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1. Introduction
play a key role in the climate system and are crucially important for
Clouds
climate change. As Earth’s energy balance is determined by the amount
of incoming shortwave solar radiation (sunlight) and the outgoing longwave
radiation (mid- and thermal-infrared) emitted from the surface and the atmosphere, clouds can alter this balance and affect the Earth’s climate system in
a variety of ways (Stephens, 2005). Clouds can both absorb and reflect solar
radiation, cooling the Earth’s surface, and absorb and emit longwave radiation,
warming the Earth’s surface (Wallace and Hobbs, 2006; Seinfeld and Pandis,
2006; Lamb and Verlinde, 2011; Lohmann et al., 2016) as shown schematically
in Fig.1.
The competition between these effects is regulated by the characteristics
of clouds, such as cloud height, thickness, and radiative properties (Painemal,
2018; Goldblatt and J. Zahnle, 2011; Aebi et al., 2017). The complexity of
clouds and their interactions with solar radiation represent the greatest difficulties in quantifying the effects of clouds on climate and in future projections
of climate change (Flato et al., 2013). Clouds can rapidly transport air, energy,
moisture, trace gases and aerosol particles from near the surface to the upper
level of the atmosphere, hence quickly changing the composition and status of
atmosphere. Moreover clouds are the source of precipitation and greatly regulate its distribution and amount (Lamb and Verlinde, 2011; Lohmann et al.,
2016; Sun et al., 2018).
Thanks to the advances in remote sensing technologies, nowadays it is possible to accurately monitor clouds and other atmospheric constituents on local
to global scales (Zhu et al., 2018). Remote sensing instruments do not directly
measure the parameter of interest, for example cloud fraction, instead they
detect the electromagnetic radiation transmitted, scattered, or emitted (radiance) in a given portion of the atmosphere. This electromagnetic radiation
carries information about the atmosphere, and the role of a retrieval (or inversion) algorithm is to extract this information from the measurement and derive
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Figure 1: A schematic representation of Earth’s radiation balance drawn after (Lamb
and Verlinde, 2011).

the state and composition of the atmosphere. In other words, retrieval algorithms are developed to deduce properties of atmospheric constituents from the
measured radiance and provide the relevant physical value (retrieval) through
a suitable inversion method and an accurate forward model (inverse theory)
(Huang et al., 2005).
Global data sets of cloud properties are routinely gathered using satellites,
such as MODIS (Moderate Resolution Imaging Spectroradiometer), POLDER
(Polarization and Anisotropy of Reflectances for Atmospheric science coupled
with Observations from a Lidar), CALIPSO (Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation), OMI (Ozone Monitoring Instrument)
or AATSR (Advanced Along Track Scanning Radiometer). The traditional approaches to cloud detection (Rossow and Garder, 1993; Ackerman et al., 1998;
Hulley and Hook, 2008; Hagolle et al., 2010; Heidinger et al., 2012; Zhu and
Woodcock, 2014; Parmes et al., 2017) are based on the fact that the clouds
tend to appear brighter and colder than the land surface. These methods
imply difficulties in detecting clouds above bright (highly reflective) surfaces,
such as snow, ice and deserts, because they mislead the retrieval algorithms to
interpret the high measured reflectance as if it was reflected by clouds. The
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detection of clouds is addressed in Paper I of this thesis. To this end the capability of artificial neural networks (ANN) for detecting clouds is tested using
radiances measured at the top of the atmosphere with the NASA-Aura Ozone
Monitoring Instrument (OMI). Besides providing cloud coverage, cloud detection is a necessary step in the retrieval of almost any atmospheric parameter
from remote sensing data in the ultraviolet (UV), visible (VIS) or infrared (IR)
parts of the electromagnetic spectrum (Eresmaa, 2014; Go et al., 2017; Nilo
et al., 2018). Satellite observation of aerosols and clouds over the Baltic Sea
countries are used in Paper III to study how contrasting atmospheric backgrounds (i.e. clean Fennoscandia and more polluted Central-Eastern Europe)
impact upon clouds.
Satellite data are often complemented by ground-based observations which
are also used as a reference in the validation for space-borne measurements
(Marchand, 2016; Virtanen et al., 2018; Filonchyk et al., 2019). Unlike spaceborne sensors, ground-based remote sensing provides continuous vertically resolved observations at one location. Although generally reliable, the accuracy
of ground-based measurements is strictly dependent on the adopted inversion
method. The retrieval algorithm SYRSOC (SYnergistic Remote Sensing Of
Clouds) is applied in Paper II to derive microphysical and optical cloud properties of stratiform water clouds using the remote sensing suite at Mace Head,
Ireland. The measurements are compared to MODIS and AATSR satellite
retrievals.
Apart from the remotely-sensed observations, a branch of atmospheric
science focuses on the development of representation of cloud processes in
global climate models (Flato et al., 2013). Climate models represent a
powerful tool for investigating the response of the climate system to various
forcings as they enable climatic forecasts from seasonal to decadal timescales
and for estimating projections of the future climate over the coming centuries
(Collins et al., 2013; Christensen et al., 2013; Kirtman et al., 2013). Hence,
the evaluation of modeling diagnostics is a crucial task that establishes the
capabilities and reliability of models. Paper IV focused on this task and
it presents the evaluation of three three climate models with MODIS cloud
products.
By using remote sensing and models, the aims of this thesis are to:
• explore the capabilities and limitations of artificial neural networks for
estimating cloud fraction (Paper I)
• compare cloud retrievals from ground-based algorithms and satellite data
(Paper II)
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• use satellite data to evaluate cloud diagnostics from climate models
trough the application of satellite simulators (Paper IV)
• quantify the aerosol-cloud interactions and determine any contrasting results for heavily polluted areas against those for very clean areas (Paper
III and Paper IV)

Figure 2: Schematic summary of the topics (cloud detection, cloud properties and
aerosol-cloud interactions) and methods (satellite and ground-based observations,
models) used in this thesis.

The introductory section of this thesis is structured as follows: Sect.2 briefly
introduces the basics of clouds, aerosol and their interaction and Sect.3 presents
the research methods, which are illustrated in Fig.2. Section 4 presents the
main findings of this work and conclusion and future step are summarized in
Sect.6.
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2. Background
2.1. Light propagation through the atmosphere
Electromagnetic waves propagating through the atmosphere encounter gas
molecules, aerosol particles, cloud droplets and ice crystals which modify the
incident radiation by complex processes. The incoming radiation can be partly
reflected or reradiated, changing the direction of propagation (scattering), and
partly disappear by converting energy in heat or chemical energy (absorption).
Overall, absorption and scattering processes define how solar and terrestrial
radiation propagates through the atmosphere.
The nature of the interaction between electromagnetic waves and atmospheric constituents depends on the wavelength λ of the radiation and on the
size distribution of the constituents (Bohren and Huffman, 2007). The absorption and scattering properties of homogeneous spherical particles with sizes
comparable to λ can be derived using the Mie theory (Mie, 1908) which relates
λ to the size and the chemical composition of the object.
After travelling a path of length z, the beam of light is attenuated following
the Beer-Lambert law (Seinfeld and Pandis, 2006; Bohren and Huffman, 2007):
I(λ)
= exp(−σe (λ)z)
I0 (λ)

(1)

where I0 is the intensity of the incoming solar light at a wavelength λ, I is the
intensity of the light at a wavelength λ at a location z along the path and σe is
the extinction coefficient of the medium at a wavelength λ. The σe has three
main components:
• Rayleigh scattering by air molecules, which occurs when the size of the
air molecules is < 1/10 of the λ of I0 .
• Scattering and absorption by atmospheric aerosol particles, which is discussed in more details in Sect.2.2.
.
• Molecular absorption, whose main contributions are molecular oxygen
and ozone, which strongly absorb radiation in the ultraviolet, and water,
which strongly absorbs infrared radiation.
In the atmosphere solar radiation interacts with atmospheric constituents
(aerosol, clouds and gases), all of which can absorb and/or scatter the radiation
in certain spectral bands. The contributions from these various atmospheric
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constituents interacting with the radiation are additive (Wallace and Hobbs,
2006). Therefore, the total σE (λ) accounts for aerosol, clouds and gases:
σe (λ) = Σi σei
= Σi σai + Σi σsi

(2)

= Σi σagi (λ) + σsgi (λ) + σapi (λ) + σspi (λ) + Σi σaci (λ) + σsci (λ)
where the first letter of each subscript represents either absorption (a) or scattering (s) and the second the contribution of gas (g), aerosol (p) and clouds
(c). Furthermore, we can define Σi σei , Σi σai and Σi σsi as (Wallace and Hobbs,
2006):
σe (λ) = Σi σei = Σi ρi Kei = Σi Ni Kei
(3)
σa (λ) = Σi σai = Σi ρi Kai = Σi Ni Kai

(4)

σs (λ) = Σi σsi = Σi ρi Ksi = Σi Ni Ksi

(5)

where ρi and Ni are the density and particle (for example aerosol) number
concentration, respectively, of the ith constituent and K is the (dimensionless)
extinction efficiency.
The total amount of radiation scattered by particles for a given medium in any
direction is a function of particle composition and size. The composition determines the particle absorption properties. Particles that are very small compared to λ are scattering radiation in the Rayleigh regime, in which scattering
efficiency is K ∝ λ−4 , therefore very effective at short wavelengths (e.g. at UV
and the blue end of the visible spectrum), the scattering is divided evenly between the forward and backward direction of the radiation propagation. When
particle size is comparable to λ, the Mie regime, radiation propagates preferentially along the forward-scattering direction while geometric optics apply when
particles are much larger than λ (Lamb and Verlinde, 2011).

2.2. Aerosol
Minuscule liquid and solid particles suspended in the atmosphere, known as
aerosol particles, can be found mainly in the closest three kilometers to Earth’s
surface (Tian et al., 2017; Koffi et al., 2016). Aerosol particles can enter the
atmosphere directly in a particle form (i.e. dust, sea salt, pollen, organic compounds) or they can form in the atmosphere as a result of reactions between
gaseous compounds in a process known as nucleation (Kazil et al., 2010; Kulmala et al., 2012). The diameter of aerosol particles ranges from 1-2 nm for
freshly formed molecular clusters (Kulmala et al., 2013) to 100 µm for dust
or pollen, for example. Fine aerosol, with radius between 0.1 µm and 1 µm,
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can grow by condensation, where gaseous molecules condense on the particle
surface, or coagulation, where smaller fine aerosols collide and stick together.

Figure 3: Examples of anthropogenic and natural sources of aerosol particles.

The Earth’s atmosphere contains various types of aerosol particles (Fig.3)
with different concentrations and chemical compositions originating from biological sources (i.e. spores, seeds, pollen, sea salt, smoke from wild fires), solid
Earth (i.e. volcano emissions, dust), anthropogenic processes (dust from roads,
biomass burning, fuel combustion, industrial activities) and in-situ formation
due to condensation of gases (i.e. gas to particle conversion from precursor
gases such as sulfuric acid bases and volatile organic compounds) (Wallace and
Hobbs, 2006; Kalberer, 2015; Tegen and Schepanski, 2018; Hoesly et al., 2018).
Once emitted, aerosol particles are transported by the wind over long distances. Their residence time in the atmosphere varies from few days to weeks
(Fig.4), depending on the particle size, until they are removed from the atmosphere by precipitation, gravitation, cloud processing, collision with larger
particles or by sticking onto existing surfaces (i.e vegetation) (Kristiansen et al.,
2012; Bellouin and Haywood, 2015).
Aerosol particles can be described by their physical properties, such as size,
size distribution and shape, their chemical composition and optical properties,
such as extinction, scattering and absorption coefficients (Hansen and Travis,
1974).
The single scattering albedo w0 defines the scattering and absorption fractions of σe (λ):
σs
w0 =
(6)
σs + σa
The aerosol optical depth (AOD) is one of the most common aerosol optical
parameters is retrieved from aerosol remote sensing instruments, for example
MODIS (Fig. 4 and 5) and AERONET sunphotometers, and it is related to
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Figure 4: A true-color image from the Moderate Resolution Imaging Spectroradiometer (MODIS) over Northern Italy, on March 17, 2005. Northern Italy is a highly
populated and industrialized area. The the Alps block the transport of the air between
northern Italy and the rest of Europe and large amount of air pollution can accumulate in the air even for days. Therefore, it often happens that the sky in the Po valley
area appears hazy: this phenomena is captured in the satellite snapshot and it can be
clearly observed by human eye. From the image hazy skies extend over the Po Valley
and reach the Adriatic sea. Credit: Jeff Schmaltz, MODIS Land Rapid Response
Team. Reprinted with permission from NASA Goddard Space Flight Center.
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the amount of aerosol in the vertical column of the atmosphere in the observed
direction. It is defined as:
AOD(λ) = ∫

TOA
0

σep (λ, z)dz

(7)

where the extinction coefficient σep accounts for aerosol absorption and aerosol
scattering σep = σap + σsp and AOD is the integrated σep over the total atmospheric column, i.e. from the surface z = 0 to the top of the atmosphere z =
TOA.
The Ångström exponent (AE) describes the wavelength dependency of the
AOD (Ångström, 1929):
1
log AODλ
AODλ2
AE = −
(8)
log λλ12
and qualitatively indicates the aerosol particle size (Ångström, 1929; Moosmüller et al., 2009; Dhar et al., 2018; Lack and Langridge, 2013). Values of AE
≤ 1 are indicative of coarse particles, i.e. dust and sea salt, whereas values of
AE≥ 2 indicate the presence of fine particles, typically associated with urban
pollution or biomass burning (Shin et al., 2019; Zotter et al., 2017; Lack and
Langridge, 2013).

Figure 5: Monthly averaged (July 2019) AOD from MODIS/Aqua. Light blue pixels
show high aerosol concentrations, while dark blue pixels show lower concentrations,
and black areas show little or no aerosols. white shows where aerosol properties could
not be retrieved. The image is produced using the science data set Level 2 AOD 550
Dark Target Deep Blue Combined regridded at a 0.1 degrees spatial resolution. Credit:
original imagery by Reto Stockli, NASA’s Earth Observatory, using data provided by
the MODIS Atmosphere Science Team, NASA Goddard Space Flight Center. Modified
and reprinted with permission from NASA Goddard Space Flight Center.
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Depending on the the aerosol optical (determined by chemical composition)
properties, aerosols can scatter or absorb the shortwave and thermal radiation.
Scattering aerosols exert a cooling effect of the atmosphere, whilst absorbing
aerosol particles cause a local warming of the atmosphere at the level at which
they are located (Bellouin, 2015). In the recent Intergovernmental Panel on Climate Change’s (IPCC) Fifth Assessment Report (AR5) (Boucher et al., 2013)
these processes are called Radiative Forcing from Aerosol-Radiation Interaction (RFari). Additionally, aerosols indirectly affect climate by altering cloud
properties, such as albedo, droplet size, cloud radiation properties, and precipitation (Lohmann, 2006; Rosenfeld, 2006). For example, absorbing aerosol can
modify the evaporation rate of cloud droplets and warm the atmosphere, hence
hindering or enhancing cloud production, and consequently affecting precipitation (Lee, 2012; Rosenfeld and Givati, 2006; Zhou et al., 2017; Stjern et al.,
2017).
Aerosols may also act as cloud condensation nuclei CCN (Aitken, 1881) or
ice nuclei IN (DeMott et al., 1997), which are an indispensable element in cloud
formation and a relevant factor affecting cloud properties. Not all aerosols are
activated into CCN or IN and their activation strongly depends on their size,
chemical composition and mixing state.

2.3. Clouds
Clouds are the place in the atmosphere where water passes from its gaseous
phase (water vapour) to its liquid and/or solid phase. Clouds consist of microscopic droplets of liquid water (warm clouds), ice crystals (cold clouds),
or both (mixed-phase clouds). Their mean droplet radius is typically in the
range 10-20 µm for liquid clouds and 25-35 µm for ice clouds, a remarkable
size difference in comparison to raindrops and snowflakes which we all can see
without any equipment (Fig.6).
Clouds forms as a result of saturation of the air. The air is saturated when
the liquid and vapour phases are in equilibrium, the temperature is equal to
the dew point and the relative humidity is 100%. Saturation is reached either
by mechanisms cooling the air to its dew point or by adding moisture to the
air (Lamb and Verlinde, 2011).
When saturated air cools, for example via adiabatic cooling of an air parcel
by updrafts, the water vapour concentration exceeds the equilibrium value
below the dew point and the air becomes supersaturated. In this condition,
the supersaturated air can no longer contain the same amount of water vapor
and condensation may occur. Aerosol particles are a indispensable element in
cloud formation because they facilitate the conversion of water vapour into its
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Figure 6: Comparison of typical sizes of aerosols, cloud droplet and raindrop.

liquid (rain) and/or solid phase (ice crystals) by acting as a preferred surface
on which water vapour condense. For this reason, aerosol particles acting as
condensation surfaces are referred to as cloud condensation nuclei (CCN). The
ability of aerosol particles to activate as cloud droplets depends on aerosol
properties (i.e. size and hygroscopicity) and on the meteorological conditions
(i.e. water vapour, temperature and velocity updraft).
When enough vapour condenses onto the CCN and the supersaturation of
the air exceed a critical value according to Kölher theory, a cloud droplet is
formed (Köhler, 1936). The Kölher theory describes how the supersaturation
and the critical diameter for the cloud drop activation depend upon the size
and chemical composition of CCN. It indicates that as the supersaturation
increases, the size at which particles can be activated decreases. In other
words, the higher is the hygroscopicity and size of the particle, the lower is
the required supersaturation level for cloud droplet formation (Köhler, 1936;
Kulmala et al., 1996; Reutter et al., 2009; Mochida et al., 2011; Väisänen et al.,
2016).
However, condensational growth alone is not enough to form rain droplets
and ice-crystals. Other processes, such as collision-coalescence, riming and
aggregation, are responsible for precipitation events: if droplets collide with a
sufficient number of other droplets, they grow by collection into precipitationsized droplets and reach the surface in form of rain droplets or ice-crystals.
Clouds cover roughly two thirds of the globe (Mace et al., 2009), as shown
in Fig.7). The mid-latitude oceanic storm tracks and tropical precipitation
belts are particularly cloudy, while continental desert regions and the central
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Figure 7: Monthly averaged (July 2019) cloud fraction from MODIS/Aqua. Cloud
fraction is the portion of each pixel that is covered by clouds. Colors range from blue
(no clouds) to white (totally cloudy). The image is produced using the scientific data
set CloudFraction derived from the 1-km-pixel resolution Cloud Mask product. Credit:
original imagery by Reto Stockli, NASA’s Earth Observatory, using data provided by
the MODIS Atmosphere Science Team. Modified and reprinted with permission from
NASA Goddard Space Flight Center.

subtropical oceans are relatively cloud-free. At any given time, most clouds
are not precipitating (Sun et al., 2018).
In this thesis I adopt from Boucher et al. (2013) the commonly used vertical
classification of clouds that considers ‘high’ cloud above the 440 hPa pressure
level, ‘low’ below the 680 hPa and in between ‘mid-level’. High clouds (i.e. cirrus and deep cumulus) are mainly distributed near the equator and over tropical continents, but they also occur in the mid-latitude storm track regions and
over mid-latitude continents in summer. Mid-level clouds occur prominently
in the storm tracks and, less frequently, in the Intertropical Convergence Zone
(ITCZ). Low-level clouds are seen over mainly over oceans (Boucher et al.,
2013; Mace et al., 2009; Chepfer et al., 2010).
Clouds directly condition the transmission of sunlight and infrared radiation
in the atmosphere, consequently the temperature of Earth, and ultimately
climate, by scattering and absorbing incoming solar radiation and outgoing
longwave radiation (see Figure 1).
In general, the role of clouds on climate depends on their altitude and
thickness (Yan et al., 2016; Hang et al., 2019; L’Ecuyer et al., 2019). Highlevel clouds, such as cirrus clouds, consists of ice and reflect little sunlight but
efficiently trap infrared light emitted from Earth’s surface. Low-level clouds,
and to some extent mid-level clouds, such as stratus clouds strongly reflect
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incoming solar radiation and weakly impact on the outgoing infrared radiation, while cumulus clouds can block sunlight but also trap the Earth’s heat
depending on their heights and thicknesses. The overall effect of clouds on
climate is a cooling effect because the amount of solar radiation reflected back
to space by clouds is higher than the amount of infrared radiation emitted by
clouds towards the surface (Hartmann, 1993; Boucher and Quaas, 2007; Lamb
and Verlinde, 2011).
The cloud properties used in this thesis are introduced in Sect.3.
.

2.4. Aerosol-cloud interactions
As mentioned in the previous sections, aerosol particles and clouds play a key
role in the processes regulating Earth’s radiative budget. The recent Intergovernmental Panel on Climate Change (IPCC)’s Fifth Assessment Report (5AR)
(Boucher et al., 2013) indicates the interactions between aerosols, clouds and
radiation as the largest key climate uncertainty. Therefore, it is crucial to
improve the level of understanding of the effects of aerosol, clouds and their
interactions on atmospheric processes.
The nomenclature describing the aerosol-cloud-radiation interactions has
been changing throughout the years and the IPCC 5AR (Boucher et al., 2013)
introduced a new terminology, shown in Fig.8, to describe the two main mechanism perturbing Earth’s radiation balance:
• the radiative forcing due to aerosol-radiation interactions (RFari) encompasses what was previously referred to as the aerosol direct effects
and characterize the effect of aerosol particles interacting directly with
incoming sunlight or emitted thermal radiation through scattering and
absorption processes;
• the radiative forcing due to aerosol-cloud interactions (RFaci) comprises
what was previously known as the aerosol first indirect effect and describes any change to the Earth’s radiative budget due to the modification of cloud microphysical properties by aerosols.
The term aerosol-cloud interactions may be used in its most broad meaning to refer to any interaction between aerosol and clouds (Bellouin et al.,
2019). However, in this thesis it is quantified by the metric ACI which defines the change in an observable cloud property (e.g., cloud optical depth,
cloud effective radius, cloud droplet number concentration) to a change in a
cloud condensation nuclei proxy (e.g. aerosol optical depth, aerosol index, or
aerosol particle number concentration). If LWP is assumed to be constant
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Figure 8: Schematic summary of the interactions between radiation, aerosol and
clouds. The nomenclature adopted in the IPCC AR4 (Forster et al., 2007) is now
being replaced by the new terminology presented in the recent IPCC AR5 (Boucher
et al., 2013)

and additional CCN are inserted in a shallow warm cloud, a higher number of
CCN compete for the same amount of liquid water amount, leading to a larger
number cloud droplets of smaller size than the same cloud in unperturbed conditions. Consequently, the total surface area of the cloud droplets is larger,
more solar radiation is reflected back to space, making the cloud brighter, and
less radiation reaches the surface as the optical thickness of the cloud increases.
This effect is also known as the Twomey effect or cloud albedo effect or first
indirect effect (Twomey, 1977).
Furthermore, smaller droplets may also decrease the frequency of precipitation, consequently increasing the cloud lifetime (Albrecht, 1989) and cloud
coverage (Kaufman and Koren, 2006). The term adjustments is used nowadays
to indicate these processes (Boucher et al., 2013).
A widely-used approach to the assessment of ACI parameter is to follow the
methodology introduced by Feingold et al. (2003) and attribute perturbations
in a selected cloud property to changes in the chosen cloud condensation nuclei
proxy:
ACI =

dln(δ)
dln(σ)

(9)
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where δ is the observed cloud property (COT, CER, LWP or CDNC) and σ
the CCN proxy, as CCN are not a measurable quantity for most instrument
techniques (i.e. for satellite instrumentation). Aerosol loading is often used as
a proxy (Andreae, 2009) which is usually expressed by the aerosol optical depth
(AOD) or the aerosol index (AI), derived as the product of AOD × ÅE, or the
Fine Mode AOD (AODf), the part of the total AOD which is contributed by
fine mode aerosol particles.
It is important to highlight that using AOD as a surrogate of CCN implies
the following shortcomings:
• AOD from satellite observations are limited for aerosol particles with
diameter larger then 0.1 µm (Seinfeld et al., 2016);
• high relative humidity causes aerosols to swell and create difficulties in
deriving size distributions (Neubauer et al., 2017; Liu and Li, 2018);
• AOD measurements may be biased due to cloud contamination or cloud
obstruction (Koren et al., 2008; Yang et al., 2014; Zhu et al., 2015);
• AOD is a total column measurement which does not provide any information regarding the proximity to clouds nor about the aerosol size
distinction nor the aerosol type (Stier, 2016);
Next, some of the challenges and limitations in assessing ACI are highlighted. AOD retrievals are limited to cloud-free conditions, which creates challenges to studying the ACI where the intention is to study collocated aerosol
and cloud observations. Unless height-resolving instruments (i.e. lidars) are
considered, the vertical location of the AOD level is unknown. Aerosol and
cloud measurements may contain retrieval errors, which are further propagated to ACI estimates, as well as they reciprocally may bias the respective
retrievals (Jia et al., 2019). The interpretation of the observed aerosol-cloud
relationships is complicated by the effect of meteorology (Quaas et al., 2010;
Gryspeerdt et al., 2014, 2016; Brenguier et al., 2003). As cloud formation
happens in high humidity conditions, aerosol humidification can severely affect the assessment of ACI by causing positive correlation between AOD and
cloud properties (Myhre et al., 2007; Quaas et al., 2010; Grandey et al., 2013;
Gryspeerdt et al., 2014). Additionally to aerosol particles, water vapour also
affects precipitation (Boucher et al., 2013), obviously linked to the presence
of clouds, and consequently causes spurious correlations between aerosols and
clouds (Koren et al., 2012).
This thesis tackles the assessment of the ACI by using remote sensing observations and global modeling of warm liquid stratiform clouds deriving estimates
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of ACI from local to global scales. Many studies derived ACI estimates from
local to global scales using in-situ (Werner et al., 2014) and ground-based (Qiu
et al., 2017) measurements, satellite observations (Ma et al., 2018) or modeling
approaches (Gryspeerdt et al., 2017), or a combination of modeling diagnostics
and observations (Ban-Weiss et al., 2014). The advances in the level of understanding are, however, limited by the intrinsic limitations of each approach
(Seinfeld et al., 2016; Lohmann et al., 2016; Bellouin et al., 2019).
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3. Data & methods
The goal of studying Earth’s atmospheric constituents is to improve the understanding of atmospheric processes. A deeper knowledge on atmospheric composition enables advances in monitoring and improving air quality as well as
in predicting future climate responses to changes in natural and anthropogenic
emissions. Observations from satellite instruments, ground-based measurements and model diagnostics are fundamental tools for monitoring the atmosphere.

