin we also calculate the Pearson productmoment
correlation coefficient, r (Eq. 3.8).
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Figure 3.1: Histograms of the measurements and retrievals for the aggregated dataset.
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Figure 3.2: Histograms of the Doppler velocity for the aggregated dataset.

Figure 3.3: Histograms of the meteorological data for the aggregated dataset.
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Table 3.2: ACIr (Eq. 3.4) together with Pearson productmoment correlation coefficient, r, calculated
between ln(re) and ln(ATB) calculated for the aggregated dataset. Data is divided in to bins of LWP.
ACIr is calculated for the whole dataset and only for the updraft areas. The number of measurements
in each bin (n) and the percentage of data available for the updraft only areas is also presented.

Whole dataset Only updraft
LWP bin ACIr r n ACIr r n %

30 < LWP < 45 0.016 0.038 468 0.078 0.204 161 34.40
45 < LWP < 60 0.011 0.023 418 0.029 0.069 133 31.82
60 < LWP < 75 0.065 0.140 269 0.205 0.373 69 25.65
75 < LWP < 90 0.011 0.023 183 0.075 0.161 48 26.23
90 < LWP < 105 0.085 0.180 140 0.128 0.375 37 26.43
105 < LWP < 120 0.001 0.001 76 0.271 0.730 15 19.74
120 < LWP < 135 0.046 0.068 57 0.034 0.066 16 28.07
135 < LWP < 150 0.104 0.175 48 0.111 0.203 13 27.08

ACIr

To calculate ACIr we used Eq. 3.4. Table 3.2 compares the calculated values
of ACIr and the correlation coefficient, r, for the whole dataset and for the updraft
regime only. The range of values within the physical limits (between 0 and 0.33,
see Section 3.2) for the whole dataset is from 0.001 to 0.085. These values are in
agreement with other studies concerned with quantifying ACIr in continental clouds.
[8] reported values of ACIr between 0.04 and 0.17 in a study over the groundbased
remote sensing site at the Southern Plains in Oklahoma, USA. For the same site,
[6] reported values of ACIr between 0.02 and 0.16. The maximum value of ACIr
calculated in this study is lower than in the above mentioned studies.
In the dataset from the CESAR Observatory we can see that values of ACIr are
generally within the physical limits for the LWP values from 60 to 135 gm2. This
may indicate that ACIr is a process that is significant only for certain values of LWP.
When the values of LWP are high, above 135 gm2, other processes within the cloud,
such as collision and coalescence, are dominant and obscure the ACI process.
To further investigate the impact of LWP on ACIr we selected only the profiles which
were corresponding to the updraft regime. This was done based on the Doppler
velocity. Firstly, it’s important to note that the dataset is significantly limited when
considering only the updraft regime, only 30% of the profiles in the aggregated
dataset are located in the updraft regime. However, we observe a considerable
increase in the value of both ACIr and the correlation coefficient, r. Again, we can
see that the values of ACIr increase with the increasing value of LWP. ACIr seems
to be higher for the values of LWP between 60 and 135 gm2, with an exception of
LWP between 75 and 90 gm2. Note that for LWP above 135 gm2 values of ACIr
are exceeding the physical boundaries and indicate that the process is no longer
observable. The increase of ACIr in the updraft regime should be further investigate
in a dataset with more profiles, as the reduction of the sample size is significant.
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Table 3.3: ACIN (Eq. 3.3) together with Pearson productmoment correlation coefficient, r, calculated
between ln(Nd) and ln(ATB) calculated for the aggregated dataset. Data is divided in to bins of LWP.
ACIN is calculated for the whole dataset and only for the updraft areas. The number of measurements
in each bin (n) and the percentage of data available for the updraft only areas is also presented.

Whole dataset Only updraft
LWP bin ACIN r n ACIN r n %

30 < LWP < 45 0.141 0.100 468 0.068 0.049 161 34.40
45 < LWP < 60 0.170 0.118 418 0.009 0.008 133 31.82
60 < LWP < 75 0.490 0.308 269 0.479 0.280 69 25.65
75 < LWP < 90 0.235 0.181 183 0.137 0.101 48 26.23
90 < LWP < 105 0.222 0.142 140 0.326 0.268 37 26.43
105 < LWP < 120 0.034 0.021 76 0.084 0.065 15 19.74
120 < LWP < 135 0.269 0.169 57 0.149 0.113 16 28.07
135 < LWP < 150 0.180 0.123 48 0.041 0.038 13 27.08

ACIN
The response of the cloud droplet concentration to the aerosols background is

an approximation of the activation process. ACIN can be directly linked to Eq. 3.2.
We calculate the relative change of Nd with the change of ATB from Eq. 3.3. For the
aggregated dataset from CESAR Observatory the value of ACIN is 0.21. The value
of 0.19 is very small, often values reported in the literature vary between 0.48 and
0.99 [9, and references within]. However, it has been noted before that the size
of aerosols may influence the value of ACIN. Smaller aerosols size tends to yield
smaller ACIN [9]. Based on the aerosols background at the CESAR Observatory
(see Section 3.4.2) we expect a smaller size of the aerosols particles. Another
possible explanation is that values of Nd used in this study are calculated for the
whole cloud and the ACI process is expected mostly in the cloud base and cloud top
area. It is also important to note that the retrieval of Nd has very high estimated
uncertainties, ranging between 40 and 60% [13]. Those uncertainties are mainly
due to the instruments and algorithms errors and were discussed extensively in
[13]. In comparison, the uncertainty of the re ranges between 10 and 15%. We
expect that this high uncertainty is responsible for the low value of ACIN calculated
for the whole dataset.
As we mentioned above, based on the theoretical relationships between aerosols
and cloud droplets ACIN is not dependent on the LWP. However, in this study we
decided to test if there is a dependence of ACIN on the LWP by dividing data into the
same bins of LWP as with the calculation of ACIr. Table 3.3 presents the comparison
of the ACIN calculated for each LWP bin for the whole dataset and only for the
updraft regime. What is striking, is that similar as in the case of ACIr the highest
values of ACIN are present in the range between 60 and 105 gm2. We further
selected only the points within the updraft regime. Again, consistently with ACIr,
the highest values of ACIN are noted for the LWP between 60 and 75 gm2. For the
values LWP above 105 gm2 the increase of the value of ATB no longer corresponds
to the increase of the value of Nd.
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ACIN and ACIr are theoretically related as in Eq. 3.5. In the dataset analysed in this
study this relation is not always present. We expect that the main reason for that is
the discrepancy between how ACIN and ACIr are calculated. In particular: for the
calculation of ACIr we only use the values of re in the cloud base area (defined as the
range between the cloud base and 30 meters into the cloud) and for the calculation
of ACIN the value of Nd is derived for the whole cloud. Another important reason
might be the high uncertainty of the Nd retrieval. Also, ACIN is harder to derive.
Based on this study, we can say that ACIr seems to give more realistic results as
they are broadly in agreement with the previous studies (see Section 3.5.1).

3.5.2. Impact of updrafts
Activation of the aerosols particles into cloud droplets is invigorated in the up

draft zones [29]. In this study we identified updraft areas with the use of the
Doppler velocity (w). Tables 3.2 and 3.3 compare the results of ACIr and ACIN
calculated for all LWP bins. Both parameters seem to indicate stronger relation
between cloud properties (re and Nd) and aerosols properties (ATB) in the updraft
areas. This is implicated by the increase of both the ACI metrics as well as the
correlation coefficients. The invigoration of ACI processes in the updraft regime
was also reported in previous studies [16]. It is important to note that the amount
of available profiles is greatly diminished by the selection of updraft areas only.
Specifically, the amount of profiles in the updraft regime is reduced by 70% com
pared to all the selected profiles. The number of samples in LWP bins over 105
gm2 is too small to make significant conclusions. However, we can clearly observe
that both ACIr and ACIN have the highest values in the LWP bins between 60 and
105 gm2.