3.1. Space-borne remote sensing
3.1.1. MODIS retrievals
The Moderate Resolution Imaging Spectrometer (MODIS) is a 36-channel radiometer flying aboard the Terra and Aqua satellites since 2000 and 2002,
respectively. MODIS views the entire Earth’s surface every 1 to 2 days, thus
providing an extensive data set of global Earth observations. MODIS delivers
a wide range of atmospheric products including aerosol and cloud properties,
water vapour and atmospheric stability variables.
MODIS Level-1 (L1) products are geo-located brightness temperature values, which are converted to geophysical data products at Level-2 (L2) using
retrieval algorithms, which can be aggregated into a uniform space-time grid
at Level-3 (L3).
The 1-km (at nadir) spatial resolution MODIS cloud mask is the basis of
MODIS aerosol and cloud retrievals. The cloud mask provides the probability
for a given pixel to be influenced by the occurrence of clouds, classifying the
pixels as confident clear, probably clear, uncertain–probably cloudy or cloudy.
Pixels falling in the former two groups are used for retrieving aerosol properties.
The latter two classes are labeled as cloudy when calculating cloud fractions
(Platnick et al., 2015).
The L2 aerosol products are provided over land (except over ice and snow)
and ocean surfaces for cloud-free conditions during daytime at a nominal spatial resolution of 10 x 10 km2 (Levy et al., 2015). The primary aerosol product
is AOD retrieved globally at the wavelength of 550 nm, while the other parameters accounting for the aerosol size distribution, such as AE, defined in Eq.8,
or fine-mode AOD, are only derived over ocean (Levy et al., 2013).
The L2 cloud parameters include cloud top properties (e.g. cloud amount,
top temperature, pressure, emissivity, and height) and physical and optical
properties (e.g. particle phase, effective particle size, optical thickness, water
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path, fraction) under both daytime and nighttime conditions with a 1 x 1 km2
resolution (for Collection 6 onwards) (Hubanks et al., 2018). Cloud fractions
are derived at 5-km resolution by calculating the proportion of cloudy pixels
from 25-pixel cloud mask groupings.
The cloud droplet effective radius (CER or re ) is a measure of the cloud
droplet size and it is defined as (Hansen and Travis, 1974):
∞

CER = re =

3
∫0 re n(r)dr
∞
∫0 re2 n(r)dr

(10)

where n(r) is the cloud droplet size distribution.
Simultaneously to CER, the cloud optical thickness (COT) is derived. CER
and COT are retrieved coupling the MODIS-measured reflectances in one of
the visible (non-absorbing) channels and one near-infrared or infrared band
(water-absorbing channels) by using look-up tables, which are created by a radiative transfer model calculating the amount of reflection produced by clouds
characterized by a range of COT and CER as a function of the wavelength
(Platnick et al., 2018). The look-up table approach has the following limitations:
• the determination of CER becomes uncertain at low COT (Cho et al.,
2015; Zhang et al., 2012);
• the algorithm assumes single-layered liquid water clouds with planeparallel geometry, which do not realistically represent all clouds, especially convective clouds. Furthermore, the plane-parallel assumption becomes weaker for low solar zenith angles (Grosvenor and Wood, 2014).
• Cloudy pixels are either defined as liquid or ice clouds, whereas most of
the clouds in the atmosphere with temperature between -6 ○ C and -38
○
C are mixed-phase clouds.
The liquid water path (LWP), the amount of liquid water per unit volume
of air, is derived from the CER and COT as (Han et al., 1998)
LWP =

4ρw
COT ⋅ CER
3Ke

(11)

where ρw = 1 g cm−3 is the water density and Ke ≈ 2 is the extinction efficiency in the visible band used for the retrieval of COT and CER (King et al.,
1997). Equation (8) presumes vertically homogeneous clouds in combination
with cloud top effective radius retrievals (Borg and Bennartz, 2007).
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Furthermore, three different products of the cloud properties introduced
above are produced using three different water absorbing channels (1.6 µm,
2.1 µm and 3.6 µm). Zhang et al. (2012) showed that CER retrieved at 3.6
µm is less sensitive to the plane-parallel cloud assumption.
The geolocated L2 MODIS atmospheric products are aggregated in L3 onto
a regular 1○ × 1○ grid and averaged over a day, 8-days and a month span
(Hubanks et al., 2018). In addition to the nominal atmospheric variables,
L3 MODIS products come along with a suite of statistical quantities derived
from the corresponding L2 data product.
The cloud droplet number concentration (CDNC), the number of water
droplets in a volume of cloud, can be derived from CER and COT by combining
Eqs. (6) and (9) from Bennartz (2007), resulting in the following equation:
CDNC = γ ⋅ COT0.5 ⋅ CER−2.5

(12)

where γ = 1.37 ⋅ 10−5 m0.5 (Quaas et al., 2006). The assumption of not accounting for temperature effect and setting γ as a bulk costant applies rather well to
the warm stratiform clouds in the marine boundary layer but less for convective clouds (Bennartz, 2007; Rausch et al., 2010; Grosvenor et al., 2018). The
equation represents the ”Idealized Stratiform Boundary Layer Cloud” (ISBLC)
model (Bennartz and Rausch, 2017) which is based on the following assumptions:
• the cloud is horizontally homogeneous
• the LWC increases linearly from the cloud base to the cloud top
• the CDNC is constant throughout the vertical extent of the cloud
While the ISBLC model describes important aspects of stratiform boundary layer clouds, its assumption will never be fully valid for any real cloud.
Issues related to the ISBLC model assumptions are extensively elaborated in
Bennartz (2007); Bennartz and Rausch (2017) and references therein. However, compared to the methodology of Bennartz (2007), we use the revised
and improved cloud retrievals from MODIS Collection 6 (Platnick et al., 2015,
2017).
MODIS cloud properties retrieved at 3.6 µm are used in Paper II and
Paper III, while the standard 2.1 µm was used in Paper IV to match the
wavelength used in the COSP-MODIS simulation. MODIS L2 cloud properties
are used in Paper I and Paper II and MODIS L3 data are applied in Paper
III and Paper IV. In Paper II and Paper III, transparent-cloudy pixels
(COT < 5) were discarded to limit uncertainties (Zhang et al., 2012). MODIS
L2 aerosol data are used in Paper III and L3 in Paper IV.
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3.1.2. OMI retrievals
The Ozone Monitoring Instrument (OMI) is a near-UV-visible spectrometer
flying on NASA’s Aura satellite since 2004. OMI measures radiance at 751
wavelengths in the UV/VIS domain and it has a nominal spatial resolution
of 13 × 24 km2 at nadir, in the normal global operation mode. Complete
global coverage is achieved daily (Levelt et al., 2006) between 2002 and 2008,
while after 2008 the global coverage is achieved in two days due to the row
anomaly (Yan et al., 2012), which affects the quality of OMI radiance data. By
monitoring the global total column ozone, absorbing and non-absorbing aerosol
loading, trace gases and clouds, OMI’s measurements contribute to studying
the recovery of the ozone layer, the sources of aerosols and trace gases affecting
air quality, UV surface fluxes and climate change. OMI’s radiances (Level-1b)
are used in Paper I.

3.2. Ground-based remote sensing
Ground-based remote sensing enables continuous atmospheric observations at
one location with high temporal and spatial resolution. These characteristics
represent an advantageous asset for obtaining detailed insight in atmospheric
processes. Ground-based techniques can be classified into active or passive
ones, depending on their operational principles.
Active sensors emit electromagnetic radiation at a certain wavelength and
measure the backscattered signal to study the properties of the observed target.
A radar (RAdio Detection And Ranging) is a system that uses an electromagnetic wave in the radio or microwave domain. Radars operating with frequencies of 35 GHz (8 mm) or 94 GHz (3 mm) are known as cloud radars. Cloud
radars are nowadays applied for determining cloud properties up to 10-15 km
in altitude and high temporal resolution (1-10 s). As longer wavelengths are
less sensitive to drizzle and rain while shorter wavelengths may be attenuated
by smaller particles, cloud radars’ application extends from the detection of
hydrometeors to fog, giant aerosols and insects. A radar sample may contain
several targets with different vertical velocities and shapes. Individual targets
can be distinguished with the application of Doppler spectra and linear depolarization ratio techniques which enable the detection of the signatures of
different targets.
Ceilometers are a sub-category of the LiDAR (LIght Detection And Ranging) system which are configured to optimize cloud observations. They are
smaller and less expensive than more powerful atmospheric Lidar systems
(e.g. Doppler Lidars, Rayleigh Doppler radar), but follow the same work-
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ing principle: a laser beam is sent vertically into the atmosphere where part of
the signal is backscattered by atmospheric constituents (e.g. aerosol, clouds,
gases) and the intensity of he backscattered radiation is collected by the lidar
instrument. Depending on the working combination of wavelengths, the remote mapping of different atmospheric components is enabled by identifying
wavelength-dependent changes in the intensity of the returned signal. Ceilometers can be used to determine cloud types, boundaries (e.g. cloud base, top
height) and precipitation.
Complimentary to cloud radars and lidars, radiometers are passive sensors measuring the energy emitted at millimetre-to-centimetre wavelengths
(frequencies of 1–1000 GHz), known as microwaves, which make the sensor
very sensitive to the thermal electromagnetic radiation emitted by atmospheric
gases.
In Paper II we use 6 years of data collected in Mace Head, at the west
coast of Ireland, www.macehead.org./) from a CloudNet station consisting of
two active sensors, a ceilometer and a cloud radar, and a passive sensor, a
microwave radiometer. The radar reflectivity and microwave radiometer profiles of temperature and humidity as well as liquid water path measurements
are input to the SYROC (SYnergistic Remote Sensing Of Clouds) algorithm,
a software package developed at the National University of Ireland in Galway (NUIG), that calculates the profiles of CDNC, CER and LWC from the
collocated cloud radar, ceilometer or lidar, and microwave radiometer data
(Martucci and O’Dowd, 2011). The ground-based measurements processed by
SYRSOC are evaluated with MODIS and AATSR in Paper II. While SYRSOC produces profiles of the microphysical cloud properties, MODIS has a
limited penetration depth into clouds and mainly retrieves microphysical cloud
properties near cloud top. SYRSOC CER, COT and integrated LWC were averaged about 10 min before and 10 min after the overpass. MODIS values with
COT < 5 were discarded. Additionally, measurements of aerosol composition
from the ground-based in situ aerosol mass spectrometer (AMS) (Ovadnevaite
et al., 2014) were also used in Paper II.

3.3. Climate models
Climate models represent a sophisticated tool for studying Earth’s atmosphere
and predicting climate change. A global atmospheric model schematically simulates Earth’s atmosphere in a 3-dimensional grid. By solving the mathematical equations that describe the physical atmospheric processes, given initial
conditions and parameters, models compute winds, heat transfer, radiation,
relative humidity, and surface hydrology within each grid point.
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One key limiting factor in the quality of climate predictions by current
global atmospheric models is the realistic representation of the simulated properties (e.g. cloud cover, amount of cloud water, and number and size of droplets
or ice crystals) that describe the atmospheric constituents (e.g. clouds).
The evaluation of modeling diagnostics is an important task that establishes the capabilities and reliability of models, hence it helps to improve the
parametrization of modelled atmospheric variables. A robust evaluation of
model diagnostics is not a straight-forward task: model-to-model and modelto-satellite intercomparison are affected by a number of limitations and incongruities intrinsic in the data. For example, the compensation of modeling
errors, the uncertainties of observational data, and the possible discrepant definitions of variables between models and observational data are some of the
major issues.

Figure 9: Schematic representation of the basic principle of COSP satellite simulator.
COSP is a diagnostic tool that maps the model representation of clouds to synthetic
satellite observations.

The application of a a satellite simulator, which mimics the retrieval of
observational data, remedies these inconsistencies. In other words, simulators
recreate what a satellite would retrieve when observing the modeled atmosphere, thus generating physical quantities fully consistent with satellite retrievals and preventing inconsistencies in the modelled outputs. Consequently,
simulators represent a valuable approach not only for the application of satellite data to robustly evaluate models, but also for consistent model-to-model
comparisons.
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In Paper IV three climate models were considered, ECHAM-HAM,
ECHAM-HAM-SALSA and NorESM, and in each of them the Cloud Feedback Model Intercomparison Project (CFMIP) Observation Simulator Package, COSP (Bodas-Salcedo et al., 2011) version 1.4 was implemented. COSP
is a software tool developed within the CFMIP (Webb et al., 2017) which
models parameters for several spaceborne active (CALIOP, CPR) and passive
(MISR, MODIS) sensors (Fig.9). In our case we considered the COSP-MODIS
simulator. One year of data (2008) of COSP-simulated liquid and ice cloud
(CF, CER, COT, LWP) and aerosol (AOD and AI) properties was compared
to MODIS L3 data. The COSP grid-averaged values were divided by the corresponding cloud fractions to match the MODIS in-cloud grid values. The
model three-hour outputs were aggregated to daily averages and successively
re-gridded and co-located by linear interpolation onto the finer satellite regular grid of 1○ ×1○ . Furthermore, MODIS observations and MODIS-COSP diagnostics were screened using a minimum threshold of 30% of cloud fraction
to minimize the source of errors introduced by the retrieval algorithm and to
ensure the existence of large-scale clouds. Additionally to the MODIS-COSP
diagnostics, I also considered the model direct outputs for CDNC which is
representative of the entire vertical structure of a simulated atmospheric column. Top-column values were considered to maintain consistency with MODIS
and MODIS-COSP values, which observe the top of the clouds, and they were
screened for values with temperature T > 273°K to discard mixed-phase and
ice clouds.
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4. Overview of key results
4.1. Determination of cloud fraction
Cloud detection is a fundamental step for atmospheric observation, whether we
aim to observe clouds themselves or other atmospheric constituents (Eresmaa,
2014; Go et al., 2017; Nilo et al., 2018). A faulty classification of clouds can
cause an incorrect analysis of the observations.
The process of cloud detection relies upon the contrast between clouds
and background (either atmosphere or surface) in the observed field (Ackerman et al., 2010). Different automated cloud detection techniques have
been developed depending on the requirements of the application, for example
the tolerance of the application to uncertainty in the cloud amount estimate.
Cloud quantification can be deterministic providing binary products such as
cloudy/cloud-free pixels (Rossow and Garder, 1993), multi-class categorical,
for example cloudy, partial-cloud, cloud-free and unknown in Ackerman et al.
(2010), or representative of a continuous measurement, i.e. the probability of
cloud coverage or the probability of cloud-free as introduced in Aleksandrova
et al. (2018).
Clouds are easily distinguishable from surface types other than snow and
ice, due their high reflectivity of solar radiation at visible wavelengths. However, this distinction is limited to daytime when solar zenith angles are sufficiently large and the reflected sunlight provides enough contrast in the imagery.
Many automated cloud detection approaches rely on tests using a combination
of visible and infrared channels to determine the presence of clouds (Ackerman
et al., 2010; Sun et al., 2017; Zhu et al., 2015). The success of these cloud test
techniques depends on the determination of the thresholds used in each cloud
test. The techniques which perform the best are usually the most complex and
computationally heavy as they have several spectral tests and thresholds that
vary with the geographic region, time of year, time of day and solar angle, for
example.
In Paper I, a fast and automated neural networks-based solution was explored for determining cloud fraction. The method was designed specifically for
the NASA Aura’s satellite Ozone Monitoring Instrument (OMI) which observes
back scattered solar radiation in the visible (VIS) and ultraviolet (UV), thus
lacking the thermal channels. Two neural network (NN) algorithms, namely
extreme learning machine (ELM) and back propagation (BP) algorithms, were
developed and used to estimate cloud fractions using OMI radiance measurements from the visible channels. OMI data were divided into independent
datasets for training, testing and validating the results from the neural net-
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works. The results were evaluated by comparison with cloud fractions available from the MODerate Resolution Imaging Spectrometer (MODIS). OMI
and MODIS both fly in the A-train constellation but on different platforms,
respectively Aura and Aqua with a time difference of 15 minutes between the
observations.

Figure 10: Cloud fractions estimated by the BP and ELM-trained NN and comparison with MODIS CF data for validation over a selected orbit. (a) Computed
MODIS geometrical cloud fraction. (b) BP predicted cloud fraction. (c) ELM predicted cloud fraction. The grey-code in top-row figures (a-c) ranges from 0 (cloud free)
to 100 (totally cloud covered). The bottom-row figures show the absolute difference
between MODIS geometrical cloud fraction and BP-predicted cloud fraction (d) and
ELM-predicted cloud fraction (e). The color-code ranges from 0 (perfect match) to
100 (complete mismatch).

Both neural networks were successfully implemented and delivered estimates of cloud fraction in a fast and automated way. However, the NNs
showed limitation when estimating small cloud fractions, where the BP algorithm showed the worst results. The neural networks performed rather well
in the evaluation with MODIS cloud fraction data. As the ocean provides a
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homogeneous dark surface in the UV/VIS, hence providing a good contrast
between cloudy and clear pixels, good correlations with R values of 0.85 and
0.88 are achieved over ocean, for ELM and BP, respectively. Over land, highly
reflective surfaces, such as desert (Fig.10), or the presence of dust layers in
the atmosphere, represented a challenge for the neural network and the cloud
fractions were not well predicted. The ELM outperformed the BP algorithm
with R values of 0.83 and 0.56, respectively, for ELM and BP.

4.2. Evaluation of cloud properties
4.2.1. Ground-based measurements and MODIS observations
Non precipitating single-layer homogenous water clouds data collected by the
ground-based remote sensing instruments at the Mace Head Atmospheric Research Station from 2009 to 2015 were input into the SYRSOC algorithm to
derive profiles of CER, LWC, and COT. A total of 118 stratiform clouds were
identified and successively they were classified as marine or continental, based
on three-day back-trajectories from the National Oceanic and Atmospheric
Administration (NOAA) HYSPLIT model (HYbrid Single-Particle Lagrangian
Integrated Trajectory) (Draxler and Rolph, 2014) and the synoptic conditions.
40 cases coincident with overpasses of the MODIS Aqua or Terra satellites
over Mace Head were used for a comparison of the SYRSOC results with the
corresponding MODIS products at 3.7 µm (Platnick et al., 2015).
MODIS data were selected and averaged over an area from 53.27 to 53.37 °N
and from −9.91 to 9.89 °E, with Mace Head located at its center. MODIS pixels
with COT < 5 were removed before averaging. SYRSOC produces profiles of
the microphysical cloud properties. However, MODIS has a limited penetration
depth into clouds and therefore only retrieves microphysical cloud properties
near cloud top. Therefore, SYRSOC CER averaged from 75 m to 45 m below
the radar detected cloud top, while LWP was integrated over the full cloud
depth. SYRSOC CER, COT and integrated LWC were averaged over time
from about 10 min before to 10 min after the MODIS overpass.
Comparison of SYRSOC results with MODIS observations shows a moderate correlation of CER (R=0.43), shown in Fig.11 a, and a rather poor agreement of COT (R=0.19). No correlation was found between the integrated
SYRSOC LWC and MODIS LWP, shown in Fig.11 b. The SYRSOC algorithm discards measurements if drizzle is detected and this screening process
discards cloud areas with high LWP, resulting in integrated values considerably
lower than the MODIS LWP. LWP was also measured directly by the MWR
and used as input for SYRSOC. Better agreement was found between the di-
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Figure 11: Comparison of (a) reff and (b) integrated LWC/LWP from MODIS and
SYRSOC, including downdrafts and drizzle. Dots mark mean values, and error bars
span minima to maxima. The 1:1 line and linear fit are shown in gray and black,
respectively

rectly measured LWP and MODIS LWP than between SYRSOC results and
MODIS products, with the exception of high-mean LWP, where the variability
of both instruments was larger.
Integrated SYRSOC LWC was in many cases lower than MWR LWP. In
order to investigate whether the LWP differences were caused by the drizzle
screening, the SYRSOC run was repeated without drizzle screening. Agreement was improved by running SYRSOC without drizzle screening, which resulted in an increase of R2 for LWC from 0.04 to 0.14. Comparison of CER
with drizzle resulted in a slope near 1 and a small offset of −1 µm. The correlation of COT was greater when drizzle was included. However, apart from
CER with a slope near 1 and small offset, overall the comparison with MODIS
data shows a poor agreement. Comparison with MODIS products at 1.6 µm
and 2.1 µm showed similar results.

4.2.2. Model diagnostics and MODIS observations
The evaluation of modeling diagnostics with appropriate observations is an
important task that establishes the capabilities and reliability of models. In
this perspective, aerosol and cloud properties obtained from three different
climate models, namely ECHAM-HAM, ECHAM-HAM-SALSA and NorESM,
are considered.
Results for global means and geographical distributions of aerosol and cloud
properties were assembled over a one-year period (2008) and compared with
MODIS observations in Paper IV providing a quantitative evaluation of cloud
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and aerosol diagnostics. Different results were obtained when considering liquid
or ice clouds.
Significant biases are observed globally in NorESM ice clouds because
NorESM includes radiatively active snow (Kay et al., 2012). The droplet size
and water content of ice clouds are underestimated in ECHAM-HAM and
ECHAM-HAM-SALSA possibly owing to the cirrus scheme which does not account for heterogenous nucleation or pre-existing ice crystals during formation
of cirrus clouds (Lohmann and Neubauer, 2018; Neubauer et al., 2019).
Global differences can be also observed in liquid clouds (Figure 12). The
droplet size (Figure 12 e-h) simulated by ECHAM-HAM around the midlatitude belt are on average 5 µm smaller than in ECHAM-HAM-SALSA and
NorESM, and ECHAM-HAM-SALSA simulates larger cloud droplets around
the polar areas and shows a large positive bias for LWP over ocean in comparison to ECHAM-HAM. The liquid water path simulated by NorESM is larger
over land areas while ECHAM-HAM shows a good agreement with MODIS
(Fig.12 j-k).
Despite having identical cloud modules, the discrepancies between
ECHAM-HAM and ECHAM-HAM-SALSA may originate from different
amounts of activated droplets and different ice nucleation rates. The COSP
diagnostics of liquid clouds CER and COT were successively used to derive
the CDNC, following the approach presented in Quaas et al. (2006), and compared to the corresponding MODIS-derived values. Overall the MODIS derived
CDNC is lower than that derived from COSP simulated values, but higher than
the direct output values. Consequently, the CDNC from direct model output
is lower than MODIS-COSP diagnostics, as also found by Ban-Weiss et al.
(2014). Possible explanations could be either related to the COSP computation of cloud diagnostics or the approach itself used for deriving CDNC.
Considering the vertical distribution of the COSP-simulated clouds, both
ECHAM-HAM and ECHAM-HAM-SALSA fail in simulating high level clouds
while the vertical distribution of clouds simulated by NorESM is similar to
MODIS.
The evaluation led to the identification of the following deficiencies in the
models:
• the clouds simulated by NorESM are too thick over land and this issue is present in COSP-variables as well as in the direct model output
due to a very low autoconversion parameter causing the suppression of
precipitation over land, thus thicker clouds;
• ECHAM-HAM-SALSA systematically simulates lower IWC than
ECHAM-HAM due to a higher cloud droplet freezing rate which con-
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Figure 12: Annual global mean bias in the properties characterizing liquid warm
clouds. The bias represents the difference calculated subtracting MODIS observation
to MODIS-COSP diagnostics simulated by ECHAM-HAM, ECHAM-HAM-SALSA,
and NorESM. The first image in each row presents MODIS spatial distributions as
reference.
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secutively triggers a reduced sedimentation of ice clouds. This outcome
explains the contradictory result in ECHAM-HAM-SALSA that showed
the largest global average among the models for CER despite having the
highest numberof CDNC;
• the direct model output for CDNC is systematically larger than both the
values derived from COSP-diagnostics and MODIS observations, supporting the results found Ban-Weiss et al. (2014).

4.3. Analysis of aerosol-cloud interactions
In this work the topic of aerosol-cloud interactions introduced in Sect.2.4 was
studied using different measurement techniques (satellite observations, ground
based measurements, modelling diagnostics) and approaches (spatial distribution, linear regression analysis, vertical profiling, air mass analysis) for different
scales (local, regional and global).
Long-term analysis of ACI was conducted in Paper II and Paper III.
Six year measurements of remote sensing aerosol and cloud properties from
Mace Head were studied in Paper II. The findings showed higher CDNC and
lower CER during greater pollution events, confirming the Twomey effect. In
marine air masses the median CDNC was 60 cm−3 and the median CER 10 µm.
In continental air the median CDNC was 160 cm−3 and the median CER was
8 µm. Droplet size distributions were broader in marine cases and narrower
in continental cases. Generally, clean air masses showed also lower COT and
cloud albedo and higher values were found in more polluted conditions.
In Paper III, 12 years of aerosol and low-level liquid cloud properties were
used to statistically quantify the ACI over the Baltic Sea region, including the
relatively clean Fennoscandia and the more polluted central–eastern Europe.
Changes in cloud structures were shown by the increase of CF, COT, LWP
and CTH, and a decrease of CER as function of aerosol loading, especially
at relatively low cloud-top levels, between 900 hPa and 700 hPa. Most of
the studied cloud variables were unaffected by the lower-tropospheric stability
(LTS), except for cloud fraction.
The ACI was studied as the change in CER as a function of aerosol concentration for fixed LWP bin values (Fig.13). Positive and statistically significant
ACI values were found over the Baltic Sea and Fennoscandia, with the former having the largest values. Small negative ACI values were observed over
central–eastern Europe, suggesting that large aerosol concentrations saturate
the ACI and that a given change in aerosol number exerts a stronger effect in
pristine regions than in polluted regions.
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Figure 13: CER as a function of AI, stratified for subranges of CTP and LWP, for the
three subregions. These three areas have generally different aerosol conditions:Centraleastern Europe has the highest values of aerosol loading with an overall AI and AOD
mean value of 0.29 ± 0.03 (regional mean ± standard deviation), and 0.22 ± 0.02
respectively. The Baltic Sea presents a mean value of 0.20 ± 0.02 and 0.16 ± 0.02 for
AI and AOD respectively, and the Fennoscandia the has the lowest values for both
AOD (0.14 ± 0.01) and AI (0.16 ± 0.01). The legend on the right of the figure lists
the LWP bins.
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By using the CDNC as the cloud properties considered in Eq.9, it is possible to isolate the microphysical component of the ACI without the need for
constraining the liquid water path. This approach was adopted in Paper IV
where estimates of ACI on a global scale were computed using CDNC and AI
from COSP-MODIS simulated and MODIS retrieval observations. The ACI
estimates showed good agreement between the three models and, even more
important, with ACI derived from MODIS observations. ACI from the model
results is generally positive suggesting that changes in AI are connected with
an increase of CDNC regardless of the season. However, negative ACI values were found during the winter months from MODIS observations, possibly
caused by limitations intrinsic in the nature of satellite observations.
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5. Review of publications and author’s
contribution
Paper I Saponaro, G., Kolmonen, P., Karhunen, J., Tamminen, J., and de
Leeuw, G., A neural network algorithm for cloud fraction estimation using NASA-Aura OMI VIS radiance measurements, Atmos. Meas. Tech.,
6, 2301–2309, 2013.
Overview: A study on the applicability of two artificial neural network (ANN) algorithms for estimating cloud fraction. The implemented
method revealed being a time effective and automatic approach as oppose
to a combination of several tests.
Author’s contribution: I implemented the ANN algorithms, collected and
processed the MODIS and OMI data for training, testing and validating
the ANNs, all of the coding for data processing, and analysed the results.
I wrote the text and collated the co-authors comments and revisions.

Paper II Preißler, J., Martucci, G., Saponaro, G., Ovadnevaite, J., Vaishya, A.,
Kolmonen, P., Cerburis, D., Sogacheva, L., de Leeuw, G. and O’Dowd,
C., Six years of surface remote sensing of stratiform warm clouds in marine and continental air over Mace Head, Ireland, J. Geophys. Res.
Atmos., 121, 14, 538–14, 557, 2016.
Overview: A long term analysis of cloud properties collected from the
CloudNet station located in Mace Head, Ireland. The cloud data was
used as input to the SYRSOC algorithm and the derived cloud parameters were compared to satellite observations. Ground-based cloud observations were also studied in function of air masses.
Author’s contribution: I contributed to the study by collecting the cloud
data from MODIS Collection 6 Level 2 and post-processed it to enable
a robust comparison with the ground-based measurements of warm
stratiform clouds. I helped in the related data interpretation and wrote
the part of text concerning the MODIS observations.

Paper III Saponaro, G., Kolmonen, P., Sogacheva, L., Rodriguez, E., Virtanen,
T. and de Leeuw, G., Estimates of the aerosol indirect effect over the
Baltic Sea region derived from 12 years of MODIS observations, Atmos.
Chem. Phys., 17, 4, 3133–3143, 2017.
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Overview: A study on the aerosol indirect effect of aerosols on cloud
properties using 12 years of MODIS observations. The study focused on
the Baltic Sea region which includes the relatively clean Fennoscandia and
the more polluted central-eastern Europe, thus enabling the observation
of the effect of different aerosol concentrations on clouds.
Author’s contribution: I carried out the design of the study and I chose
the methods and metrics. I carried out the data selection, processing
and analysis. I wrote the text and collated the co-authors comments
and revisions.
Paper IV Saponaro, G., Sporre, M. K., Neubauer, D., Kokkola, H., Kolmonen, P.,
Sogacheva, L., Arola, A., de Leeuw, G., Karset, I. H. H., Laaksonen, A.,
Lohmann, U., Evaluation of aerosol and cloud properties in three climate
models using MODIS observations and its corresponding COSP simulator, and their application in aerosol-cloud interaction, Atmos. Chem.
Phys. Discussions
Overview: An evaluation of cloud and aerosol properties simulated by
a satellite simulator implemented in three climate models with MODIS
observations. The modelling diagnostics and MODIS observations were
also used to infer the ACI on a global scale.
Author’s contribution: I carried out the design of the study, the analysis
of the data and I wrote the text. The modelling data, and the corresponding descriptive sections of the models, were provided by M. Sporre, D.
Neubauer and H. Kokkola. I wrote the text and collated the co-authors
interpretation of the results, comments and revisions.
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6. Conclusions
One main point of this thesis is the use of cloud products from different data
sources to evaluate how well they compare, and how they can be used together
for climate studies. I mainly focused on liquid warm homogeneous low-level
clouds, except in Paper IV where ice clouds were also considered.
Paper I and Paper IV focused on the evaluation of cloud properties on a
global scale. The OMI cloud fraction determined by the two artificial neural
networks developed in Paper I showed overall good results in comparison to
the MODIS cloud fraction, except over bright surfaces (i.e. snow or desert).
These areas are usually critical for retrieval algorithms of atmospheric properties as higher surface reflectances can be misinterpreted as aerosol or cloud
signals. In an attempt to mitigate this issue, transparent clouds were discarded
from the analysis carried in Paper II to Paper IV.
In Paper IV a large difference was found in the two available MODIS cloud
fraction products due to the different treatment of partly cloudy pixels which
potentially can undermine the robustness of the evaluation of data products
if not taken into consideration. The COSP-MODIS satellite simulator used in
Paper IV avoid the issues related to scale and definition intrinsic in modelmodel and model-observation comparison and allow a direct evaluation of satellite and COSP diagnostics. However, the simulator diagnostics were not solely
used to enable a model-satellite comparison but they were interpreted carefully
also to understand the limits and deficiencies between different model set-ups.
The second aim of the thesis was to apply the above mentioned data for
assessing the ACI for liquid warm homogeneous clouds on a local scale (Paper
II), on a regional scale (Paper III) and globally (Paper IV). The aerosol and
cloud observations collected over longer periods of time varying from 6 years in
Paper II up to 12 years in Paper III lead to more statistically and qualitative
robust ACI values than the one year data used in Paper IV. Implications of
ACI were observable by analyzing the spatial distributions, vertical profiles
and air masses of the observed atmospheric variables.
The quantification of clouds and of aerosol–cloud interactions remains a challenge. Global climate models are the tool for climate prediction and observations (satellite and surface-based) are used to evaluate the performances of
models. On one hand, climate models and satellite are strategic to simulate
and observe the relevant atmospheric processes. However, their estimates come
with a low confidence because cloud and aerosol properties vary at scales significantly smaller than those resolved both in climate models and observed by
satellites. On the other hand, fine scale models and ground-based observation
provide high confidence, yet lack the connection with global scale processes.
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Future work should aim at coordinating the modelling and observation
(satellite and surface-based) communities toward a joint effort to design largescale activities. Climate models should be improved in their representation
of clouds (especially mixed- and ice- clouds) and tested with higher spatial
resolution models. The model parametrization capabilities should be tested
and evaluated in locations where models indicate sensible mutual interaction
between aerosols and clouds, over a range of meteorological and aerosol conditions, and in conjunction with observations.
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mospheric constituents, most land surfaces and the ocean
surface, to the top-of-atmosphere (TOA) reflectance (Koelemeijer and Stammes, 1999). For instance, for the retrieval
of aerosol properties all identified cloud-contaminated pixOcean
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e.g., radiative transfer models (Dybbroe et al., 2005; Loyola, 2006; Wu et al., 2006). For best results, a combination
Open Access
Open Access
Open Access

Abstract. The discrimination of cloudy from cloud-free pixels is required in almost any estimate of a parameter retrieved
from satellite data in the ultraviolet (UV), visible (VIS) or
infrared (IR) parts of the electromagnetic spectrum. In this
paper we report on the development of a neural network
(NN) algorithm to estimate cloud fractions using radiances
measured at the top of the atmosphere with the NASA-Aura
Ozone Monitoring Instrument (OMI). We present and discuss the results obtained from the application of two different types of neural networks, i.e., extreme learning machine
(ELM) and back propagation (BP). The NNs were trained
with an OMI data sets existing of six orbits, tested with
three other orbits and validated with another two orbits. The
results were evaluated by comparison with cloud fractions
available from the MODerate Resolution Imaging Spectrometer (MODIS) flying on Aqua in the same constellation as
OMI, i.e., with minimal time difference between the OMI
and MODIS observations. The results from the ELM and
BP NNs are compared. They both deliver cloud fraction estimates in a fast and automated way, and they both performs
generally well in the validation. However, over highly reflective surfaces, such as desert, or in the presence of dust layers
in the atmosphere, the cloud fractions are not well predicted
by the neural network. Over ocean the two NNs work equally
well, but over land ELM performs better.

Methods and
Data Systems

Open Access

Received: 20 October 2012 – Published in Atmos. Meas. Tech. Discuss.: 13 February 2013 Geoscientific
Instrumentation
Revised: 10 July 2013 – Accepted: 23 July 2013 – Published: 9 September 2013

Open Access

Published by Copernicus Publications on behalf of the European Geosciences Union.

M

2302
of TIR and UV/VIS and NIR wavelength bands is required.
However, such information is not always available and other
methods need to be applied.
In this paper we focus on cloud detection for the Ozone
Monitoring Instrument (OMI). The challenge is the coarse
spatial resolution and the lack of thermal channels. The current method for the determination of the OMI cloud mask
is based on two individual tests (Stammes and Noordhoek,
2002): the first one uses a radiance threshold and the UV
aerosol index, while the second test considers the spatial homogeneity of the so-called small-pixel data (van den Oord,
2002). Pixels failing either of the two tests are classified as
cloudy (Acarreta and de Haan, 2002). We propose an approach using neural networks (NN) for the direct determination of the cloud fraction in each OMI pixel. The approach
is based on the use of the OMI radiance measurements in the
VIS part of the spectrum, together with cloud information
from the Aqua-MODerate Resolution Imaging Spectrometer
(MODIS). OMI and MODIS both fly in the A-train constellation but on different platforms, respectively Aura and Aqua,
with a time lag of about 7 min. The proposed approach is
similar to that described in Preusker et al. (2008), where the
cloud screening problem for the Medium Resolution Imaging
Spectrometer (MERIS), suffering from a similar problem as
OMI in that there are no infrared channels, was solved by applying an NN trained with a database of simulated cloudy and
cloud-free spectra. In contrast, for the training we use real
data obtained from MODIS, with a spatial resolution which
is much higher than that of OMI, as reference data to determine the cloud fraction in an OMI pixel.
In recent years neural networks have been adopted for
a wide range of applications from atmospheric sciences to
electromagnetic modeling. The developed applications include, e.g., forward and inverse radiative transfer problems
(Krasnopolsky, 2008), the prediction of atmospheric parameters (Grivas and Chaloulakou, 2006), the inversion and post
processing of remotely sensed data (Mas and Flores, 2008;
Del Frate and Schiavon, 1998), ozone retrievals (Di Noia
et al., 2012; Sellitto et al., 2011, 2012), cloud classification (Christodoulou et al., 2003), land cover classification
(Aitkenhead and Aalders, 2008), and feature extraction (Del
Frate et al., 2005). Below, we describe the design for the
cloud detection algorithm applied to OMI cloud fraction determination.
Two different learning algorithms have been used for training the neural networks, namely the back propagation (BP)
and extreme learning machine (ELM). Results from the two
methods are reported and their performances over land and
ocean are analysed based on the comparison with an independent set of MODIS cloud fraction data. The two neural
networks are trained with a training data set consisting of six
randomly selected orbits. They are subsequently applied to
the test data sets consisting of three other orbits, i.e., different
form the training data set, and validated using the validation
data set consisting of another two independent orbits.
Atmos. Meas. Tech., 6, 2301–2309, 2013
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Instruments

OMI is a nadir-viewing near-UV-visible spectrometer on
board NASA’s Earth Observing System (EOS) Aura satellite. OMI measures radiances at 751 wavelengths covering
the UV/VIS wavelength range from 349–504 nmand two
UV channels (UV-1: 270–314 nm, UV-2: 306–380 nm). The
nominal ground footprint is 13 × 24 km2 at nadir, in the normal global operation mode. Complete global coverage was
achieved daily (Levelt et al., 2006) between 2002 and 2008,
while after 2008 the global coverage is achieved in two days
due to the row anomaly (Yan et al., 2012) which affects the
quality of OMI level 1b radiance data. Aura flies in the Atrain satellite constellation, in a polar sun-synchronous orbit.
MODIS, on-board Aqua, produces many cloud related products (e.g., cloud fraction, cloud top pressure, cloud optical
thickness) (Hubanks, 2012; King and Bhartia, 1992; King et
al., 1998). In view of the short time separation between Aura
and Aqua of about 7 minutes, the MODIS products can be
used together with OMI products with quite high confidence
(Stammes et al., 2008; Vasilkov, 2008; Sneep et al., 2008).

3

Neural Networks

Neural network algorithms aim at identifying the relationship
between input and output variables by learning either from
real or simulated reference data, rather than directly from
the application of a representative physical model (Haykin,
1999; Karayiannis and Venetsanopoulos, 1993).
Owing to the fact that cloud properties are highly variable and sometimes difficult to measure directly, neural networks with their adaptive learning nature offer an attractive
and computationally efficient alternative for cloud screening.
It has been proven that neural networks algorithms are able
to approximate any continuous multivariate non-linear function, provided that the learning data set is statistically representative of the process to be modeled and an appropriate
structure for the network has been selected (Hornik et al.,
1989). Some applications to atmospheric sciences were referenced in the Introduction.
One important class of neural networks is the multilayer
perceptron (MLP) (Werbos, 1974). Figure 1 shows the architectural graph of a multilayer perceptron with one input layer,
one hidden layer and an output layer. The input signal is fed
into the input layer, flows through the network on a layer-bylayer basis, and emerges at the output layer of the network as
an output signal, the response of the network to the inputs.
A node receives inputs from neighbors or external sources
and uses them to compute an output signal that is propagated
to other units. Within the neural network there are three types
of nodes: input nodes, which receive data from outside of
the network, output nodes, which send data out of the network, and hidden nodes, whose input and output signals remain within the network. The behavior of the output node
www.atmos-meas-tech.net/6/2301/2013/
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depends on the activity of the hidden nodes and the weights
between the hidden and output nodes. The weights between
the input and the hidden nodes determine when each hidden node is active. In the MLP, the activation function of the
nodes is based on a differentiable non-linear activation function, yielding a value called the unit’s activation. These functions enable the network to learn complex tasks by extracting features from the input signal. Biases are simply weights
from a single node whose location is outside of the main
network and whose activation is always one (Bishop, 2008).
A multilayer perceptron requires to be trained and several
training algorithms have been developed for an MLP structure for example Levenberg–Marquardt, or Batch which are
discussed in Karayiannis and Venetsanopoulos (1993). More
details on artificial neural networks can be found in Bishop
(2008), Ham and Kostanic (2001) and Haykin (1999).
In this work, two learning algorithms were applied to train
the MLP neural network, i.e., back propagation (BP) and extreme learning machine (ELM).
3.1

The error back-propagation algorithm (Rumelhart et al.,
1986) is a popular learning algorithm used to train neural
networks by modifying the weights during the training phase
in order to model a particular learning task correctly for the
training examples (Haykin, 1999). The training phase updates the weights iteratively using the negative gradient of a
cost function defined as the square of the norm of the error of
the current training input. Basically, error back-propagation
algorithms perform two passes through each layer of the network: the first pass starts with the application of the input
vector to the input nodes of the network, and its effect is
forwarded trough the layers. This is the forward pass during which all weights of the network are fixed. Then, a set
of output data is produced as the response of the network
to the input signal, and is subtracted from a desired (target)
response to produce an error signal. The error signal is propagated backward through the network. This process represents
the backward pass. During the backward pass the weights are
adjusted to move the actual response of the network closer to
the desired one in a statistical sense. The model of each node
is based on a non-linear activation function.
A sigmoid activation function is used for the hidden nodes
and it is presented in the following equation:
(1)

where a > 0 is a scaling parameter, x is the activation function input, and g(x) is the activation value. This function is
especially advantageous for use in neural networks trained by
back propagation, because it is easy to differentiate, and thus
can dramatically reduce the computation burden for training.
It applies to applications whose desired output values are between 0 and 1.
www.atmos-meas-tech.net/6/2301/2013/

3.2

Extreme Learning Machine

The extreme learning machine (Huang et al., 2006) uses a
special MLP network structure with one hidden layer where
the weights between the input layer and the nodes of the hidden layer are chosen randomly beforehand, and similarly for
the bias terms of the hidden layer nodes. The output layer is
to be taken linear. The extreme learning machine method for
neural networks consists of the following steps:
– Assume that we have a training set xi , ti , i =
1, 2, . . . , N , where xi is the i th input vector of dimension n, ti is the corresponding target vector of dimension
m, and N is the number of training data pairs.
– Choose the activation function g(t) and number of
nodes M in the hidden layer. In our case, the selected
activation function is g(x) = tanh(wx + β).

Back propagation

g(x) = tanh(ax),

The back-propagation learning does not guarantee that the
final solution is the best one as the convergence of the MSE
is not checked. This should be taken into account when the
solution is analyzed.

– Assign randomly the hidden layer scaling parameter
vectors wj and biases βj , j = 1, 2, ..., M.
– Calculate the N × M hidden layer output matrix H. Its
elements are
hij = g(wjT xi + βj ).

(2)

– Calculate the M ×m weight matrix B of the output layer
from
B = H+ T,

(3)

where T = [t1 , t2 , . . . , tN ]T is the m × N target matrix
and H+ is the pseudo-inverse of the matrix H. The matrix B is


w1,m
 w2,m 


 . 

.
B=
(4)

 . 
 . 
wM,m
This learning method requires an easy implementation and
it runs extremely fast as compared, for example, to the standard back-propagation algorithms (see Huang et al., 2006,
for more detailed information). Since this type of algorithm
does not require tuning and the hidden layer parameters can
be fixed, the optimal solution can be found with a system
of linear equations using the least-squares method (pseudoinverse) and avoiding problems related to gradient learning
methods (Bishop, 2008), such as local minima encountered
in the back propagation (Haykin, 1999).
Atmos. Meas. Tech., 6, 2301–2309, 2013
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4 Application of neural networks to cloud detection
using OMI VIS radiance measurements

4.2

To investigate the potential and limits of the application of
neural networks for cloud screening, a representative data set
for the observed phenomena is required. The training data set
needs to be as complete as possible and of sufficient quality.
In the NN training phase of the cloud detection method, the
input consists of OMI measurements of TOA radiances in the
VIS part of the electromagnetic spectrum and collocated (in
space) MODIS cloud fraction products as described below.

During the training phase, the outputs of a NN come to approximate the target values given the inputs in the training
set. This ability may be useful in itself, but the purpose of using a NN is to have the outputs approximating target values
given inputs that are not in the training set (generalization).
Selection of an appropriate number of input variables is an
important issue in building a neural network with satisfactory
generalization capabilities. The purpose of input variable selection is to find the smallest set of features that can avoid
overfitting the NN and produce a smaller number of local
minima. The OMI reflectance data consists of 751 measurements for each pixel and a dimensionality reduction is desirable to save on computation time. Dimensionality reduction
is the transformation of high-dimensional data into a representation of lower dimensionality without losing valuable information. To achieve this, we have used singular value decomposition (SVD), which is a method that converts a matrix to its diagonal form (Golub and Van Loan, 1996). In the
present study the SVD procedure was implemented as follows.
Consider an N × M matrix X where N ≥ M. It is possible to represent this matrix in the r-dimensional subspace
where r ≤ M. Let U = XXT and V = XT X be non-negative
symmetric matrices with the same eigenvalues λ1 , λ2 , ..., λr ,
which are ordered such that λ1 ≥ λ2 ≥ λ3 ≥ . . . λr . The
square roots of these eigenvalues are called the singular values of X. If we form matrices 9 and 8 from the corresponding eigenvectors of U and V, then X can be diagonalized as

4.1

The OMI training input

This section describes the OMI products included in the
training data set.
OMI measures radiances at a large number of wavelengths
in the VIS band, but only part of these are used as described
in the next section. Radiances are converted to reflectances
and scaled so that the input information for the neural networks has values between 0 and 1. The conversion was done
using equation:
ρ(λ) =

I (λ)π
,
cos(θz )L(λ)

(5)

where ρ is the calculated reflectance, I is the OMI measured
radiance at wavelengths between 349 nm and 504 nm, θz is
the solar zenith angle, and L is the solar irradiance at wavelength λ.
OMI provides, at one wavelength (388 nm in the VIS), a
five times higher spatial sampling in the flight direction than
normal which is called small-pixel data. This capability can
be used to provide information about spatial inhomogeneity
in a pixel caused by, e.g., clouds and is therefore used as one
of the cloud detection criteria as mentioned in the Introduction. The small pixel radiances are included in the level-1B
data set (van den Oord, 2002) and, after conversion to smallpixel reflectances using Eq. (5), were used to calculate the
variance of the reflectance in each OMI pixel. This value was
added to the training data set.
The solar zenith angle (SZA), providing information about
the measurement geometry, and the OMI Surface Reflectance
Climatology Data Product (OMLER) were also included to
the training data set. OMLER is an OMI product describing the monthly climatology of the earth’s surface Lambertian equivalent reflectance (LER). LER is defined as the reflectance of an isotropic surface which matches the observed
top of the atmosphere (TOA) reflectance in a purely Rayleigh
scattering atmosphere, i.e., in cloud- and aerosol-free conditions. The product has a spatial resolution of 0.5 × 0.5 degrees and has been built by using five years of OMI data, obtained between January 2005 and December 2009 (Kleipool,
2010).

Atmos. Meas. Tech., 6, 2301–2309, 2013

Singular value decomposition for the OMI
reflectance

X = 938T ,

(6)

where 3 is √
the diagonal
matrix
of the eigenvalues, i.e.,
√
√
diag(3) = [ λ1 , λ2 , . . . , λr ]. Basically, each singular
value represents the information content of the matrix X, projected into each subspace.
The reduction of the reflectance data set is achieved by
using only that part of the diagonalized system where the
eigenvalues are significant.
4.3

MODIS cloud fraction training data

MODIS cloud fraction is used as reference data for training
the neural networks. The spatial matching between OMI and
MODIS pixels was performed using the method described
by Stammes et al. (2008). In this procedure OMI ground
pixel latitude-longitude corner (OMPIXCOR) data are used
to construct boxes representing the pixel area. OMPIXCOR
is a separate product which was used because the OMI Level
1B data product provides geodetic latitude and longitude
only for the center of each ground pixel. The MODIS geolocated data is then searched for measurements falling within
each box and a MODIS pixel is considered to fall within a
www.atmos-meas-tech.net/6/2301/2013/
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Fig. 1. Neural-network feedforward structure. xi represents the nth input unit, and y represents the output unit.

particular OMI box if the center lies inside the OMI pixel
boundary. The co-locations allow the use of MODIS data
to determine the cloud fraction within an OMI pixel as the
number of cloudy pixels divided by the total number of
MODIS pixels falling within the considered OMI pixel. The
re-gridded data is then included in the training input as the
reference data.
4.4

Data set composition for training and NN structure

The data set used in this study consists of the reflectance obtained from 11 randomly chosen OMI orbits. These orbits are
divided in three subsets as follows: six orbits are used for the
training data set, three orbits for the test data sets and the last
two are used for independent validation.
The input data set for the NN consists of the OMI SVDreduced reflectance values, the OMLER climatological data,
the solar zenith angles and the small pixel variances. The
reference data set consists of the corresponding MODIS geometrical cloud fraction. The different components of the
training data set which represents the input to the neural network are shown in the block diagram in Fig. 2. The neural network processes this information and provides the predicted cloud fraction.
Because of the large differences between ocean and land
measurements, different models for each situation are used
for each of the two neural networks used in this study (BP
and ELM). To avoid overfitting of the NNs, optimization
of the number of eigenvalues needed for the SVD and the
www.atmos-meas-tech.net/6/2301/2013/

number of hidden neurons was necessary. We trained several
NNs with BP and ELM and monitored the MSE and RMSE,
for BP and ELM, respectively, as a function of the number
of eigenvalues and hidden nodes. The combination of these
parameters leading to the best performance on the test data
set was used in the optimized NN. Each neural network was
trained with a separate model for land and ocean. Then BP
and ELM were compared as regards their performance when
applied to the third, independent, validation subset.
5

Results

The back-propagation and extreme learning machine algorithms were trained with the training data set and the final
weights were applied to each single orbit of the test and validation data sets. The accuracy of the cloud fraction estimates
was determined. The performance of the learning algorithms
in predicting cloud fraction was assessed in terms of the percentages of the pixels resulting from the test and validation
data sets which were estimated to be cloudy or clear by the
NN, in comparison with the same percentages as given by
the MODIS re-gridded cloud fraction.
In these evaluations, two cloud thresholds were considered, i.e., 60 % and 30 %. A threshold thr = 60 % implies
that 60 % of an OMI pixel contains clouds. Larger values of
thr imply that the pixel is cloudy while pixels with values
below the thresholds indicate they are cloud-free (clear). The
OMI and MODIS results are compared in Fig. 3.
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Fig. 4. Density plots showing the correlation between the cloud
fraction estimated by the neural networks used in this study and
MODIS data over ocean. Correlation coefficients (R) are shown in
each plot.
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orbit, the compressed OMI reflectance vector data, and additional
data such as climatological data (OMLER), the solar zenith angle
and the computed small-pixel variance. These data form the input
vector which is fed to the neural network. The neural network response is a predicted cloud fraction for the given orbit.
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Fig. 5. Density plots showing the correlation between the cloud
fraction estimated by the neural networks used in this study and
MODIS data over land. Correlation coefficients (R) are shown in
each plot.

Fig. 3. Performance of backpropagation and extreme learning machine in predicting cloud fraction for divided land and ocean pixels.

The histograms in Fig. 3 represent the percentages of correctly detected cloudy and cloud-free pixels for land and
ocean pixels in the validation subset for the two different
thresholds and for cloudy and clear situations. The data in
Fig. 3 show that both learning algorithms, BP and ELM, lead
to correct estimates of cloudy pixels for both threshold values
over both ocean and land in most situations. The NNs present
inaccuracy when it comes to estimate small cloud fractions
and on this problem the BP performs the worst.
The cloud fractions estimated from OMI data using the
neural network trained by ELM or BP are compared with
the MODIS re-gridded cloud fractions for each orbit of the
validation data set over ocean Fig. 4 and over land Fig. 5.
The color scales provide a measure for the density number of
points. The images are organized in a matrix where the two
rows represent the two NNs and the two columns divide the
Atmos. Meas. Tech., 6, 2301–2309, 2013

orbits of the validation subset. Good correlations with R values of 0.85 and 0.88 are observed over ocean, for ELM and
BP, respectively. The ocean provides a homogeneous dark
surface in the UV / VIS and a good contrast between cloudy
and clear pixels is expected. Over land the high reflectance
measurements from bright surface represent a challenge for
the NNs, although the ELM seems to be less effected than
BP resulting in a R of 0.83 and 0.56, respectively, for ELM
and BP.
The cloud fraction obtained with the NN using BP or ELM
is compared with the MODIS geometrical CF for two validation orbits in Fig. 6 and Fig. 7. In these figures, (a) shows
the MODIS geometrical cloud fraction and the grey scale
indicates the cloud fraction between 0 (cloud-free) and 100
(100 % cloud-covered). (b, c) show the estimated cloud fraction from BP and ELM neural networks. (d, e) show the
difference between MODIS geometrical cloud fraction and
the NNs estimates: the value 0 of the color scale represents
a perfect agreement between the cloud fraction of the two
data sets, while a value of 100 indicates a total mismatch.
The results in Fig. 6 and Fig. 7 show that the cloud features
are well detected, except over bright land surfaces (deserts).
www.atmos-meas-tech.net/6/2301/2013/
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Fig. 6. Cloud fractions estimated by the BP and ELM-trained NN
and comparison with MODIS CF data for the validation orbit
2005m0828t1257. (a) Computed MODIS geometrical cloud fraction re-located onto the OMI grid. (b) BP predicted cloud fraction. (c) ELM predicted cloud fraction The grey-code in figures a-c
ranges from 0 (cloud free) to 100 (totally cloud covered). (d) Absolute difference between MODIS geometrical cloud fraction and
BP-predicted cloud fraction. The color-code ranges from 0 (perfect match) to 100 (complete mismatch). (e) Absolute difference between MODIS geometrical cloud fraction and ELM-predicted cloud
fraction. The color-code in panels (d) and (e) range from 0 (perfect
match) to 100 (complete mismatch)

Fig. 7. Cloud fractions estimated by the BP and ELM-trained
NN and comparison with MODIS CF data for the validation orbit
2006m0912t0828. (a) Computed MODIS geometrical cloud fraction re-located onto the OMI grid. (b) BP predicted cloud fraction.
(c) ELM predicted cloud fraction The grey-code in (a–c) ranges
from 0 (cloud free) to 100 (totally cloud covered). (d) Absolute
difference between MODIS geometrical cloud fraction and BPpredicted cloud fraction. The color-code ranges from 0 (perfect
match) to 100 (complete mismatch). (e) Absolute difference between MODIS geometrical cloud fraction and ELM-predicted cloud
fraction. The color-code in panels (d) and (e) range from 0 (perfect
match) to 100 (complete mismatch)

The contribution of high ground reflectance to TOA misleads
the NNs to interpret the satellite radiance measurements as if
they were back reflected by clouds.

over land where the ground reflectance from bright surfaces,
such as deserts, misleads the NNs to interpret the high measured reflectance as if it was reflected by clouds. The spectral
features alone can discriminate cloudy from clear pixels with
a reasonable accuracy when proper optimization of the NNs
has been performed.
Neural networks are attractive for cloud screening because
of their capability of high computational speed for large data
sets. Moreover, they rely on auxiliary data only during the
training and they are independent from the instrument platform which makes the approach portable to other combinations of instruments such as the combination of the TROPOspheric Monitoring Instrument (TROPOMI) (Veefkind et
al., 2012) and the Visible Infrared Imaging Radiometer Suite
(VIIRS).