3.5.3. Relation with LWP
One of the conditions for observing changes in microphysical properties of clouds

due to an aerosols number concentration initially postulated by [3] was the con
stant amount of water available. Over the past decades different studies used that
conditions with liberty. In the satellite remotesensing quantification of ACI the
constraint of LWP is often omitted [e.g., 30]. In the groundbased remote sensing
methods the constraint on LWP is kept, but the size of LWP bins varies greatly. The
division into LWP bins is important as it is still not clear if ACI is a significant process
in different LWP regimes.
In this study we divided data into LWP bins 15 gm2 wide. This was the lowest
width of the bin that was allowed by the instrument restrictions (see Section 3.4.1).
We saw significant changes in the calculated values of both ACIr and ACIN in differ
ent LWP bins. When the considered LWP bins are wider, those differences are not
visible and it is difficult to define the conditions that invigorate the ACI processes.
The drawback of applying small bins is the sample size. However, what we wanted
to present with this method is the variety of values in different bins. Figure 3.4
presents the values of ACIr plotted against LWP for both the whole dataset and the
selected profiles in the updraft regime. We can observe an increase of ACIr with
LWP in the range between 60 and 105 gm2 for both the updraft and the whole
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Figure 3.4: Scatter plot between ACIr and LWP for all data points and the data points located in the
updraft areas in the aggregated dataset.
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Figure 3.5: Scatter plot between ACIN and LWP for the data points located in the updraft areas of the
aggregated dataset.

dataset. What is interesting, is the negative value, and therefore outside of the
physical boundaries, of the ACIr for very small (30 to 60 gm2) and very high (135
to 150 gm2) values of LWP. This may indicate that the ACI processes are only ob
servable in certain LWP conditions. Importantly, this is even more pronounced in
the updraft regime. It should be noted that the negative values of ACIr can also
be caused by the small sample size and the errors in the retrieval of re. Figure 3.5
presents the values of ACIN plotted against LWP for both the whole dataset and the
selected profiles in the updraft regime. The most striking observation here is that
the value of ACIN in the updraft regime is in the majority of the LWP bins lower than
in the whole dataset, unlike in the case of ACIr where the updraft regime is related
with the higher values of ACIr in comparison to the whole dataset. The possible
explanation for this phenomenon is, like we mentioned before, the difference in the
calculation method: ACIr being calculated for the cloud base region only, whereas
ACIN is calculated for the whole cloud.

3.5.4. Relation between correlation coefficient (r ) and ACIr
Most of the studies concerned with aerosol–cloud interactions calculate either

ACIr (Eq. 3.4), ACIN (Eq. 3.3) or both to quantify the relationship between aerosols
and cloud properties. As we explained before, in mathematical terms ACIr and
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ACIN are a slope of the regression line calculated between natural logarithm of the
aerosols properties and a natural logarithm of the cloud properties. The aerosols
property is treated as the independent variable and the cloud property is the de
pendent variable. As we shown in Section 3.2, correlation coefficient and slope of
the regression line are related as in Eq. 3.6.
For the dataset from the CESAR Observatory we compared the values of ACIr with
the values of the correlation coefficient. We did this comparison for every LWP bin
for the whole dataset and then separately only for the profiles corresponding to
the updraft area and to the downdraft area. Figure 3.6 presents the scatter plot
between ACIr and the correlation coefficient. We can observe most of the values of
ACIr that fall outside of the physical bounds are observed for the downdraft areas
of the whole dataset or for the very small or very high bins of the LWP. This further
underlines the impact of the updraft and LWP on the aerosol–cloud interactions.
The relation between the correlation coefficient and ACIr is mathematically sound,
however, not often presented in the literature. Based on the analysed dataset we
can say that the lower the value of the correlation coefficient between aerosols and
cloud properties, the higher the calculated value of the ACIr. However, this relation
between the two parameters is only significant when data is sampled at a high tem
poral and spatial resolution and divided into bins of LWP to simulate the condition
of a constant amount of available water. In case of no constraint on LWP or data
with a low spatial resolution (i.e. satellite remote sensing aggregated datasets) the
calculation of the correlation coefficient will become irrelevant, as the variance of
the dataset will be minimized by the aggregation [11]. In case of the ACI monitor
ing scheme calculating both ACIr and the correlation coefficient is relevant, as data
is collected with a temporal and spatial resolution that corresponds to the scale of
the aerosol–cloud interactions processes.

3.6. Summary and conclusions
In this chapter a direct application of the Aerosol–Cloud Interactions monitoring

scheme was presentes as described in [17]. We used a Cloudnet dataset from the
CESAR Observatory in the Netherlands. Data were collected during the ACCEPT
measurement campaign in October  November 2014. We aggregated daily mea
surements into one dataset based on the similar meteorological conditions. We only
considered nonprecipitating, lowlevel liquid water clouds. All forms of precipita
tion were disregarded based on the Cloudnet target categorisation. Investigated
clouds had the cloud base located between 500 and 2000 m above ground level.
Lastly, we only used periods when conditions corresponding to the above men
tioned criteria were persisting for at least 30 minutes.
For the aggregated dataset we calculated ACI metrics using cloud droplet effective
radius (re) following Eq. 3.4 and cloud droplet number concentration (Nd) following
Eq. 3.3. The aerosols properties were represented by the integrated attenuated
backscatter coefficient (ATB). For both ACI metrics we also calculate Pearson’s mo
ment correlation coefficient, r. For all the above mentioned calculations data were
divided into bins of liquid water path (LWP), where every bin was 15 gm2 wide.
The calculated values of ACIr were ranging from 0.001 to 0.085, which correspond
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with the values reported in the previous studies. For the low (between 30 and 60
gm2) and high (above 135 gm2) values of LWP we observed negative, and there
fore outside of the physical bounds, values of ACIr. This is an indication that the
ACI processes are not easily observable in those LWP conditions and are possibly
obscured by other cloud processes. The values of ACIN were significantly lower
than those reported in the literature. We attribute that to two reasons. Firstly,
the retrieval of Nd is susceptible to high error, varying between 40 and 60% due
to instrument errors and retrieval assumptions. Secondly, the aerosols background
over the CESAR Observatory is characteristic of the continental aerosols background
whereas most studies calculating ACIN are located in the marine or coastal areas.
The size of continental aerosols is significantly smaller which can lead to smaller
values of ACIN. Further, the ACIN is calculated considering the information from the
whole cloud profile, whereas ACIr is calculated only in the cloud base area, where
the ACI processes are the strongest. Considering high uncertainty of Nd retrieval,
we recommend the calculation of ACIr for accounting the impact of aerosols on the
cloud microphysical properties.
We also evaluated the impact of the vertical wind speed at the cloud base and
LWP on ACI metrics. In the analysed dataset both of those parameters showed
clear impact on the values of ACIr. The values of ACIr were highest for the LWP
between 60 and 105 gm2. For the higher values of LWP other processes, such as
collision and coalescence, seem to be dominant and obscure the ACI processes.
This may indicate that the approximated precipitation threshold (150 gm2) should
be lowered and the Cloudnet target categorization reevaluated. The values of ACIr
are higher when only data points located in the updraft regime were considered.
As indicated in previous studies, the updraft is an important factor in invigorating
aerosol–cloud interactions. The values of ACIr in the downdraft regime were often
outside of the physical bounds. It is desirable to only consider data points located
within the updraft regime. However, it should be noted that selection of updraft
regime only significantly decreases the data sample size.
The ACI metrics are used to account for the proportionality factor between aerosols
number concentration and cloud droplet number concentration (Eq. 3.2). In this
study we explained that the correlation coefficient and ACI metrics can be related
for the highresolution dataset, as ACI metrics are the slope of the regression line
between cloud and aerosols properties. Therefore, a lower value of the correlation
coefficient will indicate the increase of the ACIr.
The method presented in this study enables monitoring aerosol–cloud interactions
daily and further aggregating daily data into bigger datasets. We showed that it
can be easily implemented at any observatory using Cloudnet data format. How
ever, one should keep in mind that the specific conditions between the stations
may vary and combining data points from various stations should be made only
after assesing each one of them separately. The method describe in this paper
could be implement at each station separetely and then combie and compare the
results from observatories with similar conditions. Such a comparison would be
very valuable for a better understanding of the aerosol–cloud interactions, but was
beyond the scope of this research project. A widespread network of ACI monitor
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ing could lead to estimating more accurately the drivers of this process in various
conditions. This methodology was developed with a purpose of integration into the
Cloudnet network products. Further, as the methodology presented here is based
on the remotesensing instruments only, it could be adapted to the satellite remote
sensing and observation of ACI processes in the cloud top area. Such an adaptation
would have to be done with care and account for all the requirements of the data
selection necessary for this method.
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4
Estimating optical extinction
of liquid water clouds in the