6 Conclusions
A neural networks-based solution has been explored as a
contribution to detect the cloud fraction in OMI pixels using TOA radiation detected in the OMI VIS channels. This
study serves as a proof of concept rather than a full study
with extensive training and validation. Therefore only a limited number of OMI orbits have been used in this study, i.e., a
data set of 11 OMI orbits was split in three independent data
sets for training, testing and validation. In view of the vast
amount of data in the VIS channels from OMI, an SVD procedure was applied to reduce the 751 channels without loss
of information. This information, together with relevant auxiliary information, was used as input to two neural network
learning algorithms, back propagation and ELM, and the results were compared with MODIS geometrical cloud fraction data. To this end, the selected models of the NN provide
good performances during validation. The correlation coefficients between the reference MODIS cloud fraction and the
estimated cloud fraction from NNs are found to be approximately 0.85 over ocean. Worst performances are observed
www.atmos-meas-tech.net/6/2301/2013/
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Abstract A total of 118 stratiform water clouds were observed by ground-based remote sensing
instruments at the Mace Head Atmospheric Research Station on the west coast of Ireland from 2009
to 2015. Microphysical and optical characteristics of these clouds were studied as well as the impact
of aerosols on these properties. Microphysical and optical cloud properties were derived using the
algorithm SYRSOC (SYnergistic Remote Sensing Of Clouds). Ground-based in situ measurements of
aerosol concentrations and the transport path of air masses at cloud level were investigated as well.
The cloud properties were studied in dependence of the prevailing air mass at cloud level and season.
We found higher cloud droplet number concentrations (CDNC) and smaller eﬀective radii (reﬀ ) with
greater pollution. Median CDNC ranged from 60 cm−3 in marine air masses to 160 cm−3 in continental
air. Median reﬀ ranged from 8 μm in polluted conditions to 10 μm in marine air. Eﬀective droplet size
distributions were broader in marine than in continental cases. Cloud optical thickness (COT) and
albedo were lower in cleaner air masses and higher in more polluted conditions, with medians ranging
from 2.1 to 4.9 and 0.22 to 0.39, respectively. However, calculation of COT and albedo was strongly
aﬀected by liquid water path (LWP) and departure from adiabatic conditions. A comparison of
SYRSOC results with MODIS (Moderate-Resolution Imaging Spectroradiometer) observations showed
large diﬀerences for LWP and COT but good agreement for reﬀ with a linear ﬁt with slope near 1 and
oﬀset of −1 μm.

1. Introduction
Besides directly absorbing and scattering sunlight, aerosols also have an indirect eﬀect on the global radiation
budget by altering cloud properties. Twomey ﬁrst proposed an inﬂuence of aerosols on cloud albedo by
increasing cloud droplet number concentration (CDNC) and consequently reducing droplet sizes [Twomey,
1974, 1977]. Besides this, there are other interactions between aerosols and clouds. For example, aerosols
can alter cloud lifetime [Albrecht, 1989], cloud water content [Coakley and Angevine, 2002], and droplet size
distribution [Vong and Covert, 1998].

©2016. American Geophysical Union.
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According to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change, the physical
basis of the albedo eﬀect introduced by Twomey is fairly well understood [Boucher et al., 2013]. However,
uncertainties still remain considering the lifetime eﬀect and the shape of the droplet size distribution
[Brenguier et al., 2011; Boucher et al., 2013]. Brenguier et al. [2003] conﬁrmed the expectations of Twomey
[1977] of a negative correlation between cloud optical thickness (COT) and cloud droplet eﬀective radius
(reﬀ ). Strongly polluted clouds, however, had a positive correlation. In general, reﬀ of cloud droplets is smaller
in clouds aﬀected by polluted air masses than in clean clouds [Lohmann and Feichter, 2005, and references
therein]. This eﬀect was also observed by Ferek et al. [2000] investigating marine clouds inﬂuenced by ship
emissions. They also found drizzle suppression in ship tracks. Rosenfeld et al. [2008] discussed the role of
aerosols as cloud condensation nuclei (CCN) and their ambivalent impact on precipitation: on one hand, evaporation or prevention of clouds in heavily polluted conditions, and on the other hand, prevention of long-lived
clouds in the tropics due to clean conditions and fast rain out. A review of publications discussing marine and
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continental stratiform clouds was done by Miles et al. [2000]. They found clear diﬀerences between these two
types in terms of total CDNC, eﬀective diameter, liquid water content (LWC), among others.
For continuous vertically resolved observations of the atmosphere, ground-based remote sensing is advantageous. Better spatial coverage can be achieved by satellite-borne sensors such as the cloud proﬁling radar on
CloudSat [Stephens et al., 2002] or the aerosol lidar CALIOP (Cloud Aerosol Lidar with Orthogonal Polarization)
[Winker et al., 2007] on CALIPSO (Cloud-Aerosol Lidar and Infrared Pathﬁnder Satellite Observations) but at
the expense of temporal resolution. Ground-based remote sensing oﬀers continuous monitoring of the atmosphere at one location, with high vertical and temporal resolution. This gives valuable detailed insights into
highly complex cloud processes.
Mace Head, located at the west coast of Ireland, receives clean air masses at ground level from a wide sector to
the west and polluted air from other sectors [Jennings et al., 2003; O’Connor et al., 2008]. Numerous studies of
in situ observations at Mace Head have been published, many addressing marine aerosol [Ovadnevaite et al.,
2012; Ceburnis et al., 2014], including CCN [Reade et al., 2006]. Jennings et al. [1997] focussed on the characterization of marine and continental aerosols and found lowest aerosol number concentration for polar marine
air masses and highest for continental air masses.
The remote sensing suite at Mace Head has previously been used to study clouds. For example, Martucci
et al. [2010] compared cloud base heights from diﬀerent colocated ceilometers. Furthermore, the algorithm
SYRSOC (SYnergistic Remote Sensing Of Clouds) was developed to provide microphysical cloud properties
from data obtained by ceilometer, cloud radar, and microwave radiometer [Martucci and O’Dowd, 2011]. This
retrieval algorithm was also used for the investigation of the impact of volcanic aerosol and sea spray on
clouds (Martucci et al. [2012] and Ovadnevaite et al. [2011], respectively). Besides, remote sensing data from
Mace Head was used in combination with ground-based and airborne in situ measurements [Dall’Osto et al.,
2010 and Martucci et al., 2013, respectively). These studies focused on limited time periods. What is missing
are long-term cloud observations, their microphysical, and optical properties and the impact of aerosols upon
them. The present study provides more than 6 years of ground-based cloud remote sensing at Mace Head. It
aims to underpin ﬁndings from single case studies or intensive campaigns by using a large data set of carefully
selected cloud cases from continuous measurements.

2. Instruments and Methodology
The remote sensing division at Mace Head (53.33∘ N, 9.90∘ W) is located 21 m above sea level, about 300 m from
the water line. It has been a Cloudnet station [Illingworth et al., 2007] since 2009 and comprises a cloud radar,
a ceilometer, and a microwave radiometer (MWR). The radar is a MIRA36, a 35.5 GHz Ka-band Doppler cloud
radar from Metek [Bauer-Pfundstein and Goersdorf , 2007; Melchionna et al., 2008], which measures in-cloud
reﬂectivity, linear depolarization ratio, and vertical velocity at vertical and temporal resolutions of 30 m and
10 s. The radar was also used to detect cloud top altitude. A calibration oﬀset of the radar reﬂectivity due
to ﬁnite receiver loss [Probert-Jones, 1962] was taken into account by adding 2 dBZ to the radar reﬂectivity
output (M. Bauer-Pfundstein, METEK, personal communication, 2016). The ceilometer is a CHM15k from Luﬀt
(formerly Jenoptik) [Heese et al., 2010; Martucci et al., 2010] measuring at 1064 nm. It detects photons backscattered from atmospheric targets such as cloud droplets or aerosol particles at vertical and temporal resolutions
of 15 m and 30 s. It is capable of detecting aerosol layers, as well as clouds up to a certain penetration depth
depending on the cloud optical depth. The ceilometer was used to detect cloud base altitude. The MWR is
an RPG-HATPRO [Crewell and Löhnert, 2003; Löhnert and Crewell, 2003; Löhnert et al., 2009] water vapor and
oxygen multichannel microwave proﬁler [Martucci and O’Dowd, 2011]. SYRSOC uses temperature proﬁles and
liquid water path (LWP) from MWR. MWR proﬁles have a decreasing vertical resolution with range and a
temporal resolution of about 15 s. LWP was obtained by quadratic regression retrieval based on brightness
temperatures.
This set of instruments enables vertically resolved determination of microphysical cloud properties such as
CDNC, reﬀ , and LWC from the ground. The SYRSOC algorithm was used to retrieve these microphysical cloud
properties as well as cloud optical properties, i.e., cloud optical thickness (COT) and cloud albedo. SYRSOC
works under the assumptions of a monomodal droplet size distribution with constant shape parameters of 8
(marine and marine-modiﬁed clouds) and 9 (continental and continental-modiﬁed clouds) [Miles et al., 2000],
and uses an explicit subadiabaticity scheme. SYRSOC was described in detail by Martucci and O’Dowd [2011],
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but unlike the outline in this ﬁrst publication, CDNC in the present work was obtained using radar reﬂectivity
following the approach of Brandau et al. [2010] solving equation (5) therein for CDNC, N(h)
(
)
6𝜌air Aad 2 1 2
f (h)h2 ,
(1)
N(h) = k6
𝜋𝜌w Z(h)
with the constant coeﬃcient k6 depending on the shape parameter of the droplet-size distribution [Brandau
et al., 2010, equation (19)], the density of air, 𝜌air , the adiabatic lapse rate of LWC mixing ratio, Aad , the density
of water, 𝜌w , the height, h, the proﬁle of radar reﬂectivity, Z(h), and the proﬁle of the subadiabatic function,
f (h). This approach for obtaining CDNC is also implemented in the SYRSOC algorithm. Determination of CDNC
from the extinction coeﬃcient with SYRSOC, as introduced by Martucci and O’Dowd [2011], works well for certain cloud cases. However, this retrieval is sensitive to uncertainties in the extinction proﬁle. Due to necessary
assumptions in the inversion of the ceilometer data, the algorithm cannot provide suﬃciently accurate proﬁles of the extinction coeﬃcient in all cases. Use of a Raman lidar and directly measured extinction coeﬃcient
proﬁles, at least at cloud base, could improve the extinction-based CDNC retrieval of SYRSOC. From CDNC, reﬀ ,
LWC, COT, and cloud albedo were calculated. Vertical and temporal resolutions of the output are 15 m
and 10 s.
Retrieval of reﬀ and LWC was described by Martucci and O’Dowd [2011]. COT was calculated from a so-called
reconstructed extinction coeﬃcient, 𝜎re , obtained from the CDNC:
) (
))2∕3
(
(
𝜎re (h) = C ∗ N(h)1∕3 ∗ f (h) ∗ Aad ∗ h − hcb
,

(2)

with hcb the cloud base altitude and
)−2∕3
(
C = 𝜋 1∕3 ∗ Q ∗ k2 ∗ (4∕3)−2∕3 ∗ 𝜌w ∕𝜌air
∗ 105 ,

(3)

with the extinction eﬃciency Q, which is approximately 2 for the considered wavelength [Boers et al., 2000],
and k2 depending on the shape parameter of the droplet size distribution [Brandau et al., 2010, equation (20)].
COT is then obtained by integrating over the reconstructed extinction coeﬃcient:
COT =

∫

𝜎re (h)dh.

(4)

Cloud albedo is calculated from COT using a ﬁxed ratio found by Lacis and Hansen [1974]:
Albedo = COT∕(COT + 7.7).

(5)

The data set analyzed here includes clouds observed from February 2009 to April 2015. From these 6 years
of cloud observations, homogeneous parts of less than 1 h duration of all single-layer nonprecipitating water
clouds were selected. Maximum duration of 1 h was chosen to ensure homogeneity. Clouds were classiﬁed
as homogeneous if cloud base and cloud top height changed by less than 50 m during that period and the
variability in radar reﬂectivity was less than 1 dBZ. Selection of single-layer clouds was necessary because
column LWP was used to calculate LWC proﬁles. Additionally, cases were restricted to nonprecipitating water
clouds to match the monomodal droplet size distribution assumption of SYRSOC.
Large drizzle drops can have a strong impact on radar reﬂectivity without strongly aﬀecting LWC [Sauvageot
and Omar, 1987; Fox and Illingworth, 1997]. This distorts the calculation of microphysical cloud properties. As
SYRSOC assumes monomodal size distributions, the drizzle mode cannot be represented. Drizzle was avoided
by excluding regions of high radar reﬂectivity. In accordance with Comstock et al. [2004] and Zuidema et al.
[2005], the threshold reﬂectivity for light drizzle was set to −17 dBZ.
The true uncertainties of the SYRSOC results are diﬃcult to evaluate, because some contributions to the overall
uncertainty can cancel each other. An uncertainty propagation approach would therefore lead to unrealistic
results. Instead, a Monte Carlo approach was used to estimate uncertainties. Input parameters were randomly
varied within the limits given in Table 1. Owing to the complexity of the calculations, this leads to 8000 samples
per proﬁle (i.e., per time step). The uncertainty was then calculated as the ratio of the standard deviation of the
mean and the mean value of those 8000 samples. This can give an indication of the uncertainties introduced
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Table 1. Input Parameters, Their Variability, and Number of Random Samples
for Monte Carlo Error Estimation
Parameter

Instrument

Variability

Samples

Temperature

MWR

±2 K

20

Liquid water path

MWR

±20 g/m2

20

cloud radar

±1 dBZ

20

Reﬂectivity

by random errors in the measurements. Drizzle screening causes an additional bias for some cloud cases. This
bias was estimated by running SYRSOC for clouds that included drizzle and for the same clouds with drizzle
threshold applied. In drizzle-screened clouds, CDNC was on average about 60% higher and reﬀ and LWC about
50% and 25% lower, respectively. There are further uncertainties related to drizzle, as both calculations for
this estimate are based on the monomodality assumption. However, all SYRSOC results are obtained under a
set of assumptions, mentioned earlier, which might not reﬂect reality and therefore could introduce further
uncertainties, which are not discussed here. Uncertainties given with SYRSOC results below are those estimated by the Monte Carlo approach.
Three-day back trajectories from the National Oceanic and Atmospheric Administration (NOAA) HYSPLIT
model (HYbrid Single-Particle Lagrangian Integrated Trajectory, Draxler and Rolph [2014]), were calculated for
each case. Based on the prevailing synoptic situation and back trajectories, the cloud cases were classiﬁed as
marine, coming from the Atlantic Ocean, or continental, coming from Europe. The classes “marine modiﬁed”
and “continental modiﬁed” were introduced to categorize ambiguous cases: from the Atlantic, but with brief
transport over Ireland or Great Britain, and for cases from Europe with transport over the ocean, respectively.
Furthermore, black carbon (BC) concentrations measured in situ near the surface by a multiangle absorption
photometer were used as further indication for clean cases. Marine cases with BC concentrations < 15 ng/m3
were classiﬁed as clean marine, whereas all other marine cases were allocated to the marine modiﬁed class
since they were likely inﬂuenced by anthropogenic sources [O’Dowd et al., 2014; Ovadnevaite et al., 2014].
Aerosol composition from the ground-based in situ aerosol mass spectrometer (AMS) [Ovadnevaite et al.,
2014] measurements were studied as well. AMS at Mace Head continuously samples SO4 , NH4 , NO3 , sea-salt,
and organic aerosol concentrations. Fine-mode particulate matter (PM1) was obtained as sum of individual
concentrations measured by the AMS. CCN concentrations near the surface were monitored with a Droplet
Measurements Technology CCN counter [Lance et al., 2006] at 0.75% supersaturation.
MODIS (Moderate-Resolution Imaging Spectroradiometer) level 2 data from both Terra and Aqua satellites
[Platnick et al., 2015a, 2015b] were used to verify the performance of SYRSOC. MODIS data at 3.7 μm, available
at 1 km horizontal resolution, was only processed in cases of single-layered clouds. Data pixels with a cloud
optical thickness smaller than 5 were removed, as the instrument might detect surface reﬂectance through
these clouds. This would lead to unreliable retrieved cloud parameters for optically thin clouds.

3. Results
A total of 118 water clouds were analyzed for a better understanding of cloud microphysics as well as to
provide insight into the impact of aerosols. Considering a data set of 6 years, this may seem like a small
number, roughly covering 52 h of observations, especially since cloud-free conditions are rare at Mace Head.
Instrument downtime was 20 to 25% per instrument (radar, ceilometer, and MWR), and they were seldom
coincidental. Additionally, rigorous cloud screening limited the data set to the cases presented here. Using
3 day back trajectories, 78 of these cases were classiﬁed as marine (23 clean marine and 55 marine modiﬁed)
and 40 cases were classiﬁed as continental (26 continental and 14 continental modiﬁed). Predominance of
marine air masses reﬂects the overall Mace Head characteristics [Jennings et al., 2003; Reade et al., 2006],
although Jennings et al. [2003] found only 52% of maritime air. This diﬀerence can be explained by the exclusive study of stratiform clouds within this work. The formation of stratiform clouds at Mace Head has a
prevailing marine origin, while air masses from Europe are generally drier, thus suppressing cloud formation.
The 118 selected cloud periods were each about 10 to 30 min long. With a temporal resolution of 10 s they provided over 18,000 time steps. In total, 2339 of them were classiﬁed as clean marine, 9836 as marine modiﬁed,
4169 as continental, and 2516 as continental modiﬁed.
Table 2 contains information on the distribution of diﬀerent air masses during the four seasons. Spring
(March to May), autumn (September to November) and winter (December to February) were similar, with the
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Table 2. Number of Time Steps Per Season and Their Fraction According to
Air Mass Transporta

Total number

MAM

JJA

SON

DJF

3927

6235

4411

4287

Fraction marine

9%

22%

6%

8%

Fraction marine modiﬁed

37%

75%

44%

41%

Fraction continental modiﬁed

23%

3%

16%

17%

Fraction continental

31%

0%

34%

34%

a MAM

(March–May) = spring; JJA (July–August) = summer; SON
(September–November) = autumn; and DJF (December–February) = winter.

most cloud cases in marine modiﬁed conditions, followed by continental, continental modiﬁed, and marine.
Conditions were very diﬀerent for clouds observed in summer (June to August). Stratiform clouds were almost
exclusively observed during marine and marine modiﬁed periods. Only a few cloud cases were recorded for
continental modiﬁed air masses.
3.1. Air Mass Characterization
Figure 1 shows the distributions of BC, CCN, and PM1 concentrations at ground level during the cloud
observations. In situ data were not available for all cloud cases. The number of data points in each distribution
is shown on the top axis. Figure 1d also shows SYRSOC CDNC concentrations for comparison. SYRSOC results
are discussed in section 3.2.2 below. Generally, BC concentrations agreed well with the trajectory analysis,
showing higher concentrations for air masses advected from the continent and lower concentrations for
air masses transported over the Atlantic (Figure 1a). This is reﬂected in all mean values and percentiles
shown. The medians (and mean values) were 5 ng/m3 (5 ng/m3 ) for marine cases, 24 ng/m3 (33 ng/m3 ) for
marine modiﬁed cases, 60 ng/m3 (89 ng/m3 ) for continental modiﬁed cases, and 127 ng/m3 (230 ng/m3 ) for
continental cases. The overall spread is largest for the continental class, ranging from 41 ng/m3 to 774 ng/m3
(5th and 95th percentiles).

Figure 1. Box plots of (a) BC, (b) CCN, (c) PM1, and (d) CDNC concentrations, sorted by the air mass transport according
to HYSPLIT back trajectories (mar. mod. = marine modiﬁed; cont. mod. = continental modiﬁed). Shown are the median
(blue horizontal line), 25th and 75th percentiles (box), 5th and 95th percentiles (whiskers), mean value (red cross), and
data points out of the 5th to 95th percentiles (purple dots). The number of data points per class is shown on the top axis.
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The lowest CCN mean value was found for marine cases with 230 cm−3 , while the median was 250 cm−3 .
Both, median and mean CCN concentrations, marine modiﬁed cases were slightly larger than those of marine
cases with 260 cm−3 and 340 cm−3 , respectively. CCN concentrations of continental modiﬁed cases were on
average highest (Figure 1b) with median and mean of 960 cm−3 and 890 cm−3 , respectively. The highest absolute values were observed in continental air masses. However, this 400 cm−3 median was closer to marine
and marine-modiﬁed medians. This indicates no clear relationship between CCN concentrations and air mass
transport paths. This is due to the fact that not only BC but also other components like SO4 and sea salt can
act as CCN [Pierce and Adams, 2006; O’Dowd et al., 1999].
Mean PM1 concentrations and overall distributions well represented the air masses (Figure 1c). During 95%
of marine cases, PM1 was below 1.4 μg/m3 , median and mean value were 0.68 μg/m3 and 0.76 μg/m3 ,
respectively. All shown percentiles were similar or higher for marine modiﬁed cases, and all were even
higher for continental modiﬁed cases. The medians (and mean values) for those two classes were 0.74 μg/m3
(1.12 μg/m3 ) and 2.04 μg/m3 (2.37 μg/m3 ), respectively. Highest PM1 concentrations were observed within
continental air masses, where 95th percentile, 75th percentile, 5th percentile, and mean (4.70 μg/m3 ) were
highest. The 1.79 μg/m3 median and 25th percentile (1.25 μg/m3 ) were lower than median and 25th percentile
of the continental modiﬁed class.
BC, CCN, and PM1 concentrations in Figure 1 show a smaller spread between the 25th and 75th percentiles of
the marine and marine modiﬁed cases than those of the continental modiﬁed and continental cases. Relative
broadness with respect to mean was also smaller in marine cases than in continental cases. This is especially
remarkable, because the marine modiﬁed class includes the largest number of data points. This hints at more
uniform conditions at ground level during air mass advection from the Atlantic. Air masses from Europe can
contain diﬀerent grades of pollution and mixtures of diﬀerent aerosol types. Additionally, the ground-based
in situ observations in these cases were more likely inﬂuenced by local and regional emissions.
Box plots for BC and PM1 per season are shown in Figure 2. Median, 25th percentile, and 75th percentile
of seasonal BC, CCN, and PM1 concentration distributions are also listed in Table 6. Distributions of BC and
PM1 concentrations were very narrow in summer with 25th percentile and 75th percentile of 7 ng/m3 and
34 ng/m3 (BC) and 0.64 μg/m3 and 1.21 μg/m3 (PM1). Median and mean were 15 ng/m3 and 24 ng/m3 (BC)
and 0.86 μg/m3 and 1.28 μg/m3 (PM1). All spring percentiles were higher with median, 25th percentile, and
75th percentile of 39, 14, and 67 ng/m3 (BC) and 0.88, 0.71, and 1.86 μg/m3 (PM1). Narrow distributions during
spring and summer were observed for SO4 , NH4 , NO3 , and organic aerosol concentrations (not shown). The BC
autumn distribution was widest with median, 25th percentile, and 75th percentile of 61, 18, and 206 ng/m3 .
In winter, median was largest with 106 ng/m3 . Few cases of very high BC concentrations (shown as outliers)
were detected in spring, autumn, and winter. The highest BC concentrations were observed in autumn. PM1
distributions were broader in spring and winter, compared to summer and autumn (Figure 2b), with much
higher 95th percentile. Highest PM1 concentrations were detected in spring. Relative broadness with respect
to mean was largest in autumn. Median CCN concentrations (Table 6) were similar in spring and summer.
Highest mean values, percentiles, and extreme values of CCN were observed in winter, which might indicate
an inﬂuence of local pollution due to household heating. Enhanced sea-salt concentrations due to high wind
speeds, which occur more frequently in winter [Mulcahy et al., 2008; Yoon et al., 2007], likely contributed to the
CCN concentrations. On average, CCN concentrations were lowest in autumn.
3.2. Ground-Based Remote Sensing
One advantage of active remote sensing methods such as radar and lidar is the possibility to observe vertical
distributions of scatterers at high range resolution. In the following, the observed cloud base and top heights
as well as the cloud depth are discussed. Cloud base altitude was obtained from ceilometer data and cloud
top altitude from radar reﬂectivity, by analyzing signal gradients [Martucci et al., 2010].
3.2.1. Cloud Boundaries
As mentioned above, only homogeneous single-layer nonprecipitating water clouds were included in this
study. They barely reached cloud top altitudes greater than 2.5 km above ground level (agl). Most of the clouds
were 260 to 420 m deep. The medians and percentiles (25% and 75%) of the cloud boundaries and cloud
depths are shown in Table 3. The seasonal behavior of the cloud base altitudes was similar to the cloud top
altitudes. Cloud base medians were highest in summer and lowest in spring. Cloud top median were highest
in summer and autumn and lowest in spring. Cloud depths were slightly larger in autumn and winter with
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Figure 2. Box plots of (a) BC and (b) PM1 concentrations, sorted by season (spring = March to May, summer = June to
August, autumn = September to November, and winter = December to January). Shown are the median (blue horizontal
line), 25th and 75 percentiles (box), 5th and 95th percentiles (whiskers), mean value (red cross), and data points out of
the 5th to 95th percentiles (purple dots). The number of data points per class is shown above the top axes.

medians of 0.34 and 0.35 km, respectively, suggesting a larger water vapor vertical ﬂux during these seasons.
Medians during spring and summer were 0.33 and 0.32 km, respectively.
Figure 3 shows hour average cloud base heights (Figure 3a) and cloud depths (Figure 3b) for all clouds. Local
time is the same as UTC in winter and UTC+1 h in summer. Each hourly interval includes 140 to 1510 data
points. No clear diurnal cycle is indicated. The spread of cloud base values (5th and 95th percentiles) was larger
during nighttime and morning, whereas the 25th and 75th percentiles included a larger range during the day.
The hourly distributions of cloud depths were stable throughout the day, with slightly increased ranges in late
afternoon and evening. Such small diurnal variation in cloud depth can be expected for the studied stratiform
cloud type.
Cloud boundary dependence on air masses are given in Table 4. Again, cloud base and cloud top heights
showed a similar pattern. On average, clouds observed during marine air mass advection were slightly higher
and thinner than those in continental cases. The small variation may be explained by the focus of this study on
one particular cloud type. Selection of drizzle-free clouds limits the data set to shallow clouds, because thicker
clouds will inevitably form drizzle. Moreover, limitation to liquid clouds restricts cloud base and top altitudes.