cloud base region

Karolina Sarna, D.P. Donovan, H.W.J. Russchenberg

Accurate lidarbased measurements of cloud optical extinction, even though
perhaps limited to the cloud base region, are useful. Arguably, more ad
vanced lidar techniques (e.g. Raman) should be applied for this purpose.
However, simpler polarization and backscatter lidars offer a number of prac
tical advantages (e.g. better resolution, more continuous and numerous time
series). In this paper we present a backscatter lidar signal inversion method
for the retrieval of the cloud optical extinction in the cloud base region. Though
a numerically stable method for inverting lidar signals using a farend bound
ary value solution has been earlier demonstrated and may be considered
wellestablished (i.e. the Klett inversion), the application to highextinction
clouds remains problematic. This is due to the inhomogeneous nature of
real clouds, the finite rangeresolution of many practical lidar systems and
multiplescattering effects. We use an inversion scheme where a backscatter
lidar signal is inverted based on the estimated value of cloud extinction at
the far end of the cloud and apply a correction for multiplescattering within
the cloud and a range resolution correction. By applying our technique to the
inversion of synthetic lidar data, we show that for a retrieval of up to 90 m
from the cloud base it is possible to obtain the cloud optical extinction within

This chapter has been published in Atmospheric Measurement Techniques Discussions [preprint] [1]
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the cloud with an error better than 5%. In relative terms, the accuracy of the
method is smaller at the cloud base but improves with the range within the
cloud until 45 m and deteriorates slightly until reaching 90 m from the cloud
base.
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4.1. Introduction
Lidar was used to probe the atmosphere ever since 1960 [e.g., 2, 3]. Lidar

measurements facilitate characterization of the atmosphere and have many differ
ent applications, including determining properties of aerosols [4] and clouds [5].
Lidars possess a unique ability to observe the optical properties of clouds such as
cloud extinction coefficient (𝛼). Through an inversion of the backscattered power
received by a lidar system, an estimate of the cloud extinction coefficient can be re
trieved [6]. This optical property of the cloud can be linked to cloud’s microphysical
properties [7]. Although lidar can only penetrate a small part of a cloud, typically
100 to 300 meters from the cloud base, the cloud base region is of a strong interest
for studies concerned with cloud formation and aerosolcloud interactions [8].
Despite the long history of lidar measurements and the vast amount of data avail
able, very few quantitative evaluations of the cloud optical extinction retrieval ac
curacy under realistic conditions exist [e.g., 9, 10]. Lidar signal inversion in realistic
conditions is more difficult due to the effects of finite lidar range resolution and
multiplescattering occurring within the cloud.
In this paper we present a procedure to retrieve the cloud optical extinction co
efficient, using a single field of view (FOV) depolarization lidar. We use the Klett
solution [6] with the inclusion of a multiplescattering correction [11, 12] and an
explicit treatment of the molecular and cloud contributions to the returned signal
[13]. We demonstrate, using synthetic lidar signals generated using a MonteCarlo
RT model fed with LargeEddy simulation (LES) fields, that useful extinction profiles
can be retrieved using simple elastic polarization lidars.
The outline of the paper is as follows. In Sect. 4.2 we present background material.
In Sect. 4.3 we give a brief description of the EarthCARE Simulator (ECSIM) and
scenes created for this investigation. Sect. 4.4 presents the results of the inver
sion and discusses the issues related to conducting accurate inversions and present
our methodology to address them. We conclude the paper with a summary of the
findings and an outlook of possible applications.

4.2. Lidar signal inversion
The singlescattering lidar equation for a twocomponents atmosphere (cloud

and molecular) can be defined as

𝑃(𝑧) = 𝐶𝑙𝑖𝑑
𝑧2 (𝛽𝑐,𝜋(𝑧) + 𝛽𝑚,𝜋(𝑧)) 𝑒−2∫

𝑧
0 (𝛼𝑐(𝑧′)+𝛼𝑚(𝑧′))𝑑𝑧′ , (4.1)

where z is the altitude, P(z) is the received power as a function of altitude, Clid is
the lidar calibration constant, 𝛽𝜋 is the atmospheric backscatter coefficient, 𝛼 is the
atmospheric extinction coefficient and the ’c’ and ’m’ subscripts distinguish between
cloud and molecular backscatter and extinction Fernald [13]. As the Klett solution
applies strictly to a onecomponent atmosphere we introduce 𝛼′ and 𝑃′ in order to
account for the mixed contributions from cloud/aerosols and molecular scattering
Fernald [13]. If we define

𝛼′(𝑧) = 𝛼𝑐(𝑧) + 𝑆(𝑧)𝛽𝑚,𝜋(𝑧), (4.2)
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and
𝑃′(𝑧) = 𝑆𝑃(𝑧)𝑒2∫

𝑧
0 (𝛼′𝑚(𝑧′))𝑑𝑧′𝑒−2∫

𝑧
0 (𝑆𝛽𝑚(𝑧′))𝑑𝑧′ . (4.3)

Then Equation 4.1 can be recast as

𝑃′(𝑧) = 𝐶𝑙𝑖𝑑
𝑆(𝑧)
𝑧2
𝛼′(𝑧)𝑒(−2∫

𝑧
𝑜 𝛼′(𝑧′)𝑑𝑧′), (4.4)

which has the general form of the singlecomponent lidar equation and has the
wellknow solution.
In order to calculate the optical cloud extinction coefficient, 𝛼′, we invert Equation
4.1 following the analytical solution to the lidar equation proposed by Klett [6].

𝛼′(𝑧) =
𝑃′(𝑧)𝑧2
𝑃′(𝑧0)𝑧20

1
𝛼′0
+ 2∫𝑧0𝑧 ( 𝑃

′(𝑧)𝑧2
𝑃′(𝑧0)𝑧20

) 𝑑𝑧′
, (4.5)

where:
𝛼′0(𝑧0) = 𝛼𝑐(𝑧0) + 𝑆𝛽𝑚,𝜋(𝑧0). (4.6)

S is the extinctiontobackscatter ratio (S = 𝛼(z)/𝛽𝜋(z) here assumed to be range
independent within the cloud) and for the water clouds and wavelengths in the
range from 200 to 1064 nm it is around 16 sr [14]. 𝛼′0 is the extinction coefficient
at a reference height z0. Following the method established by Klett [6] and later
Fernald [13] we estimate the value of the extinction coefficient at the far end of the
range interval to retrieve the full profile of the extinction coefficient. This method
was tested for cloudy and foggy conditions and proved appropriate for retrieving
the extinction values and it shows small dependence on the estimated extinction
boundary value (𝛼′0) when the optical thickness of the range interval is increasing
[9, 15].
Although the principle of this method of lidar signal inversion is straightforward,
there is a number of issues that must be addressed to ensure accurate results.
Section 4.4.1 outlines these difficulties and presents possible ways of overcoming
them. In this work we make use of simulated lidar signals for which the ’true’
extinction profiles are know. The simulations include the effects of realistic cloud
structure, the effects of finite lidar range resolution and lidar multiplescattering.

4.3. ECSIM Simulations
To evaluate the retrieval of the cloud extinction we use synthetic signals pro

duced using the lidar MonteCarlo radiative transfer model component of the Earth
CARE simulator (ECSIM) which has been modified for groundbased simulations
[16]. ECSIM is a tool to simulate measurements of four instruments, namely: the
94GHz cloud profiling radar, the high spectral resolution lidar at 353 nm, the multi
spectral imager and the broadband radiometer. The lidar model takes into account
polarization, multiplescattering and the effects of finite lidar range resolution. The
ECSIM radar model was also used in this paper in an ancillary role. To retrieve
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information about the cloud extinction we only need information from lidar. How
ever, information from radar can be used for a further analysis of the scene. Radar
can add the capability to identify regions of drizzle. It can also penetrate through a
liquid water cloud and hence is useful for establishing the height of the cloud top.
To create the scene used in this work, a liquid water content (LWC) field was gen
erated by a Large Eddy Simulation (LES) and introduced to ECSIM. The LES case
used was corresponding to one from the FIRE campaign [17]. The ECSIM simu
lation used specifically an output from the Dutch Atmospheric LES model (DALES)
[18]. DALES utilizes a twomoment bulk scheme to model precipitation [19], where
condensed water is qualified as either cloud water or precipitation and the num
ber density of cloud droplets is prescribed. The ECSIM scene is created based on
a snapshot of parameters extracted from DALES. Those parameters include tem
perature, pressure, nonprecipitable cloud water, precipitation water content and
precipitation droplet number density. Further, an explicit droplet size distribution
(DSD) is needed to create an ECSIM scene. As DALES does not provide DSDs, im
posed DSDs were used, based on the DALES output. The precipitation mode DSD
was based on the one from Khairoutdinov and Kogan [19]. The cloud mode DSDs
were found by assuming modified gamma type distribution with a width parame
ter of 5 and assuming a constant cloudnumber density, the effective radius of the
distributions was then calculated using the model LWC fields.
Figure 4.1 presents the cross section of the Radar Reflectivity Factor and the Atten
uated Backscatter Coefficient of the used cloud scene. For this study we performed
two simulations based on the same DALES output. One of the cloud scenes was
made to simulate Attenuated Backscatter Coefficient with the inclusion of multiple
scattering effects (refereed to later in the text as B𝑀𝑆) and the second simulation
was made for the single scattering Attenuated Backscatter Coefficient (refereed to
later in the text as B𝑆𝑆). This allowed us to directly compare the impact of the
multiplescattering on the retrieved values of the extinction coefficient, as well as
evaluate the correction for the multiplescattering presented in Section 4.4.1.

4.4. Inversion results
4.4.1. Difficulties in inversion steps
Defining the normalization interval

In order to obtain a profile of the optical cloud extinction from lidar returns
we need to invert the received power (Eq. 4.1) into a cloud optical extinction
coefficient as explained in Sec. 4.2. Following the solution proposed by Klett [15] it
is necessary to define the range interval where the signal can be normalized. The
value of extinction, 𝛼′0, is estimated at a certain height, z0, based, on the slope of
the least square straight line fitted to the curve ATB = ATB(z). The value of 𝛼′0 is
calculated as follows

𝛼′0 = −
1
2
𝑑𝑙𝑛𝐴𝑇𝐵
𝑑𝑧 , (4.7)

where ATB is the Attenuated Backscatter Coefficient (ATB(z) = P(z)z2) and dz is
the range resolution. Figure 4.2 presents the profile of the cloud optical extinction
retrieved based on the slope method. It shows clearly that the slope method is not
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cient (bottom panel) of the cloud scene produced with the ECSIM simulator. The magenta line indicates
the estimate of the cloud base height and the black line indicated the beginning of the normalization
interval.
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Figure 4.2: Profile of the extinction coefficient retrieved based on the slope method (Eq. 4.7) and the
true extinction profile calculated from ECSIM.

accurate at the cloud base and the retrieved values get closer to the true extinction
only at a certain height within the cloud. This is in accordance with a proposition
by [6], who postulated that the normalization height z0 where the value of 𝛼′0 is
estimated should be located at the far end of the cloud.
Another important aspect in deciding on the height of the normalization interval
is the profile of the Attenuated Backscatter Coefficient (ATB). In order to calculate
𝛼′0, ATB at the chosen height has to be still usable, meaning that the noise level
cannot be too high. Figure 4.3 presents the signal profile with marked normalization
interval. Note that the interval is above the peak of the signal and just before signal
starts to be noisy or lost. In this study we chose a threshold for the ATB usability
in the normalization interval at SignaltoNoise Ratio (SNR) of 20. We tested the
sensitivity of the inversion method to different values of SNR and found that values
below 20 tend to influence the retrieval in the higher parts of the cloud. The first
four bins within the cloud (up to 60 m within the cloud) are only affected by a mean
error increase of 3 %. If SNR is below 20 then the normalization interval has to be
set at a lower height.

Correcting the multiplescattering
Measurements of water clouds by lidar backscatter always involve some contri

bution from multiplescattering. In this study we use the multiplescattering cor
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Figure 4.3: Profile of the Attenuated Backscatter Coefficient and boundaries of the normalisation interval.

rection based on the accumulated depolarization ratio (𝛿acc) introduced by Hu et al.
[11] and further demonstrated by Cao et al. [20]. Lidar multiplescattering occurring
in water clouds can be linked to the depolarization ratio. At 180∘ backscatter direc
tion single scattering of spherical droplets retains the polarization of the incident
light. However, scattering at different scattering angels changes the polarization
state. For the liquid water clouds the depolarization of the signal can be attributed
to the multiplescattering [21].
Based on the above described characteristics of water clouds and lidar backscatter
Hu et al. [11] described a relation between the linear depolarization of the backscat
ter signal and the fraction of multiplescattering present in that signal. Based on the
Monte Carlo simulations of the multiplescattering signals for numerous scenarios
and different fieldsofview they derived the following relation:

𝐴𝑆(𝑧) =
𝐼𝑆(𝑧)
𝐼𝑇(𝑧)

≈ (1 − 𝛿𝑎𝑐𝑐(𝑧))2
(1 + 𝛿𝑎𝑐𝑐(𝑧))2

, (4.8)

where IS(z) is the integrated rangecorrected single scattering signal and IT(z) is the
integrated, rangecorrected totalscattering signal (single and multiplescattering).
Both signals are integrated between the cloud boundaries, where cloud base height
is established based on the lidar measurements and we use the top of the normal
ization interval instead of the cloud top as measurements above that height are no
longer relevant. 𝛿acc(z) is the accumulated depolarization ratio. It can be calculated
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Table 4.1: Mean error and accuracy of the cloud optical thickness extinction retrieval for different heights
above the cloud base. Data is retrieved by inverting simulated single scattering signal (B𝑆𝑆) signal with
𝛼′0 estimate calculated from Eq. 4.7. Results from two inversions are presented: one without any
correction and one with the application of the resolution correction calculated from Eq. 4.12 and 4.13
(noted with the subscript RES )

Distance from
cloud base AB𝑆𝑆 EB𝑆𝑆 AB𝑆𝑆 with RES EB𝑆𝑆 with RES

0.0 92.67% 8.72% 93.21% 8.28%
15.0 92.04% 8.72% 92.76% 8.07%
30.0 93.15% 6.99% 94.23% 5.96%
45.0 93.69% 6.35% 95.11% 4.97%
60.0 94.37% 5.63% 96.26% 3.80%
75.0 94.49% 5.51% 96.76% 3.28%
90.0 94.48% 5.52% 97.08% 2.93%

from the parallel and perpendicular components of the total backscattering signal:

𝛿𝑎𝑐𝑐(𝑧) =
𝐼𝑇,�(𝑧)
𝐼𝑇,∥(𝑧)

, (4.9)

where IT,�(z) is the total integrated perpendicular backscattered signal and IT,∥(z)
is the total integrated parallel backscattered signal.
In order to calculate the signal corrected for the multiple signal, in other words the
signal contributed only to the single scattering ATB𝑆𝑆, we use the following formula:

𝐴𝑇𝐵𝑆𝑆(𝑧) = 𝐴𝑆(𝑧)𝐴𝑇𝐵𝑀𝑆(𝑧) + 𝐼𝑇(𝑧)
𝑑𝐴𝑆
𝑑𝑧 , (4.10)

where AS is the correction factor calculated from Eq. 4.8, ATB𝑀𝑆 is the total range
corrected signal, the IT(z) is the integrated, rangecorrected totalscattering signal
and 𝑑𝐴𝑆

𝑑𝑧 is the derivative of the correction factor from Eq. 4.8. The last term of
Eq. 4.10 can be used to evaluate the depolarization both in simulated and real
conditions. The value of 𝑑𝐴𝑆𝑑𝑧 should always be negative within the cloud because
higher within the cloud more multiplescattering occurs and a smaller part of the
signal can be associated only with the single scattering.
Figure 4.4 presents samples of retrieved profiles with and without the correction
for the multiplescattering (noted as MS correction) plotted against the cloud optical
thickness (𝜏). Applying the MS correction improves greatly the accuracy and min
imizes the error of the retrieved profiles (for more detailed information see Table
4.2). Based on the data analysis performed for this paper we can conclude that
multiplescattering correction has a big impact on the accuracy of the retrieved
cloud optical extinction.

Effects of the range resolution
The finite range resolution of the lidar signal is another factor that influences

the final results of the inversion. The range resolution of lidar varies depending on
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the system and the larger it is the higher might be its impact on the final inversion
results. Problems with the resolution of lidar were mentioned before [22], but were
never really studied and no solution to the problem was proposed so far.
The difficulty associated with the range resolution occurs since practical lidar data is
always acquired at a finite resolution and thus must be interpreted using a discrete
form of solution to the lidar equation. The continuous form of the equation 4.5 is
often naively transformed into a discrete form, where the integration is transformed
into a summation using e.g. the trapezoid rule, yielding

𝛼′𝑖 =

𝑃′𝑖 𝑧2𝑖
𝑃′𝑖0𝑧

2
𝑖0

1
𝛼′0
+ 𝑃′𝑖 𝑧2𝑖 Δ𝑧 + 2∑

𝑖0−1
𝑖+1 𝑃′𝑖 𝑧2𝑖 Δ𝑧 + 𝑃′𝑖0𝑧

2
𝑖0Δ𝑧

. (4.11)

Although this is a common practice when transforming continuous equation to dis
crete form in algorithms, it may not be sufficiently accurate. If the value of 𝛼′Δz is
small enough, then the approximation by the use of the trapezoid rule is accurate
and the resulting value of 𝛼′ corresponds to the bin midpoint. However if that
value is large, the applied approximation is not correct anymore. The detailed ex
planation of the calculations is presented in 4.6.
Based on the calculations for the midpoint of the bin we define the resolution
correction (RES and RES2) as follows:

𝑅𝐸𝑆(𝑧) = 𝑒𝛼′(𝑧)Δ𝑧
𝑒𝛼′(𝑧)Δ𝑧 − 𝑒−𝛼′(𝑧)Δ𝑧 , (4.12)

and

𝑅𝐸𝑆2(𝑧) =
2𝛼′(𝑧)Δ𝑧

𝑒𝛼′(𝑧)Δ𝑧 − 𝑒−𝛼′(𝑧)Δ𝑧 , (4.13)

where 𝛼′(z) is the retrieved cloud optical extinction and Δz is the height resolution.
In order to apply this correction factor we need to perform the inversion in two
steps. Firstly, we invert the lidar signal and apply the multiplescattering correc
tion. The resulting optical cloud extinction (𝛼) from the first inversion is used in
the range resolution correction (Eq. 4.12 and 4.13) and then the corrected signal
is inverted again.
Figure 4.4 presents the retrieved profiles of 𝛼 with the multiplescattering correc
tion (denoted as MS) and with the multiplescattering correction together with the
range resolution correction (denoted as MS & RES). We observe that while the MS
correction on its own improves the retrieval greatly, after application of the RES
correction values of 𝛼 are closer to the true value of extinction coefficient. The
importance of the resolution correction can be easily presented when we inverted
the simulated single scattering signal (B𝑆𝑆, as mentioned in Section 4.3). Table 4.2
presents error and accuracy of the inversion results (as described in Section 4.4.3).

4.4.2. Estimating cloud base height
Although it is not directly connected to the inversion procedure, an accurate

estimation of the cloud base height is also a challenging problem in cloud obser
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vation. In this study we use the peak of the lidar perpendicular signal to evaluate
the cloud base height. Lidar power (P(z), Eq.4.1) from a depolarization lidar can be
divided into the parallel (P(z)∥) and perpendicular power (P(z)�). In every profile
we find the peak of the perpendicular power (P(z)� 𝑚𝑎𝑥) and estimate the cloud
base to be at the height where P(z) is equal or greater than P(z)� 𝑚𝑎𝑥 divided by
ten. We found that this estimate predicts the height of cloud base with a good ac
curacy for the liquid water clouds. Figure 4.1 presents the Radar Reflectivity Factor
and the Attenuated Backscatter Coefficient for the scene used in this study. Both
panels present the estimate of the cloud base height marked with a magenta line.
Examining the panel with the ATB we see that our estimate is a good approximation.

4.4.3. Signal inversion error and accuracy
In this study we use the ECSIM cloud scene to test the accuracy and estimate

the error of the lidar signal inversion. The dataset from ESCIM gives us information
about the true value of optical extinction coefficient within the cloud. Thanks to
that we can calculate the percent error and the accuracy of the inversion method by
comparing the retrieved value to the true (simulated) value of the optical extinction
coefficient. For those calculations we use the following formulas:

𝐸𝐵𝑆𝑆𝑜𝑟𝐵𝑀𝑆 =
𝛼𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 − 𝛼𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑

𝛼𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑
∗ 100%, (4.14)

to estimate the percent error, and:

𝐴𝐵𝑆𝑆𝑜𝑟𝐵𝑀𝑆 =
𝛼𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑
𝛼𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑

∗ 100%, (4.15)

to estimate the accuracy, where the subscript B𝑆𝑆 is used when we are inverting
signal from the single scattering simulation and the subscript B𝑀𝑆 is used for the
simulations from the multiplescattering simulations. For the whole dataset the
mean values for each height above the cloud base are presented in Table 4.1 for
B𝑆𝑆 and in Table 4.2 for B𝑀𝑆.
As we indicated before, values retrieved at the cloud base (defined as being 0 m
from the cloud base in Table 4.1 and 4.2) are the ones with the biggest percent
error. This stems from the difficulty in the signal inversion at very small values of
cloud optical extinction. We observe a great improvement of the accuracy of the
inversion further within the cloud. We present values of the inversion error and ac
curacy for the retrieval without any correction and for the retrieval only with the res
olution correction (AB𝑀𝑆 with RES and EB𝑀𝑆 with RES), only with the multiplescattering
correction (AB𝑀𝑆 with MS and EB𝑀𝑆 with MS) and with both the multiplescattering and
the resolution correction (AB𝑀𝑆 with RES&MS and EB𝑀𝑆 with RES&MS).
For the results of the inversion of the B𝑆𝑆 signal we tested how can the resolution
correction improve the results of the retrieval. Table 4.1 presents the mean error
and accuracy calculated at different levels within the cloud. We observed an in
creased impact of the resolution correction deeper within the cloud. At a distance
45 to 90 m from the cloud base the resolution correction almost doubles the ac
curacy. This is mostly due to an increase in the value of cloud optical extinction
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(𝛼). As we explain in the Appendix 4.6, the resolution correction is less relevant
for small values of 𝛼. Inversion of the signal with the simulated multiplescattering
(B𝑀𝑆), and thus far more resembling actual measurements, is understandably less
accurate. Table 4.1 presents mean error and accuracy of the retrieved cloud op
tical extinction for different heights above the cloud base. Inversion without any
correction had a mean error ranging from 40% at cloud base to 26% in the cloud.
We observed that with the resolution correction only the error can be improved by
up to 3%. The correction for the multiplescattering has a much bigger impact, it
improve the inversion error by around 35% at the cloud base and by 20% higher
within the cloud. By combining the resolution and multiplescattering correction the
error of the inversion can be improved to between 6% at the cloud base and 34%
within the cloud. We observed that the inversion is most accurate between 30 and
60 m within the cloud. Figure 4.5 presents the crosssection of the retrieval percent
error of the cloud optical extinction for the inversion of simulated multiplescattering
signal with the inclusion of the resolution and multiplescattering correction. The
increase of the error above 60 m from the cloud base mainly is due to an underes
timation of the value of cloud optical extinction at the normalisation height (𝛼0).
The accuracy of the retrieval is connected to the cloud optical thickness. Figure 4.6
presents scatter plots of the retrieved values of 𝛼 with the multiplescattering and
range resolution correction plotted against the modelled ones. The data is divided
by the value of the optical thickness, 𝜏, where