Table 3. Median and Range (25%–75%) of Cloud Top Altitude, Cloud Base Altitude, and Cloud Depth by Season

cloud top (km agl)
cloud base (km agl)
cloud depth (km)

PREIßLER ET AL.

Spring (MAM)

Summer (JJA)

Autumn (SON)

Winter (DJF)

1.0 (0.9–1.4)

1.4 (1.1–1.6)

1.4 (1.2–1.5)

1.1 (1.0–1.3)

0.7 (0.5–1.1)

1.1 (0.6–1.3)

1.0 (0.8–1.3)

0.8 (0.6–1.0)

0.33 (0.26–0.42)

0.32 (0.27–0.39)

0.34 (0.27–0.41)

0.35 (0.30–0.42)
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Figure 3. Daily cycle of (a) cloud base altitude and (b) cloud depth. Shown are the median (black line), 25th and 75th
percentiles (dark gray shaded area), 5th and 95th percentiles (light gray shaded area), and mean values (dots).

3.2.2. Microphysical Cloud Properties
CDNC, reﬀ , and LWC were averaged over the duration of the individual cloud periods between about 10 and
30 min. The mean in-cloud proﬁles were then normalized to cloud depth, so that each proﬁle starts at 0
and ends at 1. Figure 4 shows proﬁles of a marine example case of 28 July 2010 and a continental case of
2 September 2014. The marine CDNC proﬁle from 28 July 2010 was fairly constant with height. This agrees
with the marine clouds of Miles et al. [2000] and Noble and Hudson [2015]. CDNC on 2 September 2014
(continental case) increased at cloud base and top. CDNC increase at the cloud top may indicate entrainment
from above. Mixing of CCN into the cloud would increase CDNC and reduce reﬀ . Another explanation might
be nonuniform radar beam ﬁlling at the cloud boundaries, which leads to a virtual decrease in reﬂectivity in
the ﬁrst or last range bin, also resulting in smaller reﬀ and larger CDNC. Miles et al. [2000] found large variations
in proﬁle shapes of CDNC in continental clouds.
Median reﬀ generally increased from cloud base to cloud top, with a slight decrease near the top on
2 September 2014, corresponding to the CDNC increase. LWC followed a subadiabatic proﬁle with a subadiabaticity of about 0.18 on 28 July 2010 and 0.07 on 2 September 2014. Increasing LWC from cloud base

Table 4. Number of Time Steps As Well As Median and Range (25%–75%) of Cloud Top and Base Altitude and Cloud
Depth by Air Mass Transport

Total number
Cloud top (km agl)
Cloud base (km agl)
Cloud depth (km)

PREIßLER ET AL.

Marine

Marine Modiﬁed

Continental Modiﬁed

2339

9836

2516

Continental
4169

1.2 (0.9–1.4)

1.4 (1.1–1.5)

1.1 (0.9–1.3)

1.3 (1.0–1.5)

0.8 (0.5–1.1)

1.0 (0.7–1.2)

0.7 (0.4–0.8)

0.9 (0.6–1.2)

0.31 (0.23–0.44)

0.33 (0.27–0.39)

0.37 (0.31–0.44)

0.35 (0.28–0.42)
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Figure 4. Proﬁles of (a, d) CDNC, (b, e) reﬀ , and (c, f ) LWC on 28 July 2010 (Figures 4a–4c) and 2 September 2014
(Figures 4d–4f ). Shown are median (black line) and uncertainties obtained by Monte Carlo approach (shaded area).

throughout the cloud was also found by Miles et al. [2000], Hudson and Yum [1997], and Noble and Hudson
[2015]. Uncertainties in the marine (and continental) case were about 43% (45%), 7% (8%), and 21% (24%) for
CDNC, reﬀ , and LWC, respectively.
Relative uncertainties (err), obtained by the Monte Carlo approach, were averaged over all proﬁles. They were
nearly constant with altitude, only slightly higher at cloud base, for all three microphysical cloud properties
(not shown). Median errCDNC was below 50%. The 25th and 75th percentiles of errCDNC were 30% and 80%. The
25th and 75th percentiles of errLWC spread from about 10% to 40%, with a median of 20%. Median and range
of errreﬀ were lowest, ranging between 5 and 15%.
Results discussed in the following, contain data of the entire cloud, except those parts excluded by the radar
reﬂectivity threshold. The normalized distributions of CDNC, reﬀ , and LWC are plotted in Figure 5 according to
the air mass transports. The corresponding medians and 25th and 75th percentiles are given in Table 5.
Medians and percentiles of CDNC were smallest for clean marine air masses (see also Figure 1d). The distribution of marine cases was monomodal, whereas the marine modiﬁed cases showed a slightly bimodal behavior,
with broad modes centered near 60 and 150 cm−3 (Figure 5a). This indicates a mixture of air masses but might
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Figure 5. Distributions of (a) CDNC (logarithmic scale), (b) reﬀ , and (c) LWC by air mass transport. Modiﬁed air masses
(mar. mod. = marine modiﬁed; cont. mod. = continental modiﬁed) are plotted as lines.

also be due to air mass misclassiﬁcation based on back trajectories. The bimodal continental modiﬁed CDNC
distributions had one broad mode centered near 20 cm−3 and one peak near 100 cm−3 . Relative to the other
air mass classes, few cloud cases were classiﬁed as clean marine or continental modiﬁed. This means that one
outlier can strongly inﬂuence these distributions, which would produce broader or multiple modes. The distribution of continental cases had one peak near 200 cm−3 . On average, the CDNC was highest for continental
cases, although small fractions of high CDNC were also found in the modiﬁed air mass types.
The marine reﬀ distribution was wider than in continental conditions (Figure 5b). The median reﬀ was 10 μm
and 9 μm for marine and marine modiﬁed air masses. The reﬀ distribution of marine modiﬁed cases was
bimodal with the main peak near 8 μm and one at 12 μm. As with the CDNC distribution, this indicates the
inﬂuence of both clean and polluted air masses within this class. Continental modiﬁed cases also showed a
bimodal distribution for the same reasons, as mentioned before. The main peak was near 7 μm, and the smaller
one was near 11 μm. The distribution of reﬀ in continental cases had a broad mode centered at 7 μm.
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Figure 6. Size distributions, color coded according to the normalized frequency distribution, separately for each cloud
case. Each panel shows a diﬀerent air mass (mar. mod. = marine modiﬁed; cont. mod. = continental modiﬁed).

These results conﬁrm the inverse relationship between CDNC and reﬀ in agreement with the literature [Ferek
et al., 2000; Lohmann and Feichter, 2005]. This relationship is forced by the algorithm at each time step.
However, the data set studied here conﬁrms the general validity of this assumption from more than 18,000
time steps. All distributions of CDNC and reﬀ were broad, covering a wide range of values. This is due to the
large number of data points and the coarse estimation of the air mass transport path 3 days prior to observation. Investigation of the actual origin of air masses and aerosol content at cloud level was not part of this
study. Classiﬁcation uncertainties would produce broader distributions. Averaging over whole cloud proﬁles
contributes to further broadening. However, the peaks and medians can be considered statistically robust,
owing to the number of time steps.
LWC distributions (Figure 5c) show two or more peaks for all classes except clean marine, which has one peak
near 0.17 g/m3 . Whereas the medians were similar for marine, marine-modiﬁed, and continental cases, the
median of continental modiﬁed cases was much lower due to a strong peak just below 0.1 g/m3 . The distribution of marine modiﬁed conditions had not only small peaks near 0.05 g/m3 and 0.12 g/m3 but also a broader
mode centered near 0.23 g/m3 . The peak of the marine modiﬁed LWC distribution at 0.05 g/m3 was linked to
small LWP (10–20 g/m2 ). LWC distributions for continental cases also had several modes, with a narrow one
at 0.08 g/m3 and two broad ones centered at 0.2 g/m3 and 0.3 g/m3 . Median, 25th and 75th percentiles of
continental LWC distributions were the highest. This seems counterintuitive; however, drizzle was excluded
from this data. The more polluted air masses advected from the continent probably held more liquid water
before forming drizzle than the cleaner air masses from the ocean. This would be due to rain suppression in
more polluted air masses [Albrecht, 1989; Hudson and Yum, 2001; Yum and Hudson, 2002; Hudson et al., 2009],
i.e., second indirect aerosol eﬀect [Hudson, 1993]. Moreover, some nondrizzling cloud parts with small CDNC,
high reﬀ , and high LWC possibly were removed from this analysis by applying the reﬂectivity threshold.
Individual droplet size distributions were calculated separately for each cloud case from reﬀ and CDNC. The
averaged distributions normalized by CDNC are shown in Figure 6. Each horizontal line represents the cloud
droplet size distribution of one cloud case, with darker colors at high normalized frequencies and lighter colors
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Figure 7. Distributions of (a) COT and (b) cloud albedo by air mass transport. Modiﬁed air masses (mar. mod. = marine
modiﬁed; cont. mod. = continental modiﬁed) are plotted as lines.

at low normalized frequencies. Overall, the marine and marine-modiﬁed size distributions (Figures 6a and 6b)
were broader, with lower maxima, than the continental size distributions (Figure 6d), which showed more
pronounced peaks at smaller reﬀ . Already in the 1950s, Squires [1958] found broad distributions associated
with low CDNC and Hudson and Yum [1997] conﬁrmed that the size distribution broadening in marine stratus
is associated with larger reﬀ . Very high maxima at low reﬀ in some marine and marine-modiﬁed cases might
indicate problems with drizzle detection or long-range transport of aerosol at cloud altitude.
Cloud optical properties were also investigated. Figure 7 shows distributions of COT and cloud albedo. COT
median, 25th percentile and 75th percentiles were similar for marine, marine-modiﬁed, and continentalmodiﬁed cases (Table 5). The main peaks of these distributions were at 2.5, 2.1, and 2.3, respectively. The two
modiﬁed classes show a second broad mode centered near 5 (marine modiﬁed) and 4 (continental modiﬁed).
The distribution of the continental cases looks very diﬀerent. There is one sharp peak at COT of 1, a smaller
peak near 3 and a broad mode centered near 5. The percentiles reﬂect this diﬀerence. Median, 25th percentile,
and 75th percentiles were highest for continental cases.

Table 5. Median and Range (25%–75%) of Cloud Properties by Air Mass Transport

CDNC (cm−3 )
reﬀ (μm)

LWC (g/m3 )
LWP (g/m2 )
f

COT
Albedo

PREIßLER ET AL.

Marine

Marine Modiﬁed

Continental Modiﬁed

Continental

60 (30–140)

80 (30–230)

90 (20–220)

160 (90–300)

10 (8–13)

9 (7–12)

9 (6–12)

8 (6–10)

0.18 (0.14–0.23)

0.19 (0.10–0.27)

0.10 (0.08–0.26)

0.22 (0.15–0.31)

70 (37–94)

70 (36–103)

36 (26–111)

75 (44–131)

0.10 (0.09–0.14)

0.12 (0.06–0.16)

0.09 (0.06–0.17)

0.15 (0.09–0.23)

2.4 (1.3–3.6)

2.1 (1.2–3.6)

2.2 (1.6–4.7)

4.9 (2.5–8.7)

0.23 (0.15–0.32)

0.22 (0.14–0.32)

0.23 (0.17–0.38)

0.39 (0.24–0.53)
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Figure 8. Distributions of (a) CDNC, (b) reﬀ , and (c) LWC by season.

Similar to COT, there were clear cloud albedo diﬀerences between marine and modiﬁed classes and the
continental class. Median, 25th percentile, and 75th percentiles of the two marine distributions and the
continental-modiﬁed distribution were similar, with the smallest median and 25th percentile for marinemodiﬁed cases but smallest 75th percentiles for marine cases. The cloud albedo distributions in Figure 7b
show two main peaks of the marine distribution at 0.08 and 0.22. Those ﬁrst peaks of marine and marine modiﬁed cases are likely related to small LWP. There is another broad peak of the marine modiﬁed distribution at
0.14 followed by small broad modes centered near 0.41 and 0.52. The continental modiﬁed distribution has
one sharp peak at 0.2, followed by some smaller broad modes at higher values. Moreover, there is a very broad
main distribution for continental cases with albedos higher than 0.2 and an additional narrow peak centered
at 0.12. Mean values of albedo and COT were lower in marine and marine-modiﬁed air than in continental and
continental-modiﬁed air.
Overall, COT and albedo were lower in cleaner air masses and higher in more polluted conditions, which is in
agreement with Twomey [1977], Brenguier et al. [2003], and others. Lower COT and albedo medians were linked
to high reﬀ medians and low CDNC medians for marine and marine-modiﬁed cases (Table 5), and vice versa
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Table 6. Median and Range (25%–75%) of Cloud Properties, As Well As BC, CCN, and PM1 Concentrations by Season

CDNC (cm−3 )
reﬀ (μm)

LWC (g/m3 )
LWP (g/m2 )
f

COT
Albedo

Spring (MAM)

Summer (JJA)

Autumn (SON)

Winter (DJF)

110 (50–220)

80 (30–250)

100 (20–280)

110 (40–260)

9 (7–11)

9 (7–12)

8 (5–11)

9 (6–12)

0.24 (0.15–0.32)

0.20 (0.12–0.27)

0.14 (0.08–0.26)

0.16 (0.09–0.24)

75 (35–134)

69 (37–102)

51 (22–100)

76 (38–104)

0.17 (0.10–0.24)

0.11 (0.07–0.14)

0.09 (0.03–0.14)

0.14 (0.09–0.19)

3.7 (1.7–8.0)

2.3 (1.4–3.6)

1.8 (1.1–3.8)

2.8 (2.0–5.0)

0.32 (0.18–0.51)

0.23 (0.15–0.31)

0.19 (0.13–0.33)

0.27 (0.21–0.39)

BC (ng/m3 )

39 (14–67)

15 (7–34)

61 (18–206)

106 (40–172)

CCN (cm−3 )

440 (200–760)

370 (230–500)

180 (70–400)

520 (240–1250)

PM1 (μg/m3 )

0.9 (0.7–1.9)

0.9 (0.6–1.2)

1.9 (0.6–2.0)

1.3 (0.2–1.9)

for continental cases. The seemingly contradictory behavior in continental modiﬁed cases can be attributed
to a strong peak at low LWC (Figure 5c). A similar LWC peak, although lower, is present in marine modiﬁed
cases and might be linked to transport paths inﬂuenced by both, marine and continental conditions. Table 5
also shows minimum LWP and, consequently, lowest median subadiabaticity in continental modiﬁed cases.
This did not impact CDNC or reﬀ but strongly inﬂuenced the calculation of COT and albedo.
Besides air mass classiﬁcation, a separate analysis of the distributions of microphysical cloud properties by
season was done. CDNC, reﬀ and LWC are shown in Figure 8. The medians, 25th percentile, and 75th percentile
of these distributions are also listed in Table 6. The shapes of all CDNC distributions were similar, as were
the medians, 25th percentile and 75th percentiles in spring, autumn, and winter with lower values in summer. This indicates stronger inﬂuence of continental air masses during these seasons compared to summer.
Indeed, Table 2 gives the highest proportion of continental plus continental modiﬁed cases in spring, with
54%, followed by winter (51%) and autumn (50%). Median CDNC was lowest in summer (Table 6). This can be
explained by the observed air mass characteristics. No continental and very few continental modiﬁed cases
were observed in summer (Table 2), most likely because the continental air masses transported from Europe
were characterized by thermodynamic conditions less favorable to the formation of the stratiform clouds
investigated in this study, e.g., higher mean temperature, lower relative humidity, and larger convective available potential energy. Of the 6235 summer data points, 22% were marine and 75% were marine modiﬁed
(Table 2). BC and PM1 concentrations were also smallest during summer (Table 6), which thus agreed with the
observed air mass types.
Diﬀerences in reﬀ were less pronounced in medians, 25th percentile and 75th percentile (Table 5) than in distribution shapes. The only monomodal distribution, though broad, was obtained from spring cases. This may
be due to the smaller number of data points, relative to the other seasons (see Table 2). The median and 25th
percentile of reﬀ in autumn were slightly lower than those during the other seasons. Median LWC was lowest
in autumn and highest in spring. As mentioned earlier, this is linked to the high LWP and consequently less
adiabatic conditions in autumn. Seasonal values of LWP and subadiabaticity, f , are listed in Table 6. Unlike all
other seasonal distributions, the spring distribution does not show a peak at low LWC. The optical properties
by season are also given in Table 6. The link between LWC, subadiabaticity, and optical properties forced by
the algorithm is clearly represented, with low COT and albedo at low LWC, and vice versa. COT and albedo
medians were higher in winter and spring than in summer and autumn.
3.3. Comparison With MODIS
Out of the data set described above, 40 cases were coincident with overpasses of the Aqua or Terra satellite over Mace Head. These cases were used for a comparison of SYRSOC results with MODIS cloud products
at 3.7 μm [Platnick et al., 2015a, 2015b], namely, reﬀ at cloud top, the cloud water path (CWP or LWP), and
COT. MODIS data were averaged over an area from 53.27 to 53.37∘ N and from −9.91 to −9.89∘ E, with Mace
Head at its center. MODIS pixels with COT smaller than 5 were removed before averaging. MODIS provided
uncertainties of COT, LWP, and reﬀ ranging from 3% to 15%, 10% to 28%, and 5% to 9%, respectively.
SYRSOC produces proﬁles of the microphysical cloud properties. However, MODIS has a very small penetration depth into clouds and therefore only retrieves microphysical cloud properties near cloud top. Therefore,
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Figure 9. Comparison of (a) reﬀ , (b) integrated LWC/LWP, and (c) COT from MODIS and SYRSOC. Dots mark mean values,
and error bars span minima to maxima. The 1:1 line and linear ﬁt are shown in gray and black, respectively.

SYRSOC reﬀ was averaged from 75 to 45 m below the radar detected cloud top (three data points), while LWC
was integrated over the full cloud depth. Subsequently, reﬀ , COT and integrated LWC were averaged about
10 min before and 10 min after the overpass. The comparisons of mean values for all available cases are shown
in Figure 9. Error bars represent minimum and maximum values. The best linear ﬁts of MODIS products and
SYRSOC results were calculated. Regression lines are plotted, and ﬁtting parameters are given in Table 7.
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Table 7. Fitting Parameters of the Linear Fit of MODIS Products and SYRSOC Results
R [R2 ]

y Intercept

Slope
With Drizzle

Without Drizzle

With Drizzle

Without Drizzle

With Drizzle

Without Drizzle

Eﬀective radius

0.95

0.57

−1 μm

3 μm

0.67

[0.45]

0.65

[0.43]

Integrated LWC

0.11

0.03

50 g/m2

31 g/m2

0.38

[0.14]

0.20

[0.04]

LWP

0.11

0.11

57 g/m2

57 g/m2

0.36

[0.13]

0.36

[0.13]

COT

0.05

0.05

2

2

0.44

[0.19]

0.43

[0.18]

The reﬀ seems to be systematically underestimated by SYRSOC or overestimated by MODIS. In most cases,
SYRSOC reﬀ showed a larger variability than MODIS reﬀ . COT was also underestimated by SYRSOC or overestimated by MODIS to a greater extent at higher COT. MODIS COT ranges were larger than SYRSOC COT ranges.
As mentioned earlier, drizzle detection is done by SYRSOC to assure stability of the algorithm and representable results. However, this screening process can exclude parts of the clouds that MODIS detects. This is
obvious in the comparison of the integrated LWC with MODIS LWP. Cloud areas with high LWC are excluded,
and therefore, the integrated values are lower than the MODIS LWP.
LWP was measured directly from ground by the MWR. These data were used as input for SYRSOC. For the
40 cloud cases, LWP from the ground-based radiometer at Mace Head was compared with MODIS LWP
(Figure 10). The agreement of directly measured LWP was clearly better than the agreement of SYRSOC results
with MODIS products. However, there were large diﬀerences, especially at high-mean LWP, where the variability of both instruments was larger. Measurement and retrieval uncertainties should be considered as well.
They were estimated to be 20 g/m2 for MWR LWP and were provided as 10% to 28% of MODIS LWP. Integrated
SYRSOC LWC was in many cases lower than MWR LWP because of SYRSOC drizzle screening.
In order to test the assumption that LWP diﬀerences were due to drizzle screening, the SYRSOC run was
repeated without drizzle screening. The resulting comparisons of SYRSOC and MODIS are shown in Figure 11.
The mean and maximum SYRSOC reﬀ was higher for cases aﬀected by drizzle. The mean values of integrated
LWC from SYRSOC agreed much better with the input LWP from the ground-based MWR in the drizzle run
(compare Figure 10). In addition, agreement with satellite LWP was improved.
The ﬁtting parameters for runs with and without drizzle screening are listed in Table 7. The correlations of
reﬀ and LWC were better for the run with drizzle. The agreement of LWP from the MWR changed because
time steps were added that were not included earlier due to drizzle screening. The integrated LWC agreed
better with the MODIS LWP with drizzle included. The correlation of COT was greater when drizzle was
included. Apart from reﬀ with a slope near 1 and small oﬀset, overall agreement was poor. Comparison
with MODIS products at 1.6 and 2.1 μm showed similar results. SYRSOC is based on the assumption of

Figure 10. Comparison of MODIS LWP with LWP from the ground-based MWR. Dots mark mean values, and error bars
span minima to maxima. The 1:1 line and linear ﬁt are shown in gray and black, respectively.
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Figure 11. Comparison of (a) reﬀ and (b) integrated LWC/LWP from MODIS and SYRSOC, including downdrafts and
drizzle. Dots mark mean values, and error bars span minima to maxima. The 1:1 line and linear ﬁt are shown in gray and
black, respectively.

a monomodal gamma size distribution, which thus does not include drizzle. Therefore, even including
time steps aﬀected by drizzle, a realistic representation of drizzle properties cannot be provided. This limits a comparison of our carefully selected data with an all-cloud average from MODIS. This work focusses
on temporal homogeneity over 10 min to a maximum of 1 h. This can include horizontally inhomogeneous clouds, especially since they are observed at a land-sea boundary. Surface inhomogeneity can aﬀect
cloud properties.

4. Conclusions
Ground-based remote sensing observations of cloud microphysical properties have been made at the coastal
site of Mace Head, Ireland, starting in 2009. Homogeneous single-layer nonprecipitating water clouds were
selected from a 6 year database. This comprehensive study of 118 cloud cases with a total of more than 18,000
data points (time steps) is statistically representative, compared to single case studies. It is, to the authors’
knowledge, the ﬁrst work analyzing a large number of stratiform liquid water clouds observed at a coastal site
over a period of more than 6 years using a synergy of three ground-based remote sensing instruments. The
size of the studied data set and the comprehensive air mass characterizations allow a robust interpretation of
the results.
Ground-based in situ measurements of aerosol concentrations also revealed the cleanest conditions in summer and highest aerosol concentrations in autumn and winter. Transport paths of air masses at cloud level
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were determined using back trajectories. Air mass characteristics showed lowest ground-level concentrations
in marine conditions and highest ground-level concentrations in continental conditions, as expected.
Cloud properties were classiﬁed according to prevailing cloud level air mass and season. Cloud base and top
altitudes were highest in summer and lowest in spring. Clouds in marine-modiﬁed air masses were the highest,
and cloud base altitudes were lowest in continental modiﬁed air. Cloud depth was slightly larger in autumn
and winter than in spring and summer. Mainly, marine and marine-modiﬁed air masses were observed in
summer, although the largest number of data points were obtained in this season. In summer, continental air
masses transported from Europe were probably characterized by thermodynamic conditions less favorable
for the formation of the stratiform clouds that were investigated here. Aerosol concentrations were lowest
during summer, which agreed well with the observed air mass types.
The results presented here conﬁrm the theory and previous ﬁndings of higher CDNC and lower reﬀ with greater
pollution. It is important to validate such theories on a statistically signiﬁcant scale, as was done by using
the large data set presented here. Generally, the median CDNC ranged from 60 cm−3 in marine air masses to
160 cm−3 in continental air. The median reﬀ ranged from 8 μm in continental modiﬁed air to 10 μm in marine
air. Droplet size distributions were broader in marine cases and narrower in continental cases. Overall, COT
and albedo were lower in cleaner air masses and higher in more polluted conditions, with medians of 2.1 and
4.9, and 0.22 and 0.39, respectively. However, the calculations of COT and albedo were strongly aﬀected by
the observed LWP and resulting subadiabaticity.
Comparison of SYRSOC results with MODIS observations showed a moderate correlation of reﬀ (R2 = 0.43) and
a rather poor agreement of COT (R2 = 0.19). No correlation was found between the integrated SYRSOC LWC
and MODIS CWP due to SYRSOC drizzle screening. Agreement was improved by rerunning SYRSOC without
drizzle screening, thus changing R2 of LWC from 0.04 to 0.14. Comparison of reﬀ with drizzle resulted in a slope
near 1 and a small oﬀset of −1 μm.
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This study ties together large data sets of multiple ground-based and satellite-borne sensors, using sophisticated analysis tools, in order to obtain thorough insights into cloud characteristics. It investigated cloud
microphysical properties under the inﬂuence of diﬀerent air masses and, hence, diﬀerent aerosol types and
concentrations. The number of cases spread over a period of more than 6 years, allowed a statistically sound
interpretation of the results. Generally, this work conﬁrms ﬁndings from case studies [Miles et al., 2000; Martucci and O’Dowd, 2011] and model studies [Rémillard et al., 2013]. Additionally, application of the method on
such a large scale contributes to the understanding of processes and eﬀects of aerosol-cloud interactions.
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Abstract. Retrieved from the Moderate Resolution Imaging Spectroradiometer (MODIS) on-board the Aqua satellite, 12 years (2003–2014) of aerosol and cloud properties
were used to statistically quantify aerosol–cloud interaction
(ACI) over the Baltic Sea region, including the relatively
clean Fennoscandia and the more polluted central–eastern
Europe. These areas allowed us to study the effects of different aerosol types and concentrations on macro- and microphysical properties of clouds: cloud effective radius (CER),
cloud fraction (CF), cloud optical thickness (COT), cloud liquid water path (LWP) and cloud-top height (CTH). Aerosol
properties used are aerosol optical depth (AOD), Ångström
exponent (AE) and aerosol index (AI). The study was limited
to low-level water clouds in the summer.
The vertical distributions of the relationships between
cloud properties and aerosols show an effect of aerosols on
low-level water clouds. CF, COT, LWP and CTH tend to increase with aerosol loading, indicating changes in the cloud
structure, while the effective radius of cloud droplets decreases. The ACI is larger at relatively low cloud-top levels, between 900 and 700 hPa. Most of the studied cloud
variables were unaffected by the lower-tropospheric stability
(LTS), except for the cloud fraction.
The spatial distribution of aerosol and cloud parameters
and ACI, here defined as the change in CER as a function of aerosol concentration for a fixed LWP, shows positive and statistically significant ACI over the Baltic Sea
and Fennoscandia, with the former having the largest values.
Small negative ACI values are observed in central–eastern
Europe, suggesting that large aerosol concentrations saturate
the ACI.