𝜏(𝑧) = ∫
ℎ

0
𝛼′(𝑧)𝑑𝑧, (4.16)

𝛼 is the cloud optical thickness and h is cloud depth. Every panel includes an
imposed red line which represents an equality between the modeled and retrieved
values. We also used a colour scaling, where the color bar represents the value
of cloud optical extinction at every point. The error (Eq. 4.14) and accuracy (Eq.
4.15) for each bin on the optical thickness is also presented. We observed that
the inversion method works best for the values of 𝜏 between 0.6 and 1.05. The
error for values of 𝜏 above 1.5 is higher and the retrieved cloud optical extinction is
underestimated. The probable cause of this behaviour of the retrieval is the loss of
a signal with the increase of the cloud optical thickness. For the optical thickness
below 0.6 and further below 0.15 the important factor influencing the accuracy of
the retrieval is the estimation of the cloud base region.
Figure 4.5 presents the cross section of the cloud optical thickness and the retrieval
percent error. Here again we can clearly see that the percent error is highest close
to the cloud base, ranging between 8%15%, and deeper within the cloud it rarely
exceeds 7%. This means that when inverting the lidar signal it is important to
carefully examine the first range above the cloud base.

4.4.4. Impact of alpha’0 estimation
Klett [6] stated that the value of 𝛼′0 does not influence much the final results

of the inversion. In our study we tested this statement by performing inversion
with the actual value of extinction at the normalisation height z0 instead of the
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panel). The magenta line on both panels represents the estimated height of the cloud base and the
black line is the beginning of the normalization interval.
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Figure 4.6: Scatter plots of the retrieved cloud optical extinction (with the multiplescattering and range
resolution correction) versus the modeled cloud optical extinction from the ECSIM divided into panels
depending on the value of the optical thickness. The red line is imposed and represents the equality
between the modeled and retrieved values. The colorbar represents the value of the cloud optical
thickness at each point. The error (Eq. 4.14) and accuracy (Eq. 4.15) for each bin of the optical
thickness is also presented.
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Table 4.3: Mean error and accuracy of the cloud optical thickness extinction retrieval for different heights
above the cloud base. Data is retrieved by inverting simulated multiplescattering signal (B𝑀𝑆) with
both the resolution and the multiplescattering correction, with 𝛼0 equal to the true extinction at the
normalization height z0 (noted as 𝛼true) and in the second case with 𝛼0 estimate calculated from Eq.
4.7 (noted as 𝛼slope).

Distance from
cloud base AB𝑀𝑆 for 𝛼true EB𝑀𝑆 for 𝛼true AB𝑀𝑆 for 𝛼slope EB𝑀𝑆 for 𝛼slope

0.0 98.71% 5.77% 98.94% 5.72%
15.0 97.79% 4.77% 98.03% 4.69%
30.0 98.55% 3.06% 98.94% 2.98%
45.0 99.74% 2.52% 100.27% 2.47%
60.0 97.30% 3.50% 98.20% 2.97%
75.0 97.48% 3.72% 98.84% 2.92%
90.0 96.37% 4.66% 98.12% 3.24%

value calculated from the slope method (4.7). The results of this inversion are
presented in Table 4.3. The error for the inversion with the multiplescattering and
resolution correction is improved by around 0.5%. The error improvement is more
significant for the values retrieved above 60 m from the cloud base. This is due to
the underestimation of the value of 𝛼′0 with the slope method (Figure 4.2). We also
tested the accuracy of the calculated 𝛼′0 by comparing it to the actual value of 𝛼 at
the normalization height z0. The mean accuracy of 𝛼′0 for the whole data set was
95%, with the minimum accuracy of 89% and the maximum one of 112%.

4.5. Conclusions
In this paper we presented a method of lidar signal inversion for the retrieval

of the cloud optical extinction in the cloud base region. This method was first pre
sented by Klett [6]. We showed that with the correction for the multiplescattering
within the cloud and the resolution correction this method can be successfully used
for the retrieval of the cloud optical extinction. Both those corrections are essential
to improve the accuracy of the retrieved extinction profile and minimize the error.
We presented the performance of the retrieval based on the synthetically created
cloud scene where responses of the lidar to a specific cloud conditions were simu
lated. Even though in some case the cloud base was not varying much in height,
the analyzed data indicated that signal inversion close to the cloud base (specifi
cally at the range of the detected cloud base) is prone to error. The retrieval of the
cloud optical extinction works better at higher values of the optical thickness. It
is therefore our recommendation to use only data points located at least one gate
range above the detected cloud base height. We also showed that the approxima
tion of 𝛼′0 calculated with the slope method can be used as an estimation of actual
cloud optical extinction at the normalization height. More importantly, improving
the value of 𝛼′0 by using the actual extinction at the normalization height does not
improve the retrieved values significantly if the correction for the multiplescattering
and range resolution is implemented.
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We showed that the inversion of the lidar signal with the proposed corrections yields
a good estimate of the cloud extinction. Not only is this method fast, but also, be
cause of the use of a standard backscatter depolarization lidar, can be applied to
multiple systems and used operationally. Through a link between cloud microphys
ical properties and the optical extinction this can provide a valuable dataset to be
used in the studies of cloud microphysics and impacts of clouds on the climate.
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4.6. Appendix A  Derivation of the resolution correction
The difficulty associated with the range resolution occurs since practical lidar

data is always acquired at a finite resolution and thus must be interpreted using a
discrete form of the lidar equation. The singlescattering lidar continuous equation,
in term of the range corrected signal B(z) can be defined as:

𝐵(𝑧) = 𝐶𝛼′(𝑧)𝑒−2∫
𝑧
0 𝛼(𝑧′)𝑑𝑧′ , (4.17)

where C is the lidar constant, 𝛼′ is the cloud optical extinction and z is range or in
therms of optical thickness 𝜏 as:

𝐵(𝑧) = 𝐶𝑑𝜏𝑑𝑧𝑒
−2𝜏(𝑧), (4.18)

where 𝜏 is the cloud optical thickness. In the discrete form, backscatter signal for
one point B𝑖 is defined as

𝐵𝑖 = ∫
𝑧𝑖+

Δ𝑧
2

𝑧𝑖−
Δ𝑧
2

𝐵(𝑧)𝑑𝑧. (4.19)

Applying the form from the Eq. 4.18 we can say that:

𝐵𝑖 = −𝑐2𝑒
−2𝜏(𝑧)|

𝑧𝑖+
Δ𝑧
2

𝑧𝑖−
Δ𝑧
2

, (4.20)

which is equal to

𝐵𝑖 =
𝑐
2 [𝑒

−2𝜏(𝑧𝑖) − 𝑒−2𝜏(𝑧𝑖+
Δ𝑧
2 ) + 𝑒−2𝜏(𝑧𝑖−

Δ𝑧
2 ) − 𝑒−2𝜏(𝑧𝑖)] (4.21)

and
𝐵𝑖 =

𝑐
2 [𝐵𝑖,1 + 𝐵𝑖,2, ] (4.22)

as ilustrated on figure 4.7. The difference between B𝑖 and B𝑖,1 can be then calcu
lated

𝐵𝑖
𝐵𝑖,1

= −(1 − 𝑒
−2(𝜏(𝑧+Δ𝑧2 )−𝜏(𝑧))

1 − 𝑒−2(𝜏(𝑧−
Δ𝑧
2 )−𝜏(𝑧))

) + 1. (4.23)

If we assume that

𝜏(𝑧 + Δ𝑧2 ) + 𝜏(𝑧) ≈
𝛼′Δ𝑧
2 (4.24)

and

𝜏(𝑧 + Δ𝑧2 ) − 𝜏(𝑧) ≈ −
𝛼′Δ𝑧
2 (4.25)

Eq 4.23 becomes

𝐵𝑖
𝐵𝑖,1

= −1(1 − 𝑒
−𝛼′Δ𝑧

1 − 𝑒𝛼′Δ𝑧 ) = −
𝑒𝛼Δ𝑧 − 𝑒−𝛼′Δ𝑧
1 − 𝑒𝛼′Δ𝑧 . (4.26)
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Figure 4.7: Illustration of the discrete form of the lidar equation.
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We can then calculate B𝑖,1,

𝐵𝑖,1 = 𝐵𝑖 (
𝑒𝛼′Δ𝑧

𝑒𝛼′Δ𝑧 − 𝑒−𝛼′Δ𝑧 ) (4.27)

and thus we define the resolution correction RES which equals

𝑅𝐸𝑆 = 𝑒𝛼′Δ𝑧
𝑒𝛼′Δ𝑧 − 𝑒−𝛼′Δ𝑧 . (4.28)

In cases when 𝛼′Δz will be large:

𝐵𝑖,1 ≈ 𝐵𝑖 (
𝑒𝛼′Δ𝑧
𝛼′Δ𝑧 ) ≈ 𝐵𝑖 , (4.29)

and if 𝛼′Δz will be small:

𝐵𝑖,1 ≈ 𝐵𝑖 (
𝛼′Δ𝑧
2𝛼′Δ𝑧) ≈

1
2𝐵𝑖 . (4.30)

The value of RES will be around 0.5 and it’s applied to the lidar power signal,
specifically in the calculation of the integral in the term ∫𝑧0𝑧 ( 𝑃

′(𝑧)𝑧2
𝑃′(𝑧0)𝑧20

) 𝑑𝑧′ in Eq. 4.5,
where the usual value of 12 used in the trapezoidal rule of integration is replaced
by a corresponding RES. If that values of RES will be higher or smaller we have
to compensate so that the equalities of Eq. 4.6, specifically [B𝑖,1 + B𝑖,2], are not
greater than one. For that we derived the second part of the resolution correction
RES2. RES2 is defined as

𝑅𝐸𝑆2 =
2𝛼′Δ𝑧

𝑒𝛼′Δ𝑧 − 𝑒−𝛼′Δ𝑧 . (4.31)

The value of RES2 cannot be higher than 1. RES2 is applied in the first term of Eq.
4.5, so that 𝑃′(𝑧)𝑧2

𝑃′(𝑧0)𝑧20
becomes (𝑃′(𝑧)𝑧2)𝑅𝐸𝑆2(𝑧)

(𝑃′(𝑧0)𝑧20)𝑅𝐸𝑆2(𝑧0)
.



4

80 References

References
[1] K. Sarna, D. P. Donovan, and H. W. J. Russchenberg, Estimating optical ex

tinction of liquid water clouds in the cloud base region, Atmospheric Measure
ment Techniques Discussions 2021, 1 (2021).

[2] R. T. H. Collis, Lidar: A new atmospheric probe, Quarterly Journal of the Royal
Meteorological Society 92, 220 (1966).

[3] G. Fiocco and L. D. Smullin, Detection of Scattering Layers in the Upper At
mosphere (60–140 km) by Optical Radar, Nature 199, 1275 (1963).

[4] D. Müller, U. Wandinger, D. Althausen, I. Mattis, and A. Ansmann, Retrieval of
Physical Particle Properties from Lidar Observations of Extinction and Backscat
ter at Multiple Wavelengths, Applied Optics 37, 2260 (1998).

[5] D. D. Turner, Arctic MixedPhase Cloud Properties from AERI Lidar Observa
tions: Algorithm and Results from SHEBA, Journal of Applied Meteorology 44,
427 (2005).

[6] J. D. Klett, Stable analytical inversion solution for processing lidar returns.
Applied optics 20, 211 (1981).

[7] a. Kokhanovsky, Optical properties of terrestrial clouds, EarthScience Reviews
64, 189 (2004).

[8] A. McComiskey and G. Feingold, The scale problem in quantifying aerosol in
direct effects, Atmospheric Chemistry and Physics 12, 1031 (2012).

[9] W. Carnuth and R. Reiter, Cloud extinction profile measurements by lidar using
{Klett}’s inversion method, Appl. Opt. 25, 2899 (1986).

[10] F. Rocadenbosch, A. Comerón, and D. Pineda, Assessment of Lidar Inversion
Errors for Homogeneous Atmospheres, Applied Optics 37, 2199 (1998).

[11] Y. Hu, Z. Liu, D. Winker, M. Vaughan, V. Noel, L. Bissonnette, G. Roy, and
M. McGill, Simple relation between lidar multiple scattering and depolarization
for water clouds. Optics letters 31, 1809 (2006).

[12] G. Roy and X. Cao, Inversion of water cloud lidar signals based on accumulated
depolarization ratio. Applied optics 49, 1630 (2010).

[13] F. G. Fernald, Analysis of atmospheric lidar observations:, Applied Optics 23
(1984).

[14] J. E. Yorks, D. L. Hlavka, W. D. Hart, and M. J. McGill, Statistics of {Cloud}
{Optical} {Properties} from {Airborne} {Lidar} {Measurements}, J. Atmos.
Oceanic Technol. 28, 869 (2011).

[15] J. D. Klett, Lidar inversion with variable backscatter/extinction ratios, Appl.
Opt. 24, 1638 (1985).

http://dx.doi.org/10.5194/amt-2020-504
http://dx.doi.org/10.5194/amt-2020-504
http://dx.doi.org/ 10.1002/qj.49709239205
http://dx.doi.org/ 10.1002/qj.49709239205
http://dx.doi.org/10.1038/1991275a0
http://dx.doi.org/ 10.1364/AO.37.002260
http://dx.doi.org/10.1175/JAM2208.1
http://dx.doi.org/10.1175/JAM2208.1
http://dx.doi.org/10.1364/AO.20.000211
http://dx.doi.org/ 10.1016/S0012-8252(03)00042-4
http://dx.doi.org/ 10.1016/S0012-8252(03)00042-4
http://dx.doi.org/10.5194/acp-12-1031-2012
http://dx.doi.org/ 10.1364/AO.25.002899
http://dx.doi.org/10.1364/AO.37.002199
http://dx.doi.org/10.1364/OL.31.001809
http://dx.doi.org/10.1364/AO.49.001630
http://dx.doi.org/ 10.1175/2011JTECHA1507.1
http://dx.doi.org/ 10.1175/2011JTECHA1507.1
http://dx.doi.org/10.1364/AO.24.001638
http://dx.doi.org/10.1364/AO.24.001638


References

4

81

[16] D. P. Donovan, H. Klein Baltink, J. S. Henzing, S. R. de Roode, and a. P.
Siebesma, A depolarisation lidarbased method for the determination of liquid
cloud microphysical properties, Atmospheric Measurement Techniques 8, 237
(2015).

[17] B. A. Albrecht, D. A. Randall, and S. Nicholls, Observations of marine stra
tocumulus clouds during FIRE, Bulletin  American Meteorological Society 69,
618 (1988).

[18] T. Heus, C. C. van Heerwaarden, H. J. J. Jonker, A. Pier Siebesma, S. Ax
elsen, K. van den Dries, O. Geoffroy, A. F. Moene, D. Pino, S. R. de Roode,
and J. VilàGuerau de Arellano, Formulation of the Dutch Atmospheric Large
Eddy Simulation (DALES) and overview of its applications, Geoscientific Model
Development 3, 415 (2010).