1 Introduction
Aerosols and especially their effect on the microphysical
properties of clouds are among the key components that influence the Earth’s climate. As the magnitude and sign of
such effects are not well known, understanding and quantifying the influence of aerosols on cloud properties constitutes a
fundamental step towards understanding the mechanisms of
anthropogenic climate change (Boucher, 2013).
As aerosols may act as cloud condensation nuclei (CCN),
an increase in their number concentration can lead to an increase in the number of cloud droplets in super saturation
conditions and a decrease in the cloud droplet radius. The decrease in the droplet effective radius resulting in an increase
of the cloud albedo, under the assumption of a constant liquid water path, is known as the Twomey effect (Twomey,
1977). The decrease in droplet size can also impact the precipitation cycle, as the smaller droplets require longer time
to grow into precipitating droplet sizes. Additionally, a possible decrease in the precipitation frequency of liquid clouds
increases the lifetime of clouds (Albrecht, 1989). These impacts of aerosols are called the first and second indirect effects.
A quantitative evaluation of the effects of aerosols on
clouds may be possible mainly in a statistical sense because
of the local interactions between meteorological conditions
and aerosols (Tao et al., 2012). Satellite-based remote sensing instruments can provide a large data set for statistical
analysis from long-term observations of the aerosol indirect
effect on a large spatial scale with daily global coverage,
complementing localized ground measurements and providing necessary parameters for climate models.
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A common approach in the satellite-based investigation of
the first aerosol indirect effect (AIE) is the concept of the
aerosol–cloud interaction (ACI), which relates the cloud optical thickness (COT), cloud effective radius (CER) or cloud
droplet number concentration (CDNC) to the aerosol loading. The aerosol loading is usually expressed by the aerosol
optical depth (AOD) or aerosol index (AI, defined in Sect. 3),
which are used as proxies for the CCN concentration.
Many studies describe the interaction between aerosols
and clouds through the correlation of the satellite-retrieved
aerosol concentration and cloud droplet size on a global or
regional scale. Inverse correlations on a global (Bréon et al.,
2002; Myhre et al., 2007; Nakajima et al., 2001) and a regional scale (Costantino and Bréon, 2010; Ou et al., 2013)
have been found, while Sekiguchi et al. (2003) and Grandey
and Stier (2010), applying satellite data on a global scale,
found either positive, negative or negligible correlations between the CER and AOD depending on the location of the
observations. Jones et al. (2009) emphasized that the ACI
should be inferred in aerosols or cloud regimes determined
on a regional scale, as the relevance of aerosol type, aerosol
concentration and meteorological conditions differs around
the world.
Areas located at high latitudes are excluded from most
of the studies due to a seasonal limitation of the satellite
coverage and a smaller number of observations when compared to the global averages over the year. Lihavainen et
al. (2010) compared in situ and satellite measurements to
quantify the ACI on low-level clouds over Pallas (Finland),
a northern high-latitude site, and concluded that the ACI values derived from ground-based measurements were higher
than those obtained from satellite observations. Unlike the
in situ instruments, the wavelengths used in the satellite retrievals constrain the detection of fine particles to those larger
than about 100 nm, thus making it impossible to account for
all CCN. Sporre et al. (2014a, b) combined aerosol measurements from two clean northern high-latitude sites with satellite cloud retrievals and observed that the aerosol number
concentration affects the CER, while no impact on the COT
was observed. As both studies focused on specific locations,
no information was thus provided on a larger scale in the
Baltic region. This work investigates whether the first indirect effect can also be observed by means of satellite-derived
observations over the Baltic Sea region, a region that offers a
northern clean atmospheric background (Fennoscandia) contrasted by a more polluted one (central–eastern Europe).
To determine whether it is possible to observe the response of the properties of low-level liquid clouds to different aerosol loadings in different atmospheric conditions,
12 years of aerosol and cloud properties available from the
Moderate Resolution Imaging Spectroradiometer (MODIS)
retrievals were investigated on a regional scale.
The satellite retrieval products are introduced in Sect. 2,
the approach adopted for the ACI analysis is described in
Sect. 3 and the results of the analyses are presented in Sect. 4.
Atmos. Chem. Phys., 17, 3133–3143, 2017

2 Data
The area covered in this study is situated at high latitudes
(50◦ N, 10◦ E, 70◦ N, 35◦ E). At these latitudes the solar
zenith angle (SZA) constrains the available satellite data set:
a large value of the SZA implies higher uncertainties on
the retrieved parameters. Due to the SZA and data coverage constraints, we limit the data set to the summer (June,
July, August) observations that were collected by the MODIS
instrument between 2003 and 2014. Data are analysed only
from the MODIS/Aqua platform that crosses the equator at
13:30 LT (local time), when the clouds are fully developed.
The MODIS Collection 06 Level 3 (C6 L3) product provides cloud and aerosol parameters at daily time resolution and at a regular 1◦ × 1◦ spatial grid. The application of
MODIS satellite data to ACI studies is often criticized for
the lack of coincidental aerosol and cloud retrievals. Studies
such as Avey et al. (2007), Bréon et al. (2002) and Anderson et al. (2003) showed that in the case of daily products
at 1◦ × 1◦ resolution it is unnecessary to individually couple
the aerosol and cloud measurements. Therefore, in this study
aerosol and cloud data are assumed to be co-located.
The MODIS C6 L3 product includes cloud microphysical parameters (CER, COT, cloud liquid water path (LWP))
with statistics (mean, minimum, maximum, standard deviation) determined at three different wavelengths (1.6, 2.1 and
3.7 µm) for each cloud phase (liquid, ice, undetermined) separately.
We filtered the MODIS cloud data according to the following criteria:
– Cloud parameters were only considered in the liquid
phase.
– To eliminate possible outliers, retrievals with a standard
deviation higher than the mean values were discarded.
– Observations with a mean cloud-top temperature less
than 273 K were eliminated to ensure only warm liquid
cloud regimes.
– The multilayer flag was applied to select only singlelayer clouds.
– Transparent-cloudy pixels (COT < 5) were discarded to
limit uncertainties (Zhang et al., 2012).
– The CER derived from the 3.7 µm wavelength was chosen since it has been shown to be less affected by the
subpixel heterogeneity (Zhang et al., 2012).
– To exclude precipitating cases, observations were discarded when the difference between CER at 3.7 µm and
CER at 2.1 µm was greater than 10 µm (Zhang et al.,
2012).
The science data sets (SDSs) for the atmospheric aerosol
information in the MODIS C6 L3 provide the AOD retrieved at several wavelengths and as a product from
www.atmos-chem-phys.net/17/3133/2017/
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the application of either the “Deep Blue” or “Dark
Target” algorithm, or a combination of both retrievals
(Levy et al., 2013; Sayer et al., 2014). The SDS
“Aerosol_Optical_Depth_Land_Ocean_Mean” is the sole
product providing the AOD at 0.55 µm globally, while the
other aerosol SDSs provide the AOD over land and water
separately. As C6 provides the Ångström exponent (AE) over
land only, the AOD at the wavelengths of 0.46 and 0.66 µm
present in both “Aerosol_Optical_Depth_Land_Mean” and
“Aerosol_Optical_Depth_Ocean_Mean” were used to derive
the AE globally as shown in Sect. 3.
To assess the effect of meteorological conditions on cloud
properties, the ECMWF ERA-Interim reanalysis data were
applied to derive the lower-tropospheric stability (LTS). Although not a ready-to-use product, the LTS is computed as
the difference between the potential temperature at 700 hPa
and at the surface (Klein and Hartmann, 1993), describing
the magnitude of the inversion strength for the lower troposphere.
3 Methods
After selecting the cloud parameters as listed in the previous section, the number of observations were binned for both
aerosol and cloud products. From the obtained histograms,
95 % of the most frequent ranges were selected from the total data set by filtering out 2.5 % of data from the extremes.
These statistically more robust data sets were used in further
analysis.
The product of the AOD, representing the columnintegrated optical extinction of aerosol at a given wavelength,
and the derived AE, describing the spectral dependency of
the AOD, results in a third aerosol property of interest, the
aerosol index (AI). The AI is used as a proxy for the finemode aerosol particles, which have a larger contribution to
the CCN than the coarse-mode particles (Nakajima et al.,
2001). MODIS Collection 6 provides the AE only over land.
To homogeneously estimate the AI over the Baltic Sea and
the surrounding land areas, the AE is evaluated by applying
equation
AE = −log(AODλ1 /AODλ2 )/ log(λ1 /λ2 )

(1)

to the wavelength pair of λ1 = 0.66 µm and λ2 = 0.46 µm,
which are available both over land and over sea. The C6
MODIS aerosol algorithm does not, however, allow the determination of the AE for coastal and inland water regions
(Levy et al., 2013). This would leave large parts of the Baltic
region under investigation in this work out of the analysis
(see Fig. 3b and c). For this reason, the ACI was analysed,
in addition to the AI, with the AOD. Seasonal mean values
of aerosol (AOD, AE, AI) and cloud parameters (CER, cloud
fraction (CF), COT) were computed for the period of 2003–
2014.
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Aiming to observe how the variation in aerosol conditions
influences cloud properties, we adopted the approach of Koren et al. (2005) to analyse the average vertical distribution of
the relationships between aerosols and cloud properties. The
AOD and AI data sets were firstly sorted in ascending order
and successively divided into five equally sampled classes
that represent the averages of aerosol conditions for each of
the classes. The cloud properties were then divided according to these AI and AOD classes and plotted as functions of
cloud-top pressure.
The response of the cloud properties to clean-versuspolluted aerosol conditions was studied spatially. The 25th
and 75th percentiles of the AI and AOD (AI–AOD) were
computed for each spatial grid point, the former constituting the upper limit for the AI–AOD values representing low
aerosol loadings and the latter representing the lower limit
for the AI–AOD values for heavy aerosol loadings. These
percentile values were then used to divide cloud parameters
for clean and polluted aerosol conditions. The difference between a cloud parameter value in low- and high-aerosol conditions is
1Cloud_X = Cloud_X25th percentile − Cloud_X75th percentile , (2)

where the considered cloud parameters, Cloud_X, are the
CER, cloud-top pressure (CTP), COT, CF and LWP. The
subscripts indicate that the cloud parameter is representative for clean atmospheric conditions, Cloud_X25th percentile ,
or for polluted atmospheric conditions, Cloud_X75th percentile .
The difference (1Cloud_X) between the cloud parameter Cloud_X in clean (Cloud_X25th percentile ) and polluted
(Cloud_X75th percentile ) aerosol evidences the impact of these
two aerosol cases on the parameter Cloud_X.
Matsui et al. (2006) found that aerosols impact the CER
stronger in an unstable environment (low LTS) than in a stable environment (high LTS) where the intensity of the ACI
is reduced due to the dynamical suppression of the growth
of cloud droplets. Following this result, we also compared
cloud microphysical properties with both the AI–AOD and
the LTS.
The area of this study was divided into three subregions
as presented in Fig. 1: Area 1 covers the Baltic Sea, while
Area 2 and Area 3 include only land pixels over Fennoscandia and central–eastern Europe respectively.
The ACI related to the CER was computed using the formulation from McCominsky and Feingold (2008):
ACI = −

∂ ln CER
∂ ln α

,

(3)

LWP

which indicates how a change in the CER depends on a
change in the aerosol loading α, given by either the AI or the
AOD, for a constant LWP. The ACI was computed by dividing the CER and the AI–AOD over LWP bins ranging from
20 to 300 g m−2 with an interval of 40 g m−2 and then by performing a linear regression analysis with the logarithms of
Atmos. Chem. Phys., 17, 3133–3143, 2017

3136

G. Saponaro et al.: Estimates of the aerosol indirect effect over the Baltic Sea region

Figure 1. The area covered in this study and its division into three
subregions: Area 1, the Baltic Sea, is represented by the colour blue;
Area 2, covering the land areas of Fennoscandia, is represented
by the colour green and Area 3, in red, includes the land areas of
central–eastern Europe.

the CER and α in each LWP bin. Two approaches were applied to present the ACI: in the first, the ACI were obtained
for each subregion and plotted as a function of the LWP,
while in the second approach the ACI was computed in a 2◦
spatial grid. In the grid approach we chose the LWP interval
that provided statistically significant ACI estimates for each
of the three subregions. The statistical significance is determined by the null hypothesis test scoring a p value < 0.05
(Fisher, 1958).
4

Results

Figure 2 presents the time series of AI and AOD averages
during the summer months from 2003 to 2014 for each
subregion. It is easy to see in Fig. 2 that these three areas have generally different aerosol conditions: within the
land subregions, the lower AI and AOD averages occur over
Area 2, while over Area 3 these values are higher during the entire period. Area 1, the Baltic Sea, is considered
as a third subregion per se due to the dominance of maritime aerosol conditions. The AI is highest over Area 3
(central–eastern Europe), with an overall AI mean value of
0.29 ± 0.03 (regional mean ± standard deviation), followed
by Area 1 (Baltic Sea) with a mean value of 0.20 ± 0.02,
while over Area 2 (Fennoscandia) the lowest AI mean value
of 0.16 ± 0.01 is found. Area 3 also presents the highest averages for the AOD, 0.22 ± 0.02, but Area 2 and Area 1
have comparable AOD values: 0.16 ± 0.02 and 0.14 ± 0.01
respectively.
The spatial variations of the aerosol and cloud properties are shown in Fig. 3. A decreasing south–north gradient of AOD is observed in Fig. 3a where the highest valAtmos. Chem. Phys., 17, 3133–3143, 2017

Figure 2. Time series of summer (JJA) averages for AOD (circles)
and AI (squares) for the three subregions. The three subregions are
colour-coded as in Fig. 1.

ues are found over Area 3 (northern Germany and Poland),
and the lowest are found over Area 2 (the Atlantic coast of
Norway and northern Sweden). While no discontinuities can
be seen for the AOD distribution over Area 1 and Area 2,
a clear distinction is evident in the AE (Fig. 3b). Indicating the dominance of fine particles, high values of the AE
are found over the entire Area 1, over the eastern part of
Area 3 and over the north-western part of Area 2. Low values (AE < 1) are only partially found over the land of Areas 2 and 3. The validity of the MODIS AE over land is
generally considered unrealistic. Nonetheless, in the case of
the dominance of fine-mode aerosols, the MODIS AE agrees
with AERONET (Levy et al., 2010), while disagreements occur in coarse aerosol cases (Jethva et al., 2007; Mielonen et
al., 2011). Over ocean, a good agreement between MODIS
AE and AERONET is found globally with the limitation of
AOD > 0.2 (Levy et al., 2015), a restriction that cannot be applied in our study area where the regional AOD is about 0.2.
As the sensitivity of AE to AOD errors is especially critical
for low AOD values, pixels with AOD < 0.2 are expected to
have a less-qualitatively accurate AE. Nevertheless, the AE
over Area 1 (Fig. 3b) matches the median range of 1.46–
1.49 obtained from a validation study that compares the AE
retrieved by SeaWiFS and MODIS Aqua or Terra with the
three AERONET stations over the Baltic Sea (Melin et al.,
2013). Comparable high AE values were collected by Rodriguez et al. (2012) from 2002 to 2011 at the subarctic ALOMAR Observatory (Andøya, Norway): the AE peaks during the summer season with a multi-annual mean and standard deviation of 1.3 ± 0.4. The AI (Fig. 3c) over Area 1 is
comparable to the values over Area 3, while the lowest values occur over Area 2. The spatial distributions of the cloud
properties (COT, CER, CF) are shown in Fig. 3d–f. As in
the aerosol case, Area 2 presents a distinctive discontinuity between land and water pixels (Fig. 3d–f). These results
are confirmed in Karlsson (2003), where Area 1 (the Baltic
www.atmos-chem-phys.net/17/3133/2017/
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Figure 3. Spatial distributions of AOD (a), AE (b), AI (c), COT (d), CER (e) and CF (f) averages for summer seasons between 2003 and
2014.

Sea) exhibits low cloudiness while high cloud amounts are
found over the Scandinavian mountain range (Area 2) and
the Norwegian Sea. Considering the theory of the first AIE,
that is, an increase in aerosol loading leads to larger CDNC
and smaller CER for a fixed LWP, the CER (Fig. 3e) shows
correlation with the AOD spatial distribution (Fig. 3a), while
the worst comparison is found between CER (Fig. 3e) and AI
(Fig. 3c). Over the Norwegian coast the high values of COT,
CER and the CF can be explained by high hygroscopicity of
sea spray aerosols, which makes these particles very efficient
CCN. Another feature of Fig. 3e is the low effective droplet
radius over Area 1 (the Baltic Sea). Unlike Area 3 (central–
eastern Europe), Area 1 does not match with any high aerosol
loading (Fig. 3a, c) when compared to the surrounding area.
In fact, the AOD over Area 1 is as low as in Area 2 (Fig. 2),
even though the CER is about 1–2 µm larger for these land
areas.
Figure 4 presents the 10-year average of the cloud properties, divided into five classes of the AI (Fig. 4a–d) and AOD
(Fig. 4e–h) plotted as a function of cloud-top pressure. It can
be observed that the lowest values of CTP correspond to the
higher classes of AI–AOD. Assuming the CTP to be an indicator of the cloud-top height, this may suggest an enhancement of the cloud vertical structure. This result was also
found by Koren et al. (2005), where convective clouds over
the North Atlantic showed a strong correlation between the
aerosol loading and the vertical development of the clouds.
Furthermore, the cloud droplet effective radius (Fig. 4a, e)
has smaller values in higher AI–AOD classes. The opposite
behaviour, lower average values corresponding to the lower
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classes of the AI–AOD can be seen for the COT (Fig. 4c, g)
and LWP (Fig. 4d, h), while the CF (Fig. 4b, f) shows a
weaker signal for both AI and AOD cases. Overall, Fig. 4
reveals that the cloud parameters are clearly affected by the
AI–AOD segregation at lower levels of CTP. For this reason,
we limit our data set to cloudy pixels where the CTP is between 700 and 900 hPa.
In Fig. 5 the CER is plotted as a function of AI for fixed
values of the LWP (five intervals as above) and the CTP (between 700 and 950 hPa, in 50 hPa bins). The highest AI in
Area 1 (the Baltic Sea) is around 0.35 for the lowest clouds
(CTP 900–950 hPa), decreasing to 0.3 for the highest clouds
(CTP 700–750 hPa). Over Area 2 (Fennoscandia) the aerosol
loading is not clearly connected to the cloud height, showing
a constant AI average of approximately 0.25. As expected,
Area 3 has the highest average of AI out of the three subregions, with values as high as 0.6 for the lowest clouds and
a small decrement for the highest clouds. The cloud droplet
size in Area 1 (the Baltic Sea) and Area 2 (Fennoscandia)
shows a strong negative correlation with the AI, while a weak
correlation is observed over Area 3 (central–eastern Europe).
Area 1 has no results for the high LWP bins: during summer
months few or no convective clouds form over the Baltic Sea
and mainly thin stratiform clouds are identified in the cloud
cover. Similar results are also found when the AOD is substituted by the AI (not shown).
Applying Eq. (2) to the cloud parameters, the impact of
low and high aerosol loading (1Cloud_X) on cloud properties (Cloud_X) is presented in Fig. 6. Resulting from a gridbased analysis, 1Cloud_X < 0 means that the observed cloud
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Figure 4. Cloud properties, 10-year averaged, as a function of
cloud-top pressure: CER (a, e), CF (b, f), COT (c, g) and LWP (d, h)
as functions of cloud-top pressure (CTP) for five classes of AI (a–
d) and AOD (e–h). Each class of AI–AOD contains an equal number of samples in that interval.

parameter Cloud_X has a larger value in polluted cases (AI–
AOD > 75th percentile) than in clean atmospheric conditions
(AI–AOD < 25th percentile) for that grid cell and vice versa
when 1Cloud_X has a positive value. As similar results were
obtained by applying the AOD and AI, only the results for
the AOD are shown. 1CF (Fig. 6a) presents only negative
values, suggesting that the CF is always significantly larger
in the polluted atmospheric conditions. The positive values
of 1CTP (Fig. 6d) over Area 2 (Fennoscandia) and Area 3
(central–eastern Europe) agree with the idea of the vertical
development of clouds for higher aerosol loadings (Fig. 4).
However, other factors, such as surface heating, might also
be contributing to the results: the presence of stronger turbulence over land cause the clouds to rise higher than in the
presence of lower turbulence, for example, over a cooler water surface. The CER (Fig. 6c) shows a different behaviour
over land (Area 3) than over water (Area 1). Over Area 3
1CER is predominantly negative: although small (< 2 µm)
negative values of the 1CER indicate that the CER is larger
over areas with higher aerosol loadings than over cleaner
areas. This result is in contradiction with the theory of the
AIEs. The presence of aerosol appears to have little or no
effect on 1COT (Fig. 6b) and 1LWP (Fig. 6e).
In an attempt to connect the link between aerosol and
clouds with meteorology, we evaluated the variability of lowAtmos. Chem. Phys., 17, 3133–3143, 2017

level liquid cloud properties as a function of aerosol conditions (AOD–AI) and lower troposphere stability (LTS). Figure 7 shows the cloud properties (LWP, CER, CF and COT)
plotted as a function of the LTS and AI–AOD. While the
CF shows a gradient for both directions of the LTS and the
AI–AOD, the other cloud variables (LWP, CER, COT) are
mainly affected by aerosols with little to no correlation with
changes in the LTS. Higher aerosol values correspond to a
smaller CER (Fig. 7b, f) and higher CF (Fig. 7c, g) and
LWP (Fig. 7a), in agreement with the AIEs, except for the
LWP (Fig. 7e), which decreases as a function of the AOD.
The LWP (Fig. 7e) shows a non-monotonic response by increasing when the AOD ranges between 0.3 and 0.4 because at high aerosol concentrations the cloud droplets are
smaller and less likely to precipitate, and furthermore the
LWP slightly decreases. A possible explanation of a better
correlation of the LWP with the AI than with AOD might be
found by looking at the LWP vertical distributions in Fig. 4,
which indicate a more distinctive separation of the LWP for
the AI-based classes than for AOD.
Figure 8 illustrates the ACI estimate for the CER (Fig. 8a)
and its corresponding correlation coefficient r (Fig. 8b) calculated for the three subregions as a function of the LWP bins
for both AOD and AI. The lines are colour-coded according
to the three areas as defined in Fig. 1. The ACI estimates for
Area 1 (Baltic Sea) are positive and statistically significant
for most of the LWP range, increasing, as a function of LWP,
from a minimum of 0.06 to a maximum of 0.16 and with
a corresponding r ranging from −0.1 to −0.53. The values
of the ACI for Area 2 range between 0.02 and 0.06, with
fewer statistically significant points and a smaller r than in
Area 1. The results collected over both Area 1 and Area 2
appear to be little affected by whether the AOD or AI is applied in the computation of the ACI. For Area 3, two points of
the ACI results are statistically significant but with very low
values for correlations (r < 0.1) for the first two bins of the
LWP and, unlike the other two subregions, they show a negative sign. The ACI values are statistically significant for the
three subregions for the first two bins of LWP and when the
AOD is chosen over the AI as α. With a combination of these
requirements, we derived the spatial distribution of the ACI
and r, which are shown in Fig. 9. Positive correlations are
found predominantly over Area 3 and scattered over Area 2,
while negative values cover the majority of Area 1 and, more
sparsely, Area 2. The relationship between CER and AOD is,
paradoxically, positively correlated over Area 3, suggesting
that high aerosol loading corresponds to larger cloud effective radius (Figs. 6c, 8, 9). One possible explanation might
be the indication of the relationship between CTP and AOD:
the CTP decreases for increasing AOD (Fig. 4), and at the
same time the CER increases with decreasing CTP (higher
altitude) in convective clouds (Rosenfeld and Lensky, 1998).
Nonetheless, this result must be treated with care because
other factors, such as hygroscopic effect, influence the rela-
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Figure 5. CER as a function of AI, stratified for subranges of CTP and LWP, for the three subregions. The legend on the right of the figure
lists the LWP bins.

Figure 6. Spatial distributions of the difference of the cloud properties CF (a), COT (b), CER (c), CTP (d), and LWP (e) for low aerosol
loading (AOD < 25th percentile) and heavy aerosol loading (AOD > 75th percentile) calculated from Eq. (2).

tionship between AOD and cloud parameters and cannot be
fully ignored.

5

Discussion and Conclusions

In this work we have studied the applicability of satellitebased information for quantifying the ACI over the Baltic
Sea region. Distinct subregional differences were found in
the estimates of the ACI related to the effective radius of
cloud droplets. No clear ACI results were observed for the
other cloud parameters, which suggests that these may be influenced by other factors, such as the local meteorological
conditions. The meteorological conditions are represented
here by the LTS, which was compared to the cloud parameters. The LTS is correlated with the CF, while no effect was
observed upon the other cloud parameters. In particular, there
www.atmos-chem-phys.net/17/3133/2017/

is no clear evidence of the effect of LTS on the interaction between aerosols and cloud effective radius.
One of the key aspects of this study was to find out whether
a rigorously filtered Level 3 MODIS data set can be applied
for ACI studies at a regional level. As the northerly location
of the region of interest here restrains the availability of the
MODIS observations to the summer months (JJA), one of the
challenges is the limited data coverage. Moreover, the selection of specific cloud regimes and the co-location of aerosol
and cloud observations are additional essential key factors
in building up a robust data set, which, however, further decreases the amount of data points available. As far as the authors know, no previous results on ACI from a satellite perspective are provided over this area.
This study shows that the different aerosol conditions characterizing the Baltic Sea countries have an impact on the ACI
and this can be also observed on a regional scale. According
Atmos. Chem. Phys., 17, 3133–3143, 2017
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Figure 7. Mean low-level liquid cloud properties plotted as a function of LTS and AI (a–d) or AOD (e–h).