[19] M. Khairoutdinov and Y. Kogan, A New Cloud Physics Parameterization in a
LargeEddy Simulation Model of Marine Stratocumulus, Monthly Weather Re
view 128, 229 (2000).

[20] X. Cao, G. Roy, N. Roy, and R. Bernier, Comparison of the relationships be
tween lidar integrated backscattered light and accumulated depolarization ra
tios for linear and circular polarization for water droplets, fog oil, and dust,
Appl. Opt. 48, 4130 (2009).

[21] K. Sassen and R. L. Petrilla, Lidar depolarization from multiple scattering in
marine stratus clouds, Applied Optics 25, 1450 (1986).

[22] B. Evans, On the Inversion of the Lidar Equation, Tech. Rep. (Research and
Development Branch Department of the National Defence Canada, 1984).

http://dx.doi.org/ 10.5194/amt-8-237-2015
http://dx.doi.org/ 10.5194/amt-8-237-2015
http://dx.doi.org/ 10.1175/1520-0477(1988)069<0618:OOMSCD>2.0.CO;2
http://dx.doi.org/ 10.1175/1520-0477(1988)069<0618:OOMSCD>2.0.CO;2
http://dx.doi.org/10.5194/gmd-3-415-2010
http://dx.doi.org/10.5194/gmd-3-415-2010
http://dx.doi.org/ 10.1175/1520-0493(2000)128<0229:ANCPPI>2.0.CO;2
http://dx.doi.org/ 10.1175/1520-0493(2000)128<0229:ANCPPI>2.0.CO;2
http://dx.doi.org/10.1364/AO.25.001450
http://www.dtic.mil/cgi-bin/GetTRDoc?Location=U2{&}doc=GetTRDoc.pdf{&}AD=ADA149653




5
Summary and Outlook

83



5

84 5. Summary and Outlook

5.1. Summary
In this thesis a method of observing and quantifying aerosolcloud interactions

with groundbased remote sensing instruments working in synergy was presented.
Aerosolcloud interactions remain one of the most uncertain contributors in the cli
mate models. The main motivation of this thesis was to propose a scheme that
can help reduce that uncertainty by providing continuous measurement and quan
tification of the aerosolcloud interactions. The method is based on highresolution
ground based remote sensing instruments. In order to capture the process we use
information from Lidar to capture the aerosols background, from radar to capture
the cloud properties and from radiometer to ensure that the amount of available
water remains the same. The presented scheme was developed specifically for
the Cloudnet network. Cloudnet observatories are widely spread through Europe
and a re able to provide a large coverage of measurement on a converted uniform
grid. The presented ACI method utilises Cloudnet categorisation product to select
data for a specific target only, namely liquid water clouds and aerosol. In order to
decouple the ACI process from a bigger scale meteorological phenomena data is
further chosen based on the variation in temperature, pressure and humidity. In
Chapter 2 data is analysed on a daily basis and in Chapter 3 an aggregated data
set is used. In both cases data is always selected based on the amount of water,
for which we use the Liquid Water Path (LWP).

In Chapter 2 data was divided into LWP bins of 10 gm2 and analysed for a
number of days. Data was obtained at the Atmospheric Research Measurements
(ARM) Mobile Facility on Graciosa Island, the Azores, Portugal. This specific site was
chosen due to an availability of pristine liquid water clouds which are best suited
for testing the ACI method. In this study the metric to quantify the aerosolcloud
interactions (ACIr) was based on the aerosols backscatter measured by lidar and
cloud droplet effective radius derived from radar and radiometer observations. It
was shown that the impact of aerosols on clouds was strongest for the low level
liquid water clouds, with the LWP ranging between 40 and 70 gm2. For clouds with
a higher amount of water other processes, most probably collision and coalescence
become dominant cloud processes.

In Chapter 3 the ACI method was applied to an aggregated data set collected at
the CESAR Observatory in the Netherlands. Again the method was only applied to
nonprecipitating, low level (with a cloud base between 500 and 2000 m above the
ground level) liquid water clouds. As in this study was aggregated automatically
an additional filter was introduced to ensure that no single points from a specific
cloud are taken into the statistics. Only the case where all cloud selection criterias
were persisting for at least 30 minutes were considered in the study. The metrics
used to quantify aerosolcloud interactions in this study was ACIr and additionally
ACIN, which is a metric derived from the aerosols backscatter from lidar and from
the cloud droplet number concentration derived from radar and radiometer obser
vations. The calculated values of the ACIr were in line with the values obtained
by similar studies. However the ACIN metric showed a relevant discrepancy with
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previous studies, showing a much lower value than those reported in literature.
The reason for that is threefold: the uncertainty of the retrieval of the cloud droplet
number concentration ranges between 40 and 60% in itself, further the calculation
of the cloud droplet number concentration is performed for the whole cloud and
not only for the cloud base region where the ACI process is taking place and lastly
comparing with the literature in this case is tricky, as most commonly the data for
ACI is collected in the marine environments, which is not the case for Cabauw. In
this study the highest values of ACIr were recorded for the LWP between 60 and
105 gm2. It was also demonstrated that there is a significant increase in ACIr when
only the cloud updraft regions were considered.

In Chapter 4 a method was presented to estimate cloud optical extinction in
the cloud base region. This method is based on lidar measurements and utilises a
well established Klett inversion scheme to obtain cloud extinction profile between
the cloud base and up to 90 m within the cloud. The retrieval is dependent on the
cloud optical thickness: it is most accurate for the cloud optical thickness between
0.15 and 1. The estimation at the cloud base is more difficult. For the height above
90 m the lidar signal is lost and the inversion is no longer possible. This method
presents an alternative cloud optical characterisation proxy and can be used in the
ACI method described in Chapter 2 and 3. Since the retrieval is based only on
the measurements from lidar, it would allow for an even further Overall this thesis
showed that it is possible to approximate aerosolcloud interaction with the ground
based remote sensing instruments. By no means is this an exhaustive method that
gives the most accurate results. But it was also not the goal of it. The main goal was
to use widely available instruments to make it possible to characterize aerosolcloud
interactions with the same method over a large area. By applying this method to
the CLOUDNET network it will be possible to have an estimation of the contribution
of the aerosolcloud interactions over Europe.

5.2. Outlook
The logical follow up of the work presented in this thesis is threefold:

• Extension of the method by the inclusion of the Cloud extinction as a cloud
properties proxy. The inversion scheme described in Chapter 4 can be used
instead or in addition to the radar measurements in the ACI method. In case
both proxies are used a possible crossvalidation of the cloud properties would
be possible. In case of using only the lidar measurements it would be possible
to characterise aerosolcloud interactions on even more sites, since UV lidars
and radiometers are more widely available (and cheaper) instruments than
cloud radars.

• Application of the method to the CLOUDNET network and comparison of the
results among different sites. As mentioned before, the ACI method was de
signed for the CLOUDNET data format hence application of this method to
multiple sites within the network will be possible. Further, since CLOUDNET
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data format is also available for many ARM sites, the method could be fur
ther applied. As envisaged this would allow to characterise the aerosolcloud
interactions over a large geographical area.

• Extension of the method to a satellite remote sensing application. One of
the upcoming ESA (European Space Agency) missions will enable to apply
the described method to the satellite measurements. EarthCARE will carry
an atmospheric lidar, cloud profiling radar and radiometer and hence will be
capable of characterising aerosolcloud interactions.

Additionally, during summer 2016 the ASCENSION Island Initiative (ASCII) project
in cooperation with KNMI took place. During a month of measurements a UVlidar
was deployed to Ascension Island as an extension of the CLARIFY2016 campaign
(CLouds and Aerosol Radiative Impacts and Forcing: Year 2016, lead by the Uni
versity of Reading). The method described in this study was the driver for starting
that campaign and was further modified for that specific application [1].
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