Figure 8. ACI estimates computed for the CER as a function of
the LWP and by applying both the AI and AOD as proxies for the
CCN are shown in (a). The correlation coefficients are presented
in (b). The colour-coded lines refer to the three subregions determined in Fig. 1: Area 1 (blue), Area 2 (green) and Area 3 (red). The
line styles define whether the AOD or AI were used as the CCN
proxy, α. Markers signed with a cross represent points fulfilling the
null hypothesis (p value < 0.05), which are hence statistically significant.

to ACI theory, polluted atmospheric conditions are connected
with clouds characterized by lower cloud-top pressure, larger
coverage and optical thickness. However, the cloud effective
radius strictly follows the AIE’s theory only over Area 1 (the
Baltic Sea), which also agrees with the results presented by
Feingold (1997). As reported in this study, the CER retrieved
Atmos. Chem. Phys., 17, 3133–3143, 2017

Figure 9. Applying the AOD as a proxy for the CCN, estimates of
the ACI and correlation coefficient for the CER and for the interval
of the LWP between 20 and 60 g m−2 were calculated on a grid
basis. The obtained spatial distribution of the ACI is shown on the
left and the correlation coefficient is shown on the right.

in clean clouds is mainly affected by the LWP and aerosol
presence, while when detected under polluted conditions, it
additionally shows a high dependence on other factors.
The cleaner atmosphere characterizing Area 1 (the Baltic
Sea) and Area 2 (Fennoscandia) reveals statistically significant and positive ACI estimates between the CER and
AOD that are in agreement with the values obtained from
ground-based measurements collected at the sites of Pallas
and Hyytiälä in Finland and Vavihill in Sweden (Lihavainen
et al., 2010; Sporre et al., 2014b), while over the more polluted Area 3 (central–eastern Europe), the sensitivity to locally determine the ACI is smaller. It can be assumed that
www.atmos-chem-phys.net/17/3133/2017/

G. Saponaro et al.: Estimates of the aerosol indirect effect over the Baltic Sea region
more aerosols lead to a high concentration of the CCN and
this lowers the average droplet radius, as can be seen in
Fig. 3e when the radius is compared between areas located
south (high aerosol load) and north (low aerosol load) of the
Baltic Sea.
Our analysis of the ACI for the CER shown in Fig. 8 leads
to the following conclusions:
– The lowest values of the ACI can be seen over Area 3.
This is also the subregion with the highest average AOD
values, leading to the smallest cloud droplet size. A further addition of aerosol particles and thus possibly also
CCN does not decrease the cloud droplet size any further. Most of the ACI values are actually negative but
very close to zero.
– The positive ACI values for Area 2 show that the addition of aerosols to a relatively clean atmosphere does
decrease the droplet size.
– The AI over the land areas in the study should be considered unrealistic because the average inland AE can
have values below 1.
– The average AE over Area 1 has values as high as 1.4
to 1.5. These values, however, can be trusted and have
been evaluated by Melin et al. (2013).
– The low CER over Area 1 requires further explanation.
The most probable cause for the low values, based on
the MODIS cloud retrieval, is the relatively low cloudtop height over the sea. As cloud droplets generally
grow in size from the cloud base towards the cloud top
(McFiggans et al., 2006), Fig. 4 confirms that the average CER increases with the decreasing CTP. Furthermore, in Fig. 5 there is a distinctive lack of results for
high LWP values, indicating that there are fewer clouds
at higher top heights. These reasons altogether lead to
low values of the CER over Area 1 since the MODIS
instrument retrieves the droplet radius at cloud top, and
the top height CER results are low when compared to
the surrounding over-land values.
– The ACI over Area 1 has considerably higher values
than over the land subregions, and there is a difference
in the magnitude between the ACI values determined
using the AOD or AI. The clean maritime atmospheric
conditions lead to the high sensitivity of droplet size to
changes in fine-particle concentrations. The AOD and
AI difference in ACI, the latter being the higher, indicates that the ACI is caused by fine particles as expected.
Another way to assess the aerosol-induced changes in cloud
parameters would be to analyse time series to find out
whether dynamically decreasing or increasing aerosol loading has an effect on clouds. This sort of approach was not
attempted in this work.
www.atmos-chem-phys.net/17/3133/2017/
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Another important result of this work is the comparison of
the ACIs obtained using the AI and AOD, chosen as proxies for the CCN, in order to determine which option leads
to more realistic results. Even though theoretically the AI
would be a better parameter than AOD to indicate the presence of fine-mode aerosol particles, the impact of uncertainties of the derived AI might be substantial.
6 Data availability
All data used in this study are publicly available.
The satellite data from the MODIS instrument used in
this study were obtained from https://ladsweb.nascom.
nasa.gov/search/ (Saponaro, 2015a). The ECMWF ERAInterim data were collected from the ECMWF data
server http://www.ecmwf.int/en/research/climate-reanalysis/
browse-reanalysis-datasets (Saponaro, 2015b).
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Abstract.
The evaluation of modeling diagnostics with appropriate observations is an important task that establishes the capabilities and reliability of models. In this study we
compare aerosol and cloud properties obtained from three different climate models
5

ECHAM-HAM, ECHAM-HAM-SALSA, and NorESM with satellite observations using MOderate Resolution Imaging Spectrometer (MODIS) data. The simulator MODISCOSP version 1.4 was implemented into the climate models to obtain MODIS-like
cloud diagnostics, thus enabling model to model and model to satellite comparisons.
Cloud droplet number concentrations (CDNC) are derived identically from MODIS-

10

COSP simulated and MODIS-retrieved values of cloud optical depth and effective radius. For CDNC, the models capture the observed spatial distribution of higher values
typically found near the coasts, downwind of the major continents, and lower values
over the remote ocean and land areas. However, the COSP-simulated CDNC values
are higher than those observed, whilst the direct model CDNC output is significantly
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lower than the MODIS-COSP diagnostics. NorESM produces large spatial biases for
ice cloud properties and thick clouds over land. Despite having identical cloud modules, ECHAM-HAM and ECHAM-HAM-SALSA diverge in their representation of
spatial and vertical distribution of clouds. From the spatial distributions of aerosol optical depth (AOD) and aerosol index (AI), we find that NorESM shows large biases
1
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for AOD over bright land surfaces, while discrepancies between ECHAM-HAM and
ECHAM-HAM-SALSA can be observed mainly over oceans. Overall, the AIs from
the different models are in good agreement globally, with higher negative biases on the
Northern Hemisphere. We computed the aerosol-cloud interactions as the sensitivity
5

of dln(CDNC)/dln(AI) on a global scale. However, one year of data may be considered not enough to assess the similarity or dissimilarities of the models due to large
temporal variability in cloud properties. This study shows how simulators facilitate
the evaluation of cloud properties and expose model deficiencies which are necessary
steps to further improve the parametrization in climate models.

10

1

Introduction

A climate model is a powerful tool for investigating the response of the climate system
to various forcings, enabling climate forecasts on seasonal to decadal time scales,
and therefore can be used for estimating projections of the future climate over the
coming centuries based on future greenhouse gas and aerosol forcing scenarios (Flato,
15

2011). Based on physical principles, climate models reproduce many key aspects of
the observed climate and primarily aid to understand the dynamics of the physical
components of the climate systems.
The evaluation of modeling diagnostics is an important task that establishes the
capabilities and reliability of models. When key properties of the atmosphere (e.g.,

20

clouds, aerosols) are considered, the model assessment is relevant to assure that the
climate model correctly captures key features of the climate system. The interest in the
reliability of climate models reaches outside the scientific community, as these simulations will form the basis for future climate assessments and negotiations. Therefore,
understanding the level of reliability is a necessary step to strengthen the robustness

25

of climate projections and, if necessary, improve the model parametrizations for the
relevant processes.
For the evaluation of parametrizations of aerosol indirect effects in global models, satellite data have been proven to be useful (Quaas et al., 2009; Boucher et al.,
2013) as they provide large spatial coverage at suitable temporal resolution. Satellite

30

instruments measure the intensity of radiation coming from a particular direction in
a selected wavelength range. From the observed radiances, the geophysical quantities
are then inferred by inverse modeling using a retrieval algorithm.

2
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The compensation of modeling errors, the intrinsic uncertainties of observational
data, and the possible discrepant definitions of variables between models and observational data are major issues affecting the crucial task of model evaluation. For that,
satellite simulators have been developed to mimic the retrieval of observational data
5

and to avoid ambiguities in the definition of variables mentioned above. Simulators
recreate what the satellite would retrieve when observing the modeled atmosphere. By
reprocessing model fields using radiative transfer calculations, they generate physical
quantities fully consistent with the satellite retrievals. By including microphysical assumptions, which usually differ between models, inconsistencies in the simulators are

10

avoided. Hence, simulators represent a robust and consistent approach not only for the
application of satellite data to evaluate models, but also for model-to-model comparisons. Simulators have been widely used, and their implementation in several models
enables intercomparison studies on atmospheric variables, such as clouds, aerosols
(Quaas et al., 2009; Williams and Bodas-Salcedo, 2017; Zhang et al., 2010; Luo et al.,

15

2017), and upper atmospheric humidity (Bodas-Salcedo et al., 2011).
Two prominent examples of simulators are the International Satellite Cloud Climatology Project, ISCCP, (Klein and Webb, 2009; Yu et al., 1996) and the CFMIP
(Cloud Feedback Model Intercomparison Project) Observation Simulator Package,
COSP (Bodas-Salcedo et al., 2011). CFMIP is part of The Coupled Model Intercom-

20

parison Project (CMIP) (Eyring et al., 2016b; Webb et al., 2017), which is a framework
providing the modeling community with guidelines for the development, tuning and
evaluation of models (Eyring et al., 2016a, c). COSP is a software tool developed
within the CFMIP (Webb et al., 2017) which extracts parameters for several spaceborne active (CALIOP, CPR) and passive (MISR, MODIS) sensors.

25

In this study the COSP version 1.4 was implemented in three climate models,
namely ECHAM-HAM, ECHAM-HAM-SALSA and NorESM, and the diagnostic
outputs of the MODIS simulator were compared to MODIS observational data collected during the year 2008. The main goal of this study is to evaluate the models’ capability to realistically represent clouds by employing MODIS satellite observations

30

and its corresponding COSP simulator. A secondary goal of the study is to estimate
the aerosol-cloud interaction (ACI) through the use of cloud droplet number concentration (CDNC) derived from observed and COSP simulated values of cloud optical
thickness and effective radius. Also known as the first aerosol indirect effect (AIE)
or sensitivity, the ACI is as an indicator ratio defined as the change in an observable

35

cloud property (e.g., cloud optical depth, cloud effective radius, cloud droplet number
3
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concentration) to a change in a cloud condensation nuclei proxy (e.g. aerosol optical
depth, aerosol index, or aerosol particle number concentration). Originally introduced
by Twomey (1977), the topic of ACI is still a major uncertainty in understanding climate change (e.g. Lohmann et al., 2007; Quaas et al., 2009; Storelvmo, 2012; Flato
5

et al., 2013; Lee et al., 2016)). The analysis of aerosol-cloud interaction has been
reported in literature by a variety of methods: studies presenting results from global
scales (Feingold et al., 2001; Quaas et al., 2010) to regional scales (e.g. Saponaro
et al., 2017; Ban-Weiss et al., 2014; Liu et al., 2017, 2018) and in-situ observations
(e.g. Sporre et al., 2014), using different approaches, i.e. observations from satellites,

10

airborne and ground based instrumentation, or modelling.
The choice of observations and spatial scale of a study presents intrinsic uncertainties when quantifying aerosol-cloud interactions, and some of them relate to spatial
or temporal limitations or artifacts (McComiskey and Feingold, 2012). When considering satellite observations, cloud and aerosols properties are provided at a quite

15

comprehensive spatial and temporal coverage; however several aspects bring challenges in the analysis of these observations. The primary artifacts known to affect
satellite estimation of aerosol-cloud interactions are related to (1) the inability of untangling aerosol and cloud retrievals from meteorology (e.g. aerosol humidification,
entrainment, cloud regimes dependency), (2) inaccuracies in the retrieval algorithms

20

(e.g. twilight zone, contamination, statistical aggregation) and (3) assumptions in the
retrieval algorithms (Koren et al., 2007; Oreopoulos et al., 2017; Christensen et al.,
2017; Wen et al., 2007).
In this work, the Cloud Feedback Model Intercomparison Project (CFMIP) Observation Simulator Package (COSP) (Bodas-Salcedo et al., 2011) is implemented in

25

three climate models to obtain satellite-like diagnostics that enable a direct comparison with satellite retrieval fields. In particular, we focus on liquid cloud properties,
which are used to derived CDNC. Cloud droplet number concentration is computed
for both satellite observations and satellite-simulated values in a consistent way using an algorithm presented in Bennartz (2007). Aerosol-cloud interactions (ACI) are

30

quantified by dln(CDNC)/dln(AI). By considering the changes in CDNC, it is possible
to isolate the microphysical component of the ACI without the need for constraining
the liquid water path.
In Section 2 we provide details of the MODIS data, the models, and the COSP simulator. Section 3 presents the methods used in the analysis of the data. The evaluation

35

of the simulator cloud diagnostics with MODIS satellite data on a global scale is pre4
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sented in subsections 4.1 and 4.2, while the ACI results are shown in subsection 4.3.
Conclusions are summarised in Section 5.
2

Data

2.1
5

MODIS

The Moderate Resolution Imaging Spectrometer (MODIS) is a 36-channel radiometer
flying aboard the Terra and Aqua platforms since 2000 and 2002, respectively, which
views the entire Earth’s surface every 1 to 2 days, thus representing an extensive data
set of global Earth observations. MODIS delivers a wide range of atmospheric products including aerosol properties, water vapour, cloud properties, and atmospheric sta-

10

bility variables.
We consider data for the year 2008 from MODIS-Aqua since its equatorial crossing
time (13:30 local time) ensures a more complete development of the cloud during its
daily cycle. MODIS Level-1 (L1) products are geo-located brightness and temperature
values, which are elaborated into geophysical data products at Level-2 (L2), and ag-

15

gregated onto a uniform space-time grid at Level-3 (L3). We used the latest Collection
6.1 daily MODIS/Aqua MYD08L3, which is a regular gridded Level-3 daily global
product (Hubanks et al., 2016). It contains daily 1◦ x 1◦ gridded average values of
atmospheric aerosols properties and cloud optical and physical properties, along with
a suite of statistical quantities, which are derived from the corresponding L2 atmo-

20

sphere data product. The dataset is limited to observations made during daytime, as
these contain a richer set of retrievals and better accuracy in cloud detection.
The Level-2 MODIS aerosol products provide information regarding the aerosol
loading and aerosol properties over cloud-, snow-, and ice-free land and ocean surfaces at a spatial resolution of 10 km x 10 km. The primary aerosol product is the

25

aerosol optical depth (AOD), derived globally at the wavelength of 550 nm, while the
other parameters accounting for the aerosol size distribution, such as the Ångström
exponent (AE) or fine-mode aerosol optical depth, are only derived over ocean (Levy
et al., 2013). Additionally, the aerosol index (AI) can be derived by multiplying AOD
by AE. The MODIS aerosol products have been extensively validated using highly-

30

accurate observations made by the Aerosol Robotic Network (AERONET) (Sayer
et al., 2014) showing good agreement with in-situ measurements. The uncertainty in
MODIS retrievals of AOD from validation studies (Levy et al., 2007) was quantified
at 0.03 + 0.05×τA over ocean and 0.05 + 0.15×τA over land, where τA is the refer5
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ence AOD value from AERONET. In this study we primarily focus on the analysis of
liquid cloud properties. However, MODIS aerosol data (Levy et al., 2013) is needed
to assess aerosol-cloud interactions.
The Level-2 MODIS physical and optical cloud properties are derived trough a
5

combination of infrared emission and shortwave reflectance techniques at a spatial
resolution varying from 1 km to 5 km, depending on the parameter (Platnick et al.,
2017). Collection 6.1, which is used in this work, provides cloud optical parameters
divided into different products accordingly to the cloud phase and retrieved at wavelengths of 2.1 µm, at 1.6 µm and 3.7 µm (Hubanks et al., 2016; Platnick et al., 2017).

10

As the COSP simulator simulates cloud properties at 2.1 µm, the same wavelength
is selected in the MODIS observations for both ice and liquid clouds. MODIS offers
two scientific L3 cloud fractions datasets, namely the cloud mask cloud fraction and
the cloud optical properties cloud fraction (datasets with prefix ’Cloud Fraction’ and
’Cloud Retrieval Fraction’, respectively). From now on we refer to the cloud mask

15

cloud fraction as CF, and to the cloud optical properties cloud fraction as COP CF.
While the CF counts the proportion of the pixels classified by the cloud mask as
cloudy or partly cloudy, the COP CF counts the proportion of the pixels for which
cloud optical properties have been successfully derived. The main difference between
these two definitions roots in the approach of handling partly cloudy pixels. As the

20

task of the cloud mask is to identify fully clear pixels, partly cloudy pixels are counted
as cloudy in CF, while in the COP CF they are counted as clear because the retrieval
algorithm aims to include only fully cloudy pixels. The different treatment of partly
cloudy pixels directly impacts the number of cloud pixels, and consequently many
other retrieved cloud properties. Therefore differences are expected in our results and

25

as already reported by Pincus et al. (2012). MODIS observations are here used as a reference dataset. However, MODIS data contains its own errors and limitations. Many
studies compared MODIS liquid cloud microphysical properties with in-situ and airborne campaign measurements finding strong correlations for COT but a systematic
significant overestimation of MODIS cloud-top droplet effective radius (CER) for ma-

30

rine stratus and stratus cumulus clouds due to possible instrument limitation and algorithm retrieval assumptions (e.g. Noble and Hudson, 2015; Painemal and Zuidema,
2011; Min et al., 2012). A good CER correlation between MODIS and in-situ data was
however observed by e.g. Preißler et al. (2016) for marine warm stratiform clouds at
higher latitudes. A bias in MODIS CER is propagated into the derivation of MODIS

35

LWP, which also shows a positive bias with respect to the observations (e.g. King
6
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et al., 2013; Noble and Hudson, 2015; Painemal and Zuidema, 2011; Min et al., 2012).
Overestimated MODIS LWP were also found over a high-latitude measurement land
site (e.g. Sporre et al., 2016) for clouds from all altitudes in the atmosphere. Marchant
et al. (2016) showed that the C6 cloud phase discrimination algorithm is significantly
5

improved over C5 but some situations continue to be problematic over regions located
at higher latitudes (i.e., polar areas, Greenland, and large desert areas).
In this study, we derive CDNC following the method presented in Bennartz (2007)
and this additional cloud parameter is used in the computation of ACI. More information is provided in Sect. 3.2.

10

2.2

COSP - The CFMIP Observation Software Package

The simulator COSP (Bodas-Salcedo et al., 2011) is a publicly available software
package (https://www.earthsystemcog.org/projects/cfmip/) developed by the CMIP community (Webb et al., 2017). It consists of a module coded in FORTRAN90 which
simulates cloud properties and can be implement in any model.
15

The simulator’s working principle is based on using climate model fields to mimic
radiances to which a retrieval algorithm is applied to obtain satellite-like fields for the
comparison with satellite observations.
This process is summed up in three main phases. As model grids are very coarse
(∼100 km), the model fields are first down-scaled: each model gridbox mean profile

20

is broken into subcolumns, whose size is more representative of a satellite retrieval
area (∼10 km). Next, each sub-column profile is processed by a forward radiative
transfer model to create synthetic radiances at the satellite retrieval area-level. The last
step aggregates the simulator outputs to produce diagnostics (for example temporal
averages and histograms) statistically comparable to the real satellite observations. A

25

comprehensive explanation about the methodology and results of the COSP MODIS
simulator is presented in Pincus et al. (2012).
2.3

Models

2.3.1 ECHAM-HAM
ECHAM-HAMMOZ (echam6.3-ham2.3-moz1.0) is a global aerosol-chemistry cli30

mate model (Schultz et al., 2018; Kokkola et al., 2018; Tegen et al., 2019; Neubauer
et al., 2019) where ECHAM refers to the atmospheric model of the model configuration, HAM to the aerosol model, and MOZ to the chemistry model. In this study only
7
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the global aerosol-climate model part of ECHAM-HAMMOZ is used. Instead of the
comprehensive MOZ chemistry model, sulphate chemistry is calculated in HAM for
which the details have been given by Zhang et al. (2012) and references therein.
ECHAM-HAMMOZ, referred to as ECHAM-HAM, consists of the general circu5

lation model ECHAM (Stevens et al., 2013) coupled to the latest version of the aerosol
module HAM (Tegen et al., 2019) and uses a two-moment cloud microphysics scheme
that includes prognostic equations for the cloud droplet and ice crystal number concentrations as well as cloud water and cloud ice (Lohmann and Diehl, 2006; Lohmann
et al., 2007, 2008; Lohmann and Hoose, 2009).

10

Next to the two-moment cloud microphysics scheme the stratiform cloud scheme
includes an empirical cloud cover scheme (Sundqvist et al., 1989).
The cirrus scheme is based on Kärcher and Lohmann (2002) and described in
Lohmann et al. (2008), cloud droplet activation uses the Abdul-Razzak and Ghan
(2000) parameterization, the autoconversion of cloud droplets to rain follows the method

15

from Khairoutdinov and Kogan (2000), immersion and contact freezing in mixedphase clouds follows the scheme from Lohmann and Diehl (2006), and cumulus convection is represented by the parameterization of Tiedtke (1989) with modifications
developed by Nordeng for deep convection.

20

Simulations were performed at T63 (1.9◦ × 1.9◦ ) spatial resolution using 31 verti-

cal levels (L31) and COSP v1.4. Horizontal winds and surface pressure were nudged
towards the ERA-Interim (Dee et al., 2011) reanalysis for 2008, and observed sea sur-

face temperatures and sea ice cover for 2008 were used (Taylor et al., 2000). Threehourly instantaneous output was used. The COSP output is almost instantaneous as it
is the three hour average over two hour time steps i.e. 50% of the values are instanta25

neous and the other 50% are an average over two time steps.
2.3.2

ECHAM-HAM-SALSA

ECHAM-HAM-SALSA is identical to the ECHAM-HAM setup (echam6.3-ham2.3moz1.0), with the difference that the sectional aerosol module SALSA (Kokkola et al.,
2008, 2018) is used instead of the modal model M7 used in the ECHAM-HAM
30

setup. SALSA calculates the aerosol microphysical processes: nucleation, coagulation, condensation, and hydration. In this setup, the aerosol model HAM applies also
the sectional scheme for the rest of the aerosol processes, i.e. emissions, removal,
aerosol radiative properties, and aerosol-cloud interactions. In addition to differences
in the aerosol size distribution scheme, also the wet deposition schemes differ between
8
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the ECHAM-HAM and ECHAM-HAM-SALSA setups. In addition, while ECHAMHAM uses the cloud activation parameterization for modal models (Abdul-Razzak and
Ghan, 2000), SALSA uses the activation parameterization for the sectional representation (Abdul-Razzak and Ghan, 2002). Along with the details of these differences, the
5

implementation and the evaluation of SALSA with the ECHAM-HAMMOZ model
version which is used in this study has been presented by Kokkola et al. (2018).
Similarly to ECHAM-HAM, simulations were performed at T63 (1.9◦ × 1.9◦ ) spa-

tial resolution using 47 vertical levels (L47) and COSP v1.4. Horizontal winds and
surface pressure were nudged towards the ERA-Interim (Dee et al., 2011) reanaly10

sis for 2008, and observed sea surface temperatures and sea ice cover for 2008 were
used (http://www-pcmdi.llnl.gov/projects/amip/). Three-hourly instantaneous output
was used.
2.3.3

NorESM

The Norwegian Earth System Model (NorESM) (Kirkevåg et al., 2013; Bentsen et al.,
15

2013; Iversen et al., 2013) is largely based on the Community Earth System Model
(CESM) model (http://www.cesm.ucar.edu) but uses a different ocean model and a
different aerosol scheme in the Community Atmospheric Model (CAM) (Neale et al.,
2010).
The aerosol scheme in the NorESM version of CAM, called CAM-Oslo, can be

20

described as an aerosol life cycle scheme which calculates production tagged mass
concentrations of different aerosol species (Kirkevåg et al., 2018).
In the current simulations, the NorESM model was run with the CAM-Oslo version
5.3 (Kirkevåg et al., 2018) which is configured with the microphysical two moment
scheme MG1.5 (Morrison and Gettelman, 2008; Gettelman et al., 2015) for strati-

25

form clouds. The scheme includes prognostic equations for liquid (mass and number)
and ice (mass and number) and a version of the Khairoutdinov and Kogan (2000)
autoconversion scheme where subgrid variability of cloud water (Morrison and Gettelman, 2008) has been included. The aerosol activation into cloud droplets is based
on Abdul-Razzak and Ghan (2000) and the heterogeneous freezing in CAM5.3-Oslo

30

is based on Wang et al. (2014) with a correction applied to the contact angle model
(Kirkevåg et al., 2018). Moreover, CAM5.3-Oslo has a shallow convection scheme
(Park and Bretherton, 2009) and a deep convection scheme (Zhang and McFarlane,
1995). The simulation was run with the Community Land Model (CLM) version 4.5
(Oleson et al.) with satellite phenology. Included in CLM is the Model of Emissions
9
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of Gases and Aerosols from Nature (MEGAN) version 2.1 (Guenther et al., 2012)
which interactively calculates the emissions of biogenic volatile organic vapors. Both
isoprene and monoterpenes take part in the formation of secondary organic aerosol
in CAM5.3-Oslo. The sea surface temperatures and sea ice in the simulation were
5

prescribed monthly averages for the years 1982-2001.
The resolution for the simulation was 0.9◦ × 1.25◦ and the surface pressures as

well as horizontal winds were nudged against ERA-Interim reanalysis data (Berrisford
et al., 2011) from 2008. CAM-Oslo was run with COSP version 1.4 producing threehourly instantaneous outputs.

10

3

Methods

3.1 Post-processing of the datasets
The comparison of satellite retrievals and model variables is not always straightforward. Satellite-retrieved physical quantities may be derived slightly differently than
the corresponding parameters in the model, and differences can be attributed to dis15

crepancies in the retrieved quantities viewed from space versus model fields (i.e.
retrieval assumptions, sensor limitations, spatial resolution) (Bodas-Salcedo et al.,
2011). In this study we aim at highlighting the differences between observations and
models which stem from different aerosol and cloud physical parametrization by using
the COSP satellite simulator. Satellite simulators, such as COSP, represent a compro-

20

mise between model fields and retrieved fields. Simulators use model fields to reproduce what the satellite sensor would see if the atmosphere had the clouds of a climate
model. By taking the characteristics of the MODIS instrument into account, COSP
generates simulated fields of cloud parameters which can be quantitatively compared
to MODIS observations. The COSP diagnostics are then successively aggregated to

25

the simulator outputs and are provided at the original model resolution. Prior to their
intercomparison, post-processing of the COSP diagnostics and satellite data is necessary for obtaining a robust evaluation. COSP-derived parameters are in the original
model resolution and represent grid-averaged values. As MODIS observations are grid
values representative only of in-cloud pixels, the COSP grid-averaged values are di-

30

vided by the corresponding cloud fractions. The three-hour outputs from the models
were aggregated to daily averages and successively re-gridded and co-located by linear interpolation onto the finer satellite regular grid of 1◦ ×1◦ . Each grid cell point

of cloud variables from MODIS observations and MODIS diagnostics was screened
10
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using a minimum threshold of 30% of cloud fraction to minimize the source of errors introduced by the retrieval algorithm and to ensure the existence of large-scale
clouds. The screening does not introduce a significant loss in the data pool and provide grounds for a robust intercomparison as also shown in Bennartz (2007) and Ban5

Weiss et al. (2014). For each time step, only grid points having a valid observation
simultaneously in each one of the four datasets were included in the final dataset for
the statistical analysis.
The MODIS algorithm retrieves cloud properties in the proximity of the top of a
cloud while the direct model outputs provide values through the entire vertical struc-

10

ture of a simulated atmospheric column. To overcome this issue, when comparing the
direct model output CDNC and satellite-derived CDNC, for each grid box we selected
the CDNC value at the top of the modeled cloud. Additionally, we selected only gridpoints with temperature T > 273◦ K to exclude mixed-phase and ice clouds.
Note that all discussed cloud parameter are diagnosed using satellite simulators and

15

are compared to the corresponding MODIS satellite observations. However, we use
two direct model diagnostics in the study:
– AOD, which is used to derive the AI, a proxy for cloud condensation nuclei for
the computation of ACI
– CDNCdirect , which is compared with COSP-simulated and MODIS-derived estimates

20

3.2

Cloud droplet number concentration (CDNC)

The CDNC were derived from CER and COT from MODIS observations and COSP
simulations by combining Eqs. (6) and (9) from Bennartz and Rausch (2017) in the
following equation:

25

CDNC = γ · COT0.5 · CER−2.5 ,
where COT is cloud optical thickness, CER is the cloud droplet effective radius and
γ = 1.37 · 10−5 m0.5 (Quaas et al., 2006). The assumption of not accounting for

temperature effect and setting γ as a bulk costant applies rather well to the stratiform

clouds in the marine boundary layer but less so for convective clouds (Bennartz, 2007;
30

Rausch et al., 2010).

11
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3.3

Aerosol-cloud-interaction (ACI) computation

The aerosol-cloud-interaction (ACI) is defined here as the change in the selected cloud
property, CDNC, to a change in AI, which is used here as a proxy for cloud condensation nuclei (CCN):

5

ACI =

dln(CDNC)
dln(AI)

The CDNC was computed from the CER and COT from the COSP-MODIS simulations and MODIS retrievals. Additionally, AI was derived from ECHAM-HAM,
ECHAM-HAM-SALSA, and NorESM MODIS-COSP diagnostics, and MODIS satellite observations following Feingold et al. (2001). The mean values and standard de10

viations of the parameters involved in the computation of ACI are presented in Table
1. We discarded pixels retrieved when liquid cloud fraction is ≤0.3 to reduce noise-

contamination and to focus on large-scale clouds. The screened parameters were used
to derive CDNC.

The ACI was calculated globally for each season. When computing ACI for large
15

areas, the ACI of each gridbox needs to be weighted by the corresponding number of
data points (Grandey and Stier, 2010). This step was included in the post-processing
of the datasets.
4

Results

4.1
20

Global bias distributions

In this section we compare on a global scale aerosol and cloud properties from the
three models by subtracting MODIS retrievals from the modeled COSP diagnostics.
From now on we will refer to the difference between the simulated parameters and
MODIS retrieved values using the term bias.
Overall, the spatial distributions of the biases always show large discrepancies

25

around the polar and ice-covered areas, such as Greenland and Antarctica. Over these
areas large discrepancies are expected due to the inaccuracy of the MODIS retrieval
algorithm due to viewing geometry (i.e. large zenith or viewing angles) and to correctly classify opaque clouds, snow/ice surfaces and optically thin clouds over really
bright or warm surfaces (Marchant et al., 2016).

12
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Figure 1 presents the differences between the MODIS-COSP cloud fraction diagnostics and COP CF for ice clouds CFice (Fig. 1b-d), and liquid clouds CFliq (Fig. 1fh), as well as the differences between MODIS total COP CF (Fig. 1j-l), and CF (Fig.
1n-p). Additionally, for each comparison the MODIS spatial distribution is presented
5

as reference (Fig. 1a,e,i,m). It was already highlighted in section 2.1 that the cloud
fraction retrieved from the optical properties (CFice , CFliq and COP CF) excludes
partly cloudy pixels, representing a limitation in the comparison of the data. Thus,
lower values of MODIS COP cloud fractions are expected. A widespread positive bias
is observed for CFice and CFliq , indicating higher values of the COSP-simulated cloud

10

fractions than the MODIS observations. Prevalent cloud regimes can be recognized in
the bias distributions. ECHAM-HAM and ECHAM-HAM-SALSA well represent the
amount of ice clouds which are generally found in the intertropical convergence zone
(ITCZ) and the marine subtropical stratocumulus and stratus regions, whereas liquid
clouds are better represented over land areas and in the subtropical stratocumulus re-

15

gion. NorESM shows positive biases for ice cloud amount over stratus clouds regions
and around the ITCZ, but shows smaller biases for liquid stratus cloud regimes than
ECHAM-HAM and ECHAM-HAM-SALSA
The total cloud fraction bias shows a positive bias between the MODIS-COSP CF
simulated by the three models and MODIS COP CF (Fig. 1j-l) and a negative bias

20

when MODIS CF is considered (Fig. 1n-p). Consequently, MODIS CF is higher than
the MODIS COP CF product. This outcome is to be expected, and possibly originates
from the different treatment in the MODIS algorithm of partly cloudy pixels in the
computation of CF and COP CF, as discussed in section 2.1. Additionally, all models
underestimate CF in marine subtropical stratocumulus regions.

25

The spatial distribution of the cloud physical and optical properties is remarkably
similar among the datasets with the exception of CERice , IWP (Fig. 2 d and l) and
COT (Fig. 3g,k) for NorESM. These strong biases are explained by the fact that in
the NorESM COSP 1.4 implementation code includes radiative active snow in the
computation of the effective radius and optical thickness of ice clouds. However, this

30

does not affect the properties of liquid clouds.
CERice and IWP are underestimated in ECHAM-HAM and ECHAM-HAM-SALSA.
This is likely caused by the cirrus scheme which does not account for heterogenous
nucleation or pre-existing ice crystals during formation of cirrus clouds (Neubauer
et al., 2019; Lohmann and Neubauer, 2018). Interestingly, dissimilarities can also be

35

observed between ECHAM-HAM and ECHAM-HAM-SALSA, despite the fact that
13
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the models share the same cloud module. ECHAM-HAM CERliq is on average 5µm
smaller than in ECHAM-HAM-SALSA in the mid-latitude belt, and ECHAM-HAMSALSA CERliq is larger around the polar areas (Fig. 2g) and shows a large positive
bias for LWP over ocean (Fig. 2o) in comparison to ECHAM-HAM. LWP is also
5

overestimated by NorESM but over land areas (Fig. 2p), while ECHAM-HAM shows
a good agreement with MODIS (Fig. 2n).
The evaluation of COT shows homogeneous results and comparable values of root
mean square errors (Fig. 3) with the exception of NorESM COT biases for ice and
liquid clouds which are particularly high over land. It appears that some tuning pa-

10

rameters, for example the autoconversion parameter, are particularly low and affect
the convection scheme by suppressing precipitation, thus creating thick clouds. The
comparison of the differences between the biases of ECHAM-HAM and of ECHAMHAM-SALSA shows localized differences over India, China and Russia for IWP
(Fig. 2j,k) and over China for water cloud COT (Fig. 3e,f). These are also regions

15

where aerosol microphysics has a fundamental role as shown in Kokkola et al. (2018).
ECHAM-HAM and ECHAM-HAM-SALSA generally overestimate COT. The atmospheric model ECHAM shows a similar estimation when running without an aerosol
model. This overestimation has been previouslt reported by Stevens et al. (2013).
Figure 4 shows global biases for CDNC derived from the MODIS retrievals and

20

the COSP diagnostics following the method presented in Sect.3.2 (Fig. 4b-d), and
the daily averages of the direct output of the models (Fig. 4e-g). The differences between MODIS-COSP diagnostics and MODIS observations are very clear. Overall
the MODIS derived CDNC is lower than that derived from COSP simulated values, but higher than the direct output values. Consequently, the CDNC from direct

25

model output is lower than MODIS-COSP diagnostics, as also found by Ban-Weiss
et al. (2014). Possible explanations could be either related to the COSP method for
deriving CERliq and COTliq or the approach used for deriving CDNC from CERliq
and COTliq . The biases between CDNC COSP-derived and modeled direct values are
very different, but within each product the biases are similar, although local differ-

30

ences are observed. For example, the CDNC values from ECHAM-HAM-SALSA are
lower in the polar regions and higher in the mid-latitude belt in comparison with the
ECHAM-HAM and NorESM diagnostics. Local differences can also be observed in
the direct output where ECHAM-HAM-SALSA shows higher values of CDNC over
the oceans in the southern Hemisphere (Fig. 4f). A direct comparison of CDNC de-

35

rived from MODIS-COSP simulated variable and the model CDNC direct outputs is
14
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shown in the supplementary material. ECHAM-HAM and ECHAM-HAM-SALSA
were run with identical tuning parameter settings which were optimized for ECHAMHAM. This choice was made to distinguish the differences in aerosol-cloud interactions coming from different aerosol microphysics modules. The differences in CDNC
5

between these two model setups originates from the cloud activation schemes, i.e. for
HAM the modal cloud activation scheme of Abdul-Razzak and Ghan (2000) and for
HAM-SALSA the sectional cloud activation scheme (Abdul-Razzak and Ghan, 2002).
The cloud activation scheme of ECHAM-HAM-SALSA produces a higher number of
CDNC than ECHAM-HAM (Fig. 4c) because SALSA microphysics module simu-

10

lates generally higher number of particles larger than 100 nm in diameter which act as
cloud condensation nuclei. Despite the higher CDNC, CERliq. seems to be larger in
ECHAM-HAM-SALSA than in ECHAM-HAM which is unexpected when assuming
that both model version have similar LWC. This discrepant result may be explained by
the fact that in ECHAM-HAM LWC is lower than in ECHAM-HAM-SALSA as a re-

15

sults of a systematically higher IWC. Thus, the CERliq diagnosed by ECHAM-HAM
is also smaller despite of less CDNC. Differences in convective detrainment are likely
linked with the result. In fact, a higher cloud droplet freezing rates are simulated in
ECHAM-HAM-SALSA (except near the Equator) which could suggest reduced sedimentation of ice crystals less condensate being detrained as ice (and more as liquid)

20

in ECHAM-HAM-SALSA than ECHAM-HAM.
Figure 5 presents AOD and AI biases. The values of AI from direct model output
and MODIS observations are quite close with an average bias of +0.2. The main divergence is observed in the ECHAM-HAM bias where higher AI values are simulated
around the mid-latitude belt. Tegen et al. (2019) found indications that the particle

25

size of mineral dust and sea salt aerosol particles may be too small in ECHAM-HAM.
More discrepancies can be observed in the AOD bias: ECHAM-HAM-SALSA AOD
values are higher over ocean, and NorESM AOD are much higher over deserts and
other bright surfaces (such as Africa and Australia). Other localized distinctions in
aerosol loading distribution can be observed over regions which are typically strongly

30

affected by primary emissions (such as the Sahara, India, Southeast Asia, Russia,
Canada, central Africa, and South America). The different representation of size distribution, microphysical processing of aerosols and sink processes has a significant
effect on the modelled AOD as shown for the aerosol module SALSA2.0 by Kokkola
et al. (2018). The overestimation of AOD in the tropical oceans and underestimation

15
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of AOD at higher latitudes and over land in ECHAM-HAM has also been found by
Tegen et al. (2019).
4.2

Joint histogram

The analysis of the CTP-COT joint histogram enables to determine how well the data
5

sources represent the vertical cloud structures and regimes. Figure 6 shows the comparison of the simulated and observed global mean cloud fraction as a function of
cloud top pressure and cloud optical thickness. ECHAM-HAM and ECHAM-HAMSALSA (Fig. 6a,b) show a nearly identical result by concentrating a large fraction of

10

clouds at low level (CTP ≤ 680 hPa) and in the interval 3.6 ≤ COT ≤ 23. NorESM

(Fig. 6c) also concentrates its largest amount of clouds at low levels in the same COT

interval as in Fig. 6a and Fig. 6b, but detects also a higher fraction (about 2-2.5%) of
optically thick clouds 9.4 ≤ COT ≤ 60 throughout the atmosphere. A second cloud
fraction peak is observed for optically thin clouds (COT ≤ 1.3) at very high levels

15

(180 ≤ CTP ≤ 310) for NorESM. This bimodal distribution resembles the vertical

distribution of the MODIS cloud fraction shown in Fig.6d. The MODIS observations

are mostly in the category of high-level clouds (CTP ≤ 440 hPa) and low-level clouds

(680 hPa ≤ CTP). MODIS shows on average more mid-level clouds than NorESM

and a higher fraction at low-level for 3.6 ≤ COT ≤ 23 similarly to ECHAM-HAM
and ECHAM-HAM-SALSA. Figure 6e shows the differences in cloud vertical distri-

20

bution where MODIS is generally having the highest cloud fraction except for midlevel. MODIS also presents the highest percentage of clouds for COT ≥ 3.6. NorESM

and MODIS detects nearly the same amount of clouds for 1.3 ≤ COT ≤ 3.6, while

for optically very thin clouds (COT ≤ 1.3) a good agreement is obtained between all
datasets and NorESM shows the highest percentage of cloud fractions.
25

4.3

Aerosol-cloud interactions

The global daily mean values of CDNC and AI were used to assess how clouds are
affected by the changes of the CCN proxy. Uncertainties were computed as the 95%
confidence intervals using daily averages. Positive estimates of ACI indicate an increase of CDNC as a function of AI, which could be an indication of the aerosol in30

direct effects. The potential limitations to this approach are further discussed in Sect.
5.
Figure 7 shows estimates of ACI on a global scale, including both land and ocean,
for each season and, separately, for the entire period under study as ’All’. The same
16
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analysis is iterated on a regional scale and presented in the supplementary material
(Fig.S4) Error bars are representative of the boundaries of the 95% confidence interval. ACI from the model results is generally positive suggesting that changes in AI are
connected with an increase of CDNC and the trend seems to be independent of the
5

time of the year. The modeling ACI estimates are similar in the models; however, the
results are statistically indistinguishable owing to fully overlapping confidence bars
(Cumming et al., 2007). MODIS ACI estimates show negative values for the winter months (DJF), especially over the Northern Hemisphere (Fig.S4). As the global
estimates include land areas, these negative values could be indicative of retrieval bi-

10

ases over bright surfaces (i.e. snow or ice). Furthermore, negative ACI values may be
associated with the presence of different types of aerosol (i.e. hydrophobic aerosol
such as dust, black carbon) and their proximity to clouds, which may affect or inhibits the growth of cloud droplets (Chen et al.; Jiang et al., 2018; Costantino and
Bréon, 2013). Over ocean negative ACI values from MODIS observations have been

15

systematically found over subtropical marine stratuscumulus regions (i.e. N. Atlantic
Ocean, N.America, S.Atlantic Ocean). In these regions Chen et al. (2014) found a decrease in LWP with increasing AI for non-precipitating scenes. Additionally, negative
ACI values were suggested owing to wet scavenging or mixing of environmental air
by entrainment (Ackerman et al., 2004). While both processes affect LWP, CDNC is

20

not necessarily changing. This indicates limits in the derivation of CDNC from retrieved quantities for MODIS. Also water uptake by aerosol particles and effects of
meteorology can have a significant impact on the estimation of ACI derived from the
relationship between CDNC and AI (Neubauer et al., 2017).
Cloud properties (Fig. 2 and Fig. 3) are more similar for ECHAM-HAM and ECHAM-

25

HAM-SALSA, which share the same atmospheric model, rather than between the
two and NorESM. Nevertheless, the ACI estimates show good agreement between the
three models and, even more important, with ACI derived from MODIS observations.
5

Summary and Conclusions

The differences between observed and modeled aerosol and cloud properties can be
30

related to many factors, among which are the different parametrizations of aerosol
and cloud physical processes in the models, or differences in observation characteristics by satellite, as well as meteorological influences on aerosol-cloud interactions. In
this study we focus on the differences due to the physical parametrization of aerosol

17
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and cloud properties, and minimize the impact of the other factors. This objective
was achieved by using a satellite simulator, which resolves the issue related to the
incongruities between model and satellite views, and by nudging modeled winds to
meteorological observation, solving the discrepancies between observed and modeled
5

meteorology.
The results show that the aerosol module in a climate model, in our case ECHAMHAM and ECHAM-HAM-SALSA, has a smaller effect on the simulation of cloud
properties than switching to another atmospheric model, NorESM. However, the three
models differ from each other in the spatial and vertical representation of clouds. The

10

COSP cloud fraction diagnostics are comparable to MODIS products but the difference between the two MODIS products of total cloud fractions is significant. Despite having identical cloud modules, ECHAM-HAM and ECHAM-HAM-SALSA
diverge when comparing liquid water cloud properties yet both fail to represent high
level clouds. The discrepancies between ECHAM-HAM and ECHAM-HAM-SALSA

15

may originate from different amounts of activated droplets and different ice nucleation
rates. While the NorESM cloud vertical distribution is closer to MODIS, large biases
are found globally for cloud droplet size and water content in ice clouds due to the
contribution of radiatively active snow (Kay et al., 2012). The inclusion of radiatively
active snow in the physical model and the COSP module mitigates the underestimation

20

of model mid-level and high clouds but heavily impacts the magnitude of the global
values of the cloud properties in ice clouds.
The differences observed in the simulation of cloud properties are reflected in the
estimations of ACI. ACI is generally larger for ECHAM-HAM and NorESM, while
being lower for ECHAM-HAM-SALSA and MODIS where the latter is the only

25

dataset leading to negative ACI values possibly owing to the linkages between aerosol
and cloud type and their location in the atmosphere.
Although satellite simulators allow robust comparisons, their reliability is flawed
when the observational data is not well explained or the simulator itself fails to address specific characteristics. Therefore, their strengths and weaknesses need to be

30

accounted for as to successfully use simulation diagnostics in model-observation comparisons as illustrated in details by Pincus et al. (2012), and Kay et al. (2012) to successfully use simulator diagnostics in model-observation comparisons. For example,
simulators have limitations in depicting horizontally heterogeneous cloud regimes as
they do not account for sub-pixel clouds which may explain the differences in the de-

35

tection of small cloud fractions between observations and models. However, simulator
18
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and observational errors are here neglected because we considered them to be less important in the explanation of the model biases. The observed biases in the modeled
clouds could originate from errors in the model calculation as well from the cloud
parametrization; the identification of the specific reasons for these discrepancies is
5

beyond the scope of this study.
The results presented here indicate that the cloud droplet number concentration appears to be more sensitive to changes in aerosols in models than observations and
these results are in agreement with many previous studies found in the literature (e.g.
Ban-Weiss et al., 2014; Quaas et al., 2004; McComiskey and Feingold, 2012; Pen-

10

ner et al., 2011). Some of the differences in the ACI estimates from satellites and
models could be associated with limitations in satellite measurements. For example,
the estimates of ACI might suffer from an averaging effect due to the large spatial
averages of satellite aerosol and cloud properties. L3 data can introduce spurious relationships between aerosols and cloud properties (e.g. McComiskey and Feingold,

15

2012; Christensen et al., 2017), and provide a rather limited pool of data samples
enabling the analysis only over large regions. This was not explored in this study because we used the same spatial resolution for both the true model estimate and for
the satellite-based model estimate for the ACI. Neubauer et al. (2017) performed a
detailed study on the impact of meteorology, cloud regimes, aerosol swelling, and

20

wet scavenging on microphysical cloud properties using ECHAM-HAM. The results
highlight that a minimum distance between cloud and aerosol gridded data should be
taken into account, and that dry aerosols should be selected to reduce the influence of
aerosol growth due to humidity. Similarly to our results, Neubauer et al. (2017) find
a systematical overestimation of the sensitivity of modeled LWP and CDNC com-

25

pared to MODIS observations, and often a disagreement in sign in the comparison
of cloud parameters. The results suggest that the derivation of CDNC from satellite
observations may be limited by entrainment mixing of environmental air or precipitation. Furthermore, the models can not resolve the entrainment mixing at the top of
stratocumulus clouds, which puts the LWP sensitivity to aerosol change in the mod-

30

els into question. In conclusion, this study identified limitations and deficiencies in
the models, and their acknowledgment is important for the model development process and the correct interpretation of modelling diagnostics. We highlighted many
discrepancies in cloud spatial and vertical representations and the results showed that
the three models overall similarly represent the stratocumulus cloud regime being un-

35

derestimate when compared to MODIS. We discovered that IWC is systematically
19
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lower in ECHAM-HAM-SALSA than in ECHAM-HAM due to a higher cloud droplet
freezing rate which consecutively triggers a reduced sedimentation of ice clouds. This
outcome explains the contradictory result in ECHAM-HAM-SALSA that shows the
largest global averages for CER among the models despite having the highest number
5

of CDNC. Further investigation is needed to explain the differences in ice cloud properties between ECHAM-HAM and ECHAM-HAM-SALSA. The clouds simulated by
NorESM are too thick over land and this issue is not only seen in COSP-variables but
also in the default model output due to a very low autoconversion parameter which
caused the suppression of precipitation over land, thus thicker clouds. Additionally,

10

in support to Ban-Weiss et al. (2014), the study revealed that the direct model CDNC
is systematically larger than the values derived from COSP-diagnostics and MODIS
observation.
Finally, we point out that the model deficiencies identified here may lead to an
improvement of model parametrization and to more robust results. As future work,

15

a regional-based analysis would enable a better understanding of the physical processes responsible for the model biases. Additional research should be conducted to
evaluate the aerosol-cloud-interaction following the approach suggested by Neubauer
et al. (2017). These further steps would potentially benefit the modeling community
interested in climate applications.

20
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Figure 1. Annual global mean bias in cloud fraction. The bias represents the difference between MODIS-COSP diagnostics from ECHAM-HAM, ECHAM-HAM-SALSA, NorESM and
MODIS observations. COSP-simulated total ice and liquid cloud fractions are compared with
MODIS retrieval ice fraction (b-d), and with MODIS retrieval liquid cloud fraction (f-h), respectively. COSP-simulated total cloud fraction is compared with MODIS retrieval total cloud
fraction (COP CF) (j-l), and cloud mask cloud fraction (CF) (n-p). Pixels with liquid cloud fraction ≤ 30% are screened.The averages represent in-cloud values. High latitudes (Lat > 60◦ N

or Lat > 60◦ S) are excluded in the computation of the root mean square error (RMSE). MODIS
spatial distribution is presented as reference (a,e,i,m).
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Figure 2. Annual global mean bias in cloud effective radius and water path. The bias represents
the difference calculated subtracting MODIS observation to MODIS-COSP diagnostics from
ECHAM-HAM, ECHAM-HAM-SALSA, and NorESM. Ice cloud effective radius (CERice )
from MODIS-COSP is compared with MODIS observations in (b)-(d) and liquid cloud effective
radius (CERliq ) in (f)-(h). The biases related to the comparison of COSP-simulated ice water
path (IWP) are showed in (j)-(l) and for liquid water path (LWP) in (n)-(p). Pixels with liquid
cloud fraction ≤ 30% are screened. The averages represent in-cloud values. Pixels with liquid
cloud fraction ≤ 30% are screened. Values are in-cloud concentrations. High latitudes (Lat >
60◦ N or Lat > 60◦ S) are excluded in the computation of the root mean square error (RMSE).
MODIS spatial distribution is presented as reference (a,e,i,m).
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Figure 3. Annual global mean bias in cloud optical thickness for ice clouds (b-d), liquid water clouds (e-g) and total (combined ice and water clouds) COT (i-k) between MODIS and
ECHAM-HAM, ECHAM-HAM-SALSA, and NorESM. The bias represents the difference between MODIS-COSP diagnostics and MODIS observations. Pixels with liquid cloud fraction
≤ 30% are screened. The averages represent in-cloud values. High latitudes (Lat > 60◦ N or
Lat > 60◦ S) are excluded in the computation of the root mean square error (RMSE). MODIS

spatial distribution is presented as reference (a,d,h).
,
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Figure 4. Cloud droplet number concentration (CDNC) annual mean bias.The bias represents the difference between CDNC derived from MODIS-COSP diagnostics and MODIS
observations(b-d), and the model direct outputs and MODIS observations (f-h). Pixels with
liquid cloud fraction ≤ 30% are screened. The averages represent in-cloud values. High lati-

tudes (Lat > 60◦ N or Lat > 60◦ S) are excluded in the computation of the root mean square
error (RMSE). MODIS spatial distribution is presented as reference (a,e).
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Figure 5. Aerosol Index (AI) (b-d) and Aerosol Optical Depth (f-h) annual mean bias. The
bias represents the difference between the model direct outputs and MODIS observations. High
latitudes (Lat > 60◦ N or Lat > 60◦ S) are excluded in the computation of the root mean square
error (RMSE). MODIS spatial distribution is presented as reference (a,e).
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Figure 6. Vertical distribution analysis. Cloud fraction as a function of cloud top pressure
and optical thickness for (a) ECHAM-HAM, (b) ECHAM-HAM-SALSA, (c) NorESM and
(d) MODIS. The color scale represents the cloud fraction percentage. (e) Cloud fraction as a
function of CTP (sum of all optical depth ≥0.3, and (f) cloud fraction as a function of COT
(sum of all CTP layers for each COD-bin).
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Figure 7. Global estimates of the aerosol-cloud interaction (ACI) computed as the changes of
ln(CDNC) to ln(AI). CDNC are derived from corresponding daily grid points of LWP and COT
from MODIS observations and COSP-MODIS outputs following Bennartz (2007). Global ACI
values are calculated by season and for the entire period (1 January 2008 – 31 December 2008).
Uncertainties estimates are calculated as 95% confidence interval from the daily values.
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Table 1. Annual global in-cloud mean value ± standard deviation for the parameters used in
the study. If a grid point has CF ≤ 30%, the point is set to fill values in all the datasets. The
process leads to a reduction of 35% of datapoints in each dataset. ’CF all’ is not screened for
CF ≤ 30%.
CF all

CF

LWP gm−2

CER µm

MODIS

0.68± 0.35

ECHAM-HAM

0.56 ± 0.36

0.83 ± 0.21

140 ± 142

15.3 ± 4.7

Source

ECHAM-HAM-SALSA
NorESM

0.56 ± 0.36

0.63 ± 0.34

0.70 ± 0.21

0.70 ± 0.20

0.42 ± 0.28

29

106 ± 83

168 ± 159

161 ± 133

COT

CDNC cm−3

18.5±18.7

82 ± 82.12

11 ± 1.9

9.6 ± 11.9

11.9 ± 2.7

28.3 ± 53.6

12.5 ± 3.5

9.9± 11.9

168 ± 122

177 ± 183
167 ± 124

AI
0.15±0.20
0.14±0.20
0.11±0.18
0.17 ± 0.26
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Table 2. Summary of the the models used in the study.
Model

Reference

Resolution

Aerosol scheme

Cloud microphysics

ECHAM-HAM

Tegen et al. (2019)

1.9◦ lat ×1.9◦ lon,

HAM 2.3-M7

2-moment scheme

1.9◦ lat ×1.9◦ lon,

HAM2.3-SALSA

2-moment scheme

0.9 ◦ lat × 1.25 ◦ lon,

OsloAero

2-moment scheme

31 levels

ECHAM-HAM-SALSA

Kokkola et al. (2018)

31 levels

NorESM

Kirkevåg et al. (2018)

30 levels

30
